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Research in Nano-science and Nano-materials
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Time
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9:50 to 10:30
10:30 to 11:00
11:00 to 11:45

Partha Goswami

11:45 to 12:30
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Research in Complex Fluids
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14:00 to 15:00
15:00 to 16:45
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Dr. Jotwani

Chandra
Venkataraman
Sachin
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Title / Event
Research in Reaction Engineering and Separation
Processes
Open interaction session with faculty members working
in reaction engineering and separation processes
Tea Break
Research in Process Systems Engineering
Open interaction session with faculty members working
in process systems engineering
Lunch Break
Knowledge Resources at IIT Bombay
SAIF and Library visits
Tea Break
Research in Climate
Feedback and Closing Session

Bio-engineering and Bio-materials Research

July 2, 2014
Supreet Saini
Assistant Professor, ChE, IIT Bombay
saini@che.iitb.ac.in
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(Bernhard Palsson, UCSD)
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Living cell…fundamental unit of life.
• Diversity,
• Size,
• Complexity – 1000s of entities.
• What do they do?
• A mini chemical reactor
(1000s in a cell)
[tongue vs. eye]

(from Bernhard Palsson, UC Davis)
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Reaction map inside a human cell…
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Reaction networks in living cells are modular…
• What makes a cheek cell different from
a cell in the eye?
• Different type of cells have different
reactions in the ON state,
• A single cell may have different
reactions ON at different times
• Cells turn reactions ‘ON’, ‘OFF’, or tune
their strength according to need,
E.g., Sugar utilization,
Attack by Antibiotic
• This property makes analysis of living
cells as a reactor difficult.
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How is modularity enforced in a cell?
Flow of information in a living cell…
1. Signaling.
Env. Stimuli (glucose)
Signal protein

2. Regulation (Processing).

Cell Boundary
3. Metabolism.

Glucose Æ Energy
Protein

DNA
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1. Metabolic Engineering
• Improve yield of products (of commercial
interest) of reactions – pH, temperature,
composition of media, rpm, scale-up,
• Metabolic Analysis – computationally
modeling networks to gain insights,
• Tweaking reaction networks to improve
yields,
• Incorporating novel reactions in a
network.
7

2. Systems Analysis
•
•
•
•
•
•

Topology of network,
Stability,
Reproducibility,
Sensitivity,
Noise,
Dynamic Response.

<flagella movie>

• Example flagella – fluid mechanics,
material science, evolution,
dynamics & control, foreman in the
assembly process?
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3. Bioinformatics
• Human genome length?
• Number of proteins? (fruit fly?)
• Evolution – Aristotle, Darwin…
The infinite variety in life can be arranged in a
continuous series in which each link is
indistinguishable from the next (4th century BCE)

(Wikipedia, Phylogeny)

Sequence Analysis for:
• Evolution Tree,
• Speciation,
• Genetic diseases.
(Charles Darwin, 19th Century)
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4. Biomaterials

• Drug delivery and tissue engineering applications.
– Joint replacements,
– Joint Plates,
– Artificial ligaments,
– Heart Valves,
– Contact lenses.
• Stability, biocompatibility, controlled release.
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4. Synthetic Biology - incorporating synthetic features
inside cells…
• Incorporation of additional/synthetic DNA enabling cells to
perform desired functions…

• Engineering bacteria to produce ethanol/butanol,
• Production of antibiotics (and other commercialchemicals),
• Designing and engineering biosensors.
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5. Moving towards synthetic life and ethical concerns…

(www.bbc.co.uk)
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Bio-engineering & Bio-materials research at IITB
–
–
–
–
–
–
–
–

K.V. Venkatesh
Sarika Mehra
Pramod Wangikar
Supreet Saini
Santosh Noronha
Ganesh Viswanthan
Jayesh Bellare
Sameer Jadhav

–
–
–

Sharad Bhartiya
Mahesh Tirumkudulu
Rajdip Bandyopadhyaya
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K. V. Venkatesh (Connecting genotype to phenotype)
•

Engineering systems are quantified to a level that they are designed,
optimized and optimally operated.

•

In the last decade Biology has rapidly evolved to be a quantitative science.

•

Principles of system science can be applied to biology: Systems Biology

• Robustness, Sensitive, Adaptive, Controllable, Respond to uncertain
environment, Noise mitigation, Memory and learning systems

• Human metabolism (disease), cellular models for simple bacteria,
chemotaxis in bacteria.
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Sarika Mehra (Genomics and Systems Biology)

•
•
•
•

Cells as chemical factories (antibodies),
Stress response in pathogenic bacteria,
Mechanisms of antibiotic resistance in bacteria,
Elucidation of cellular networks.
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Pramod Wangikar (Cyanobacteria & biofuel production)
• Cyanobacteria are photosynthetic prokaryotic organisms and
have potential in carbon dioxide capture and bioenergy.
• Objectives include:
– Understanding genetic regulation involved in carbon capture.
– Understanding the metabolic fluxes in bioenergy production
– Optimization of the processes.

• Methods include techniques of microbiology, molecular
biology, microarray, bioinformatics, etc.

• Production of chirally pure chemicals.
• Fermentation – modeling, optimization, and monitoring.
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Supreet Saini (Information processing in living cells)

• Theoretical questions of evolution of networks,
• How do cells count?, &
• Control of hierarchical expression in bacteria (pathogens).
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Santosh Noronha
(Bioprocess development and Bioinformatics)
Overall themes include integrated bioprocess development and
Bioinformatics.
Bioprocess development: Objectives: Metabolite/protein production,
enhanced biocatalysis (microbial systems) by simultaneously looking at
protein, cell, and reactor engineering aspects.
Approaches:
a) Rational protein design: Using genetic engineering approaches to alter
protein structure/function;
b) host cell alteration: understanding transcriptional regulation and then
manipulating it (mutations, knockdowns, recombinant expression)
c) Reactor control & optimization.
Bioinformatics: Application of multivariate statistical techniques towards
learning patterns in biological data
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Ganesh Viswanathan
(Noise Propagation during signaling)
• Stochasticity or noise or fluctuations caused by the random nature of the
biochemical reactions and by variations in environmental conditions

• Affects decisions made by cells
• Noise propagation may strongly influence the outcome of TNFD, an anticancer drug, treatment

• Mathematical Modeling:
1)
2)
3)
4)

Systematic stochastic/deterministic modeling method
Stochastic simulator
Nonlinear dynamics and bifurcation analysis tools
High-performance sensitivity analysis tool
19

Jayesh Bellare (Biomaterials & Bioreactors)
•
•
•
•

Nanotechnology-based Biomaterials for Tissue Engineering
BioMaterials and Bioreactors for Maximum Expansion of Stem Cells
Synthetic bone substitutes
Synthetic scaffolds for cell / tissue growth

• Nanocomposites as Synthetic Bone Substitutes:
Ceramic nanoparticles + Polymers
= Polymer-Ceramic Nanocomposites
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Sameer Jadhav
(Cell Mechanics, Biomaterials, & Drug Delivery)
•
•
•
•

Liposome synthesis and cellular uptake for drug delivery applications
Cell-biomaterial interactions under simulated blood flow
Single cell tracking in microfluidic devices
Modeling and Simulation of microfluidic devices

Microfluidic devices

Liposome uptake by cancer cells
21

Questions?
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Interfacial Engineering
Workshop on Recent Advances in
Chemical Engineering Research
TEQUIP-KIT
July 03, 2014
1

Topics to be Covered
• Characteristics of Interfaces
• Wetting and Spreading
• Surfactants, Adsorption,
Flocculation and colloid stabilization
• Emulsions and Microemulsions
• Foams
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Characteristics
of Interfaces

3

Types of Interfaces
Three-phase

Two-phase

• Gas-Liquid

• Gas-Liquid-solid

• Liquid-Liquid

• Gas-Liquid-Liquid

• Solid-Liquid

• Liquid-Liquid-solid

Surface with very small thickness

• Liquid-Liquid-liquid
Line with very small thickness

gas
gas
liquid
liquid

Gas-liquid Interface

solid

Gas-liquid-solid Interface
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Surface and Interfacial Tension
Interaction Energy Diagram
Interface

d

J :Interfacial tension

d
Bulk
Force

Mechanical analogy of interfacial tension

Curved interfaces
G

PG

'P

G

Young-Laplace equation

PG

PL
PL ! PG

L

PL

PL  PG

2J
R

L

Water strider

Capillary effect
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Cracking and Shrinkage during drying of solids

Cracking of soil during drought

Cracks in old paintings
Cracking of paint during drying

Pa  'P
Low pressure in capillaries

Shrinkage of Potato slice during drying in hot air

Drying of silica Aerogel
6

Capillary Origami

Pi et al. Phys. Rev. Lett., 98, 156103 (2007)

Clumping of wet hair

Flower Floating on Water
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Kelvin Equation
§ 2JV ·
exp ¨
¸
© rRT ¹

a
a0

a

Activity is higher if radius is smaller
1. Vapor pressure is lower in small capillaries
2. Small crystals have higher solubility

a0

r
Ostwald Ripening

Capillary condensation

PVA

0

PVB  PSat

PVB  PVC  PSat

PVD

Pmax  PSat

P
Psat

§ 2JV ·
exp ¨ 
¸
© rRT ¹
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Interfacial Rheology
Interfacial viscosity

Dilatational elasticity

Interfacial Viscometer

Dynamic surface tensiometer
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Marangoni Effect
*
fs

&
 sJ

wJ *
wJ *
 sT 
 sC
wT
wC

*
f s = Stress along the surface

J = Interfacial tension
Tears of wine
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Interfacial Instabilities
J

J

J

Benard Instability

Interfacial Turbulence
Toluene
Ethanol

water
Rayleigh Instability

11

Retraction of Water Drops Striking Hydrophobic surface
•
•

In treatment of plants with herbicides and pesticides sprays, the outer waxlike layer of the leaves causes sprayed droplets to rebound.
Often less than 50% of the initial spray is retained by the plant.

1. Use of a small amount of
high molecular weight
water soluble polymer can
reduce this rebound
substantially.
2. Possible reason: increase
in the dilatational
elasticity of the drop
a. Pure water drop
b. water drop containing 4X106 Da PEO at 0.1g/L.
Surface: glass hydrophobized by coating of stearic acid
Bergeron et al., Nature, 15, 772, 2000

Destabilization of interfaces using Electric Field

Lithography Induced self Assembly
Electrospinning

Electrocoalescer
Electro-desalter in a refinery
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Wetting and
Spreading

14

Contact angle
Liquid drop on solid surface

vapour
liquid
solid

JLV
T
JSL

At equilibrium
JSV

J SV

J SL  J LV cos T
Young equation

For spreading

Spreading of pesticide on crop

J SV t J SL  J LV
Unidirectional spreading by structuring the surface

Spreading should be fast for
high efficiency
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Super-hydrophobic Surfaces

Rolling of Drop on
Super-hydrophobic surface

cos T rough

r cos T smooth Wenzel Equation

surface coated with alkylketene dimer
109o

Smooth Surface

174o

Fractal surface
16

Examples of superhydrophobic surfaces

How to make water not
stick to hydrophilic surface
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Surfactants

18

Surfactants
Hydrophilic head
oil

oil

water

water

Amphiphile
Hydrophobic tail

High surface density -> low J
Tail entropy decreases
nonionic

Mixed Surfactants
help to reduce J

anionic
cationic
Amphoteric

19

Uses of Surfactants
Enhanced oil recovery

Emulsifier
Detergency, wetting, cleaning and cosmetic formulations
Emulsifiers- food, pesticides,
Drag reduction
Rheology control
Protein crystallization
Microemulsions- pharmaceauticals, oil recovery
Bilayers/ liposomes- membrane, drug delivery
Catalysis, material synthesis
20

Pulmonary Surfactants
Phospholipids
•protect against alveolar collapse
•defend against inhaled pathogens,
•act as anti-inflammatory and antioxidant.
•Helps breathing by improve lung
compliance

Exhalation

Inhalation

Normal state
Surface tension: 25 mN/m

Surface tension higher

Surface tension lower

Lack of surfactant in premature babies: respiratory failure
alveolar storage pool of approximately 100 mg/kg of surfactant
Premature babies have only 4-5 mg/kg surfactant at birth

Survanta - extracted from minced cow lung
21

Artificial Lung surfactant

Surfactant Films

Wilhelmy
plate
Barrier

Subphase

Dipper control
Pomacea canaliculata Foot Funnel.

Trough

Substrate

Langmuir Balance

E
s-plane

p-plane

p-plane

Ti

E

s-plane

Ellipsometer
22
Fresnel reflection coefficients for p and s-polarized light, respectively.

Research Challenges
• Modifying interfaces: surface energy, spreading
characteristics, hydrophobicity, surface charge, electrical
conductivity, color.

• Interfacial rheology: Measurements and
implications

• Capillary/ Kelvin effects: exploiting them
• Stabilizing and destabilizing the interfaces
• Rheology of concentrated surfactant
solutions and liquid crystals : study and exploit
them

23

Emulsions and
Microemulsions
24

Dispersions, Emulsions, suspensions

Dispersion: Thermodynamically unstable

Suspension of Flour in water

Ways in which suspensions destabilize

Ways in which emulsions break

25

Examples of Emulsions

Cream
Emulsion of Propofol( water-soy oilegg lecithin) for intravenous injection.

Milk

paint
Sun-screen Lotion

26

Destabilizing/ stabilizing Suspension using polymer
Bridging Flocculation
Long polymer, low concentration,
Strong adsorption, good solvent

Depletion Flocculation
no adsorption, high polymer
concentration, theta solvent,

- -

- -

-

-

- -

- -

-

-

Steric Stabilization

Electrostatic Stabilization

Long polymer, high concentration,

Polyelectrolyte , Strong adsorption,
water as solvent
27

Strong adsorption, bad solvent

Microemulsions
When interfacial tension is reduced to extremely low
value, say <1PN/m, then we get microemulsion

J'A  T'S , 'S

 Rnoil ln xoil , 'G J'A  T'S p as noil n
Fluid Interface

Rigid Interface

Microemulsions
•Thermodynamically stable

o

•Transparent

w
Surfactant + alcohol

Surfactant alone
Surfactant

•Can be both water/oil or oil/water.

Co–
Co–surfactant

•Enhanced Oil Recovery: high oil solubilizing power of microemulsions
• Fuel: Improved fuel atomization, reduced soot, enhance octane number
•Lubrication: high heat removal capacity, corrosion inhibition.
• Coating and finishing: Better coating coverage and finish
•Cosmetics: Faster uptake of ingredients by skin
•Media for reactions: polymerization, preparation of nanoparticles
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Use of Microemulsions for Conservation of Cultural
Heritage
In the past, acrylic/vinyl polymers were used to
restore the paintings. After a few decades ,
their degradation products have completely
destroyed the paintings. Using O/W
microemulsions, these degradation products can
be selectively removed without harming the
original paining.

A cellulose poultice impregnated with microemulsion is applied
over the painting. Poultice is removed after few hours to
restore the painting
Restoration of wall painting from the
Annunciation Basilica in Nazareth
(Israel)

Research Challenges
• How to make stable emulsion with high
fraction of the dispersed phase
• How to break emulsion
• Rheology of emulsions/suspension in a
variety of stress fields
• Stabilization and destabilization of
emulsion/ suspension
30

Foams
31

Foams
Dispersion of gas in liquid or solid
Polyurethane Foam

Bread

Detergent Foam

Froth of steamed milk on Cappuccino

Polystyrene Foam

Foamed Aluminum
32

Classification
• Solid Foam: Closed cell and open cell
• Syntactic foam: Foam containing fillers

Open and closed cell Aluminum Foam

33

Applications
1. Fire Retardant Foams
2. Foam Fractionation
3. Insulation
4. Crumple zones

The crumple zone on the front
of cars absorbed the impact
of a head-on collision.

Froth Flotation
34

Geometry of Foam
Three conditions must be satisfied
1. Fixed total volume
2. Minimal surface area
3. Topological continuity

Foam Showing Polyhedral Cells

Kelvin Truncated Octahedra
(tetrakaidecahedra)
Weaire-Phelan foam has lower

Weaire-Phelan foam
Blue cells: 12 sides
Remaining cells: 14 sides

surface area than Kelvin foam
The National Aquatics Center in Beijing
Foam structure is based on Kelvin Octahedra
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Stability of Foam
Plateau Border

Experiment in space
Drainage of Liquid from
foam under gravity

Liquid drains from Foam
lamella to Plateau border
Surfactant stabilize
foam by reducing 'P

Pickering stabilization
Hydrophilic particle stabilizes foam by
reducing drainage rate

Destabilization
Hydrophobic particle
or drop breaks the
foam
36

Research Challenges
• Relate microstructure of foam and its
mechanical properties.
• Inverse problem: What should be the
microstructure to yield desired
properties
• Stability of gas-liquid foams
• Rheology of gas-liquid foam
37

Conclusion
• There a huge research potential in the
area of interfacial engineering.
• A large pool of top researchers are
working in this area.
• You can make your own mark by doing a
high quality research.

38
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Nanoscience &Nanomaterials:A
& Nanomaterials: A
BriefOverview
Mukta Tripathy

July2,2014

Nanoscience
• Particles/structureson1100nmlengthscale
l /
l
h
l
• Betweenatomic/molecular&granular/bulk
lengthscales
• Theseintermediatelengthscalesgiveriseto
g
g
specialphenomena– nanophenomena
• Wewilldiscussasubsetofthesephenomena
We will discuss a subset of these phenomena

Brownian Dynamics
BrownianDynamics
• These
Thesesmallparticlesare
small particles are
susceptibletothermal‘kicks.’
• Theserandomkicksleadto
These random kicks lead to
diffusivemotionnotpresent
forlarger(granular)particles.
• Acharacteristictimescale is
takentobethetimeaparticle
taketotravelthelengthofits
radius.

Superhydrophobicity
Hydrophilic

Y
Young’sEquation:
’ E
ti

sg = sl + lg cos

Hydrophobic

Superhydrophobic

WaterStrider

Lotus Leaf
LotusLeaf

Superhydrophobicity – aresultof
nanotextured surfaces

Nanostructured silica(Zorba etal.,Adv.Mat.2007)

heptane

methanol

(Suetal.,Langmuir 2010)

NeedamodifiedYoung’sEquation,
th t i l d
thatincludessurfaceroughness.
f
h
water

Ateeque Malani – MolecularDynamicsSimulations

Highlyrepellantofliquidsoncomposite
surface(Tuteja etal.,Science 2007)

SelfAssembly
Wehaveachievedahighdegreeofcontrolover
nanoparticle shapeandchemistry.
Wearenowinterestedinhowthesenanoparticles
organizetoproducenanoscopic structures.
Tripathy et.al.,J.PhysChem B,2013.

Sid
Sideset.al.,Phys.Rev.Lett.,96,250601(2006)
t l Ph R L tt 96 250601 (2006)

SelfAssemblyy

Warrenetal.,Science 2008

NanoporousMaterialsandComposites
TMS SiO2
TMS–SiO
UsefulFeaturesofNanoporousSiO2
• Highspecificsurfacearea(8001200m2/gm).
• Controllableparticlemorphology(sphere,rod
C
ll bl
i l
h l
( h
d
cuboid)andinternalporediameter(6 11nm).
• Chemical,mechanicalandthermalstability.

Nanoporous
material

Ag
Pore
SnO2 SiO2

SnO2
20 nm
20nm

AC
10
10um
Agactivatedcarbon(AC)

Materials
impregnated in
pores

Applications

Glucose oxidase
(GOD) enzyme

Glucose sensor

Trimethyl silane
(TMS) groups

Benzene
enrichment from
aqueous benzene
solution

p
SnO2 nanoparticles

Lithium ion batteryy
and photocatalysis

Ag nanoparticles

Water disinfection

Dynamics– Glassybehavior,Aggregation&
growth kinetics
growthkinetics
Physical
Bonding

2PhaseRegion

Dynamic
Crossover

Gel

I

GlassGel



H

~V /2
ConfocalMicroscopy
Expts.

FatCrystalRheology&
influenceofcrystalhabit
modifiers
Tanget.al,JCIS(2008)

Attractive
Glass

Repulsive
Glass

Fluid

I

SimulationofCrystal
Growthandaggregation
Pianaet.al,Nature(2005)

Caging

NanostructuredGlasses
Daveet.al,NatureMaterials(2007)

SurfacePlasmonResonance
• C
Colorandsurfaceplasmon
l
d f
l
effectsin
ff t i
silvernanoparticlespreparedby
microemulsionroute
• Mie’sTheorywithsizedependentdielectricconstantprovidesframeworkfor
simulationoftransmittancespectra

• Simulationofformationofmetalhalidenanorod

formation
•
•
•

Particlesadsorbonthebackboneofwormlikemicelles
l
d b
h b kb
f
lk
ll
WLMsundergoslitheringmotion
DuringSlitheringIntermicellar particletransferstakeplacewhichresult
ingrowthofnanoparticlestonanorods

QuantumDots,QuantumConfinement,
Semiconducting Nanomaterials
SemiconductingNanomaterials
Conduction
Band

Conduction
Band
Valence
Band

Valence
Band

Semiconductor

Metal

• Asthesizeofthenanoparticle
(metal or semiconductor) becomes
(metalorsemiconductor)becomes
smaller,insteadofhavingavalence
andconduction‘band’ithas
discrete levels
discretelevels.
• Thegapbetweentheselevelsalso
increases– thisisaresultof
quantumconfinement.
• Nanoparticles absorbandemit
radiationatspecifiedfrequencies.
p
q
• ThesizeoftheNPdictatesthe
spacingbetweenenergylevels.

Nanoparticle

N
Nanopartic
cle diameter (nm)

SemiconductingNanomaterials – ZnO
nanoparticle
i l synthesis
h i
12
symbol:

10

Experiment
Simulation

solid line: MC

8

R = 15
R = 10

6
R=6

4

R=2

2
0
1

10

100
Time (s)

Bandyopadhyay, Langmuir, 2007.

1000

Magneticnanoparticles
y Effectofelongatedstructureonmagneticprops

CoSpindle

{ Reducedsaturationmagnetization,increasein
coercivity

Eg:Whenusedforhyperthermia,withsamemass
Eg:
When used for hyperthermia with same mass
concentrationanddiameter,acicularparticlesshow
greatermagneticheating(~60C)thansphericalNPs

CoNeedles

CoEllipsoids

200nm

Modeling

Materials

Applications

Magnetite
nanoparticles
ti l

Drug delivery, MRI
contrast
t t agentt

Zinc Oxide, CdS
nanoparticles

Solar cell,
photovoltaics

20

E x p e r im e n t a l
PBE
M C S im u la tio n

% of particles
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d ia m e te r ( n m )

DesiredNanoparticleFeatures

AggregationState

citricacidcoated
magnetitenanoparticles

• Tunablesphericalparticlediameter
• Quantumsizeeffect
Q
t
i
ff t
• Longshelflife
HepG2cell

ParticleUptake

In Chemical Engineering, IIT Bombay
InChemicalEngineering,IITBombay
• Synthesis
• PhaseBehavior
Phase Behavior
• Dynamics
D
i
• Applications

RESEARCH USING COMPUTATIONAL SIMULATIONS

Ateeque Malani
Department of Chemical Engineering
Indian Institute of Technology Bombay
Mumbai, India
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Introduction

Modeling

Height, ft

 ܪൌ ݇ܽ  ݇ ݁ ି

Solving

Simulations

• Approximated a complex

Procedure

process
• Will/will not represents
Age, yrs

• Predictive power

Outcome
Vision

3

Real Life Example of M&S
Inputs
• Name
• Place of birth
• Date of birth
• Time of birth

Modeling

RASI

Outputs
• Future predictions

NAVAMSA

1. www.scientificastrology.com
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What is Computational Research? Why?


Modeling





Solution
techniques






Simulations





Generate useful predictive tools
Generate and test new hypothesis
Study system at multiple scales
Reduce time required for computing
Develop robust simulation techniques

Get useful information where experiments can
not be performed
Understand complex phenomena in detail
Realize the sensitivity of operating parameters
Identify crucial parameters
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Multiscale Simulation Paradigm

N2

CFD

s
kMC, PBE

CONTINUUM

μs

MESOSCALE
MC, MD

ns
ps

DFT

fs

QUAN
-TUM

ATOMISTIC

Air (O2 + N2)
nm

μm

mm

Length scale
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Characteristic Length Scale at Various Time
Markus Buehler, MIT, Lecture notes

Length scale

Time scale

ms

Time
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Atomistic Scale (~nm, ns – μs)
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• N – # of atoms
L • V – Volume of system

• T – Temperature

ULJ , Ucl/(qiqj)

Molecular Simulations
U clc

U LJ

൏  ൌ න  ࢘ ࣋ ࢘ ࢊ࢘

࣋ ࢘ ൌࢋ

4SH
S o rij

r

Molecular system

ࢁ
ି
 ࢀ

qi q j

ª§ V
ijj
4H ij «¨
«¨© rij
¬

12

· § V ij
¸¸  ¨¨
¹ © rij

·
¸¸
¹

6

º
»
»
¼
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ULJ , Ucl/(qiqj)

Molecular Dynamics Simulations
• N – # of atoms
L • V – Volume of system

• T – Temperature

U clc

U LJ
Initial co-ordinates

ª§ V
ijj
4H ij «¨
¨
«© rij
¬

12
6
· § V ij · º
¸¸  ¨¨ ¸¸ »
¹ © rij ¹ »¼

൏  ൌ න  ࢘ ࣋ ࢘ ࢊ࢘

െߘܷ = F=m r̈

Equation of motion

࣋ ࢘ ൌࢋ
r(t) and v(t)

4SH
S o rij

r

Molecular system

r(0) and v(0)

qi q j

ࢁ
ି
 ࢀ

Collection of co-ordinates
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Monte Carlo Simulations
L

൏  ൌ න  ࢘ ࣋ ࢘ ࢊ࢘

• N – # of atoms
• V – Volume of system
• T – Temperature

࣋ ࢘ ൌࢋ

Molecular system

ࢁ
ି
 ࢀ

L

acceptance
probability

Importance sampling


1

e
0

'U
k BT

∆U=Unew-Uold
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Interfacial System
Water walking

Diving in water

Water strider walking on water surface1

Kingfisher bird diving in river to catch fish2

• Surface tension balances the weight

• Structure and surface chemistry of feather

• Designing locomotive devices

• Designing superhydrophobic and self-cleaning
surfaces3

Methanol

Heptane

Superhydrophobic surfaces

• Repellency towards variety of liquids
• Robust and self-cleaning surfaces

Water

Repellency of liquids on composite surface4
1. http://www.me.gatech.edu/hu/Striderweb/striderweb.html
3. Tuteja et al., Science, 2007

2. http://bicycle2011.com
4. Tuteja et al. PNAS, 2008
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Interfacial System: Issues
Young’s equation1
γLV cos θeq = γSV - γSL
γLV
γSL

θeq

γSV
Rain drops on glass surface
Dew drops on rose petal

Liquid drop on horizontal surface

• Molecular behavior at three phase?
• Dynamic contact angle phenomena?

θR
θA

θi
Liquid drop on inclined surface
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Wetting Behaviour of Nanoparticles
Equilibrium and Dynamic Contact Angle
s/2

ߛܸܮ

F

d

ߛܸܮ

Homogeneous particles

R
hc

hl

ߛܵܮ

Teq

Tdyn

ߛܵܮ

Heterogeneous particles

Structure of Interfacial Water
2
1

Ions (Na / K / Cl /….)

gO-O(r)

0
2
1
0
2

1

Amino acids3

0
6
4
2

00

5

r, Å

10

15

Inplane pair correlation function1
1. Malani et al., J. Phys. Chem. B, 2009
3. www.3drivers.com

AFM Images of interfacial water on
mica surface at various depth2

Surfactants4

2. Fukuma et. al. Phys. Rev. Lett., 2010
4. www.chm.bris.ac.uk

Interfacial Water: Examples
Biology

Nanotechnology

• Protein folding
• Protein aggregation
• Ion channels

• Lab on chip
• Drug delivery

~2 nm

DNA translocation in synthetic
nanopore2

Hydration water of protein1

Nanotribology

• Adhesion
• Friction
• Lubrication

Geology

• Clay swelling
• Leaching of ions
• Quality of soil

~2 nm

Interstitial water of clays4

Water behaviour as glue3
1. http://thglab.berkeley.edu/
3. Jinesh et al. Phys. Rev. Lett. 2006

2. http://physics.illinois.edu/people/Aksimentiev/
4. Hensen et al. J. Phys. Chem. B, 2002
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Nanostructure Landscape: Solid and Porous Materials
Oriented attachment

Spherical nanoparticle
Shell growth

Fusion

Linear chain

Nanorod

Ion exchange

Carbon nanotube

Core-shell nanoparticle

Nanobelt

Tripod
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Nanoparticle Formation Mechanism: MD, PBE, kMC
Nucleation

Diffusion

i)

Growth
Particle

Molecules

Nuclei
Coalescence

OA

ii)

+
Particles
Particle

iii)
Particle
Particles

Particle

Molecules

Nucleation, diffusion, coagulation, Ostwald ripening of nanoparticles

Computation involves predicting solid nanoparticle properties in our water treatment
and drug delivery projects

18

Diffusion, Adsorption and Reactions in Nanopores

Mole balance of glucose in a single pore

Mole balance of glucose in bulk liquid

Modeling and simulation involves predicting porous nanoparticle properties in our
glucose biosensor and photocatalytic dye-degradation projects

19

Pickering Emulsions
Pickering Emulsions: Oil-in-water or
water-in-oil emulsions, stabilized by
colloidal particles.
Potential Uses: Water treatment, oil
separation, oil recovery, controlled-release
of drugs.
Challenges:
(a) Stability against coalescence
(b) Use of fewer colloidal particles
The big challenge: Stability. The use of Pickering emulsions in end-products
depends on being able to stabilize the emulsions against coalescence. We will
study the conditions for emulsion stability.

20

Janus Particle in 2-Dimensions
Janus Particles: Colloidal particles
with different chemistries on either
hemisphere.

If the green hemispheres attract
each other, and the red
hemispheres repel each other, then
how will the particles arrange in 2
dimensions?

Simulation of Nanoparticles
21
• Color and surface plasmon effects in

silver nanoparticles prepared by
microemulsion route
•

Mie’s Theory with size dependent dielectric constant provides framework for
simulation of transmittance spectra

• Simulation of formation of metal halide nanorod

formation
•
•
•

Particles adsorb on the backbone of worm like micelles
WLMs under go slithering motion
During Slithering Intermicellar particle transfers take place which
result in growth of nanoparticles to nanorods

• Bivariate Population balance for growth of particles formed by seeded growth protocol
• Open Interests
•

Patchy particle simulation for self assembly of nanoparticles

•

Domain coarsening theories for formation of monocrystalline particles

•

Brownian dynamics Interaction of nanoparticles

22

Material Design by Simulations
•Design of Compound Semiconductor Alloys
•Use of Monte Carlo simulation approach
•Solution thermodynamics Of III-V and II-VI alloys

•Use of molecular dynamics simulations
•To study surface growth on Silicon surfaces

•Thermodynamic property prediction for polymeric systems
•Polyethylene, Nylon – 6
•VLE for monomer and monomer-polymer systems

•Phase equilibria in Morse fluids
•Use of molecular simulation approach
•FCC & BCC Metals
•VLE & Critical State Properties
•Interfacial tension

•Property prediction of nano-confined fluids
•Use of molecular simulation approach
•Solid-fluid phase transitions
•Free energy determination methods

23

Thermodynamic Property Predictions of Industrially
Important Polymeric System
Polymerization system
Polyethylene

Nylon-6

nCH2 = CH2

CH2 – CH2

n
• Thermodynamic and transport properties
• VLE data of monomer, monomer-polymer at operating conditions
• Cp, Cv, P=P(V,T), Tc, Pc
• Diffusivity of monomer in polymer mixture

Current Approach
• Experiments: Limited availability
• VLE correlations

Molecular Simulations
• Simulate variety of conditions
• Accurate for given model

24

Hard Spheres in Gravitational Field
x

Stress balance equation
dP
= − mng
dx
Equation of state
z

y

Sedimentation due to gravity
balance by upward thermal flux
T is the granular temperature
(replace by kBT for molecules)
Elastic particles, constant T

P= ZnT

Profile for an ideal gas (Z = 1)
§ mgx ·
n = n0 exp ¨ 
¸
T ¹
©
P – pressure, n – number density,
m – mass of a particle, Z – compressibility facto
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Results and Applications
Ideal gas
z

n

z
z
z

x
Carnahan-Starling equation of state

z

z

Colloids
Fluidized beds
Granular packings
Biophysics of receptor
cells
Inhomogeneous
percolation
….

26

Mesoscale and Continuum ( >mm, >ms)

Particle laden turbulent flows: A Computational approach
Particle phase fluctuation is important to
understand physical properties like stress, heat
and mass transfer
State of the art: Due to High complexity of the physics
Empirical correlations & fitting parameters
Requires fine tuning with the aid of experimental data

Particle size varies from
submicron to millimeters
Turbulent scales:
Very small (Kolmogorov) to
large (macroscopic scales)

Multiscale problem
Effect of particle on fluid phase turbulence

Particle laden turbulent flows: Direct numerical simulation
Combinations of DNS and hard-sphere molecular dynamics
Hard sphere
molecular
dynamics for
particle phase

DNS for fluid
phase
Two way coupling

Challenges & Objectives:

Eulerian-Lagrangian approach
Eulerian for fluid phase
Lagrangian for particle phase

No fitting parameter
Goswami et. al. J. Fluid. Mech. v 646 (p59, p91),
Goswami et. al. J. Fluid. Mech v 687 (p 1, p 41)

Direct simulation for
moderately dense phase
and resolving finite size of
the particles
Developing models when
particle phase modulates
turbulence in gas phase

29

Continuum Scale ( >mm, >ms)

Motivation: Can We Prepare Controlled PoreDiameter Micro/Nanoporous Membranes?

Many Lose Ends, as of Today, in the
Theory of Column Formation

Problem Description & Governing
Equations

2

2
d
1

h0

1

Ǧ

   

t = 0 sec

t = 5e-5 sec
t = 6e-5 sec
t = 7e-5 sec
t = 1e-4 sec
t = 1.5e-4 sec
t = 2e-4 sec
t = 3e-4 sec

Brownian Adhesive Dynamics

Simulate the motion of a micron/sub-micron particle in shear flow near a
wall under receptor-ligand interaction
Complexity - Brownian motion, shear flow, wall presence and receptor–
ligand interaction
State diagram as a function bond on-off rates (π and ε0 )

5 states of motion - depending on translational/rotationalvelocities
33

Phy. Rev. E 77, 041904 (2007)
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Masters and PhD Students: Where they went
For higher education
PhD’s

R&D labs

Faculty position

• Battelle India,

• IIT Madras

• Cadbury

• Carnegie Mellon Univ., USA

• Novartis

• Seoul National Univ., Korea

• ISRO

• Johannes Gutenberg Univ., Germany

Postdoc’s

Industry
• Shell
• P&G

• Utrecht Univ., Netherland

• Essar

• NJIT, USA

• HPCL
• IOCL
• Polaris

• Vignan University

Research in Complex fluids

Partha Sarathi Goswami

Department of Chemical Engineering
Indian Institute of Technology Bombay
Mumbai 400076

Overview
Introduction

Different complex fluids
Polymers
Surfactants
Suspensions
Granular material

Complex flows
Electrohydrodynamics
Stability of thin liquid film
Chemotaxis
Microfluidics
Faculties working on complex fluids

Simple fluids
Simple Fluids: well behaved

Newton Law
z Deformation rate is expected to
be proportional to stress and the
constant coefficient of
proportionality is called viscosity.

W KJ
Flow of a Newtonian fluid between
parallel plates

zThe

study of simpler fluids have
their own well-defined field, called
fluid mechanics.
zPurely

viscous fluid

Rheology
z
z

z

Study of deformation and flow of matter
A fluid is a substance that deforms continuously under the
action of a shearing force.
Complex fluids do not follows Newton’s Law or Hooke’s Law (of
elasticity)

The mathematical form of this relationship is called the
constitutive equations.
Rheological Properties
zStress
zShear stress
zNormal stress
zNormal Stress differences

zViscosity
zSteady-state

(i.e. shear)

zExtensional
zViscoelastic

Modulus
zG’ – storage modulus
zG” – loss modulus

4

Non-Newtonian Behavior
Shear thinning
• Shear thickening
• Yield stress
• Viscoelastic effects
•






Weissenberg effect
Fluid memory
Die Swell

5

Complex Fluids
z

z

z

z
z

z

Foods
z Emulsions (mayonaisse, ice cream)
Behavior of complex Fluids:
z Foams (ice cream, whipped cream)
z Gels (cheese)
If not understood, they can
Personal Care Products
cause immense trouble
z Suspensions (nail polish, face scrubs)
during their use
z Solutions/Gels (shampoos, conditioners)
z Foams (shaving cream)
Biofluids
z Suspension (blood)
If understood, they reveal
z Gel (mucin)
enormous potential for
z Solutions (spittle)
applications
Electronic and Optical Materials
z Liquid Crystals (Monitor displays)
Pharmaceuticals
z Gels (creams, particle precursors)
z Emulsions (creams)
z Aerosols (nasal sprays)
Polymers
6

Polymers
Applications:
Agriculture
Medicine
Consumer Goods:
Industrial Goods
Sports :

Polymers: properties
Elastic over short time scale and
viscous over long time scale
(viscoelastic)

Shear thinning (Pseudoplastic)
•
•
•

High shear rate - Low viscosity
Low shear rate-high viscosity
High extensional strain rate -high
stress ( strain hardening)
• Low extensional strain rate -low
• Stress
• Memory effect

Entanglement
•Increases viscosity
•Reduces shear thinning
•Slows down the
response

Polymers: challenges
•
•
•

Elastic effects increase with chain length.
More flexible-more elastic
Branching reduces elastic effect

Complications and challenges
• Memory effect : Use of convected

z

Weissenberg Effect

frame of reference
• Polydispersity
• Branching
• Copolymer
•Blends and composites
Scope for Development
• New Theory
• New numerical techniques for flow
simulation
• Molecular simulation

Surfactants

Applications
 Detergency, wetting, cleaning and cosmetic
formulations
 Emulsifiers- food, pesticides,
 Drag reduction
 Rheology control
 Protein crystallization
 Microemulsions- pharmaceauticals, oil recovery
 Bilayers/ liposomes- membrane, drug delivery
Pulmonary Surfactants: Phospholipids

 Protect against alveolar collapse
 Defend against inhaled pathogens,
 Act as anti-inflammatory and antioxidant.
 Helps breathing by improve lung compliance

Structures and rheology

Liquid Crystals
More ordered than the liquid but less
ordered than the crystalline solids

Applications:
1. Display
2. Tunable filters
3. Detection of Hot spots
(Thermotropic)

Challenges:
Rheological behavior with structural
description of concentrated
surfactant solution

Suspensions: fluid-particle
• Important parameters:
9 volume fraction of
dispersed phase (I)
9 with or without Brownian
forces (Pe)
9 interaction forces
• van der Waals
• electrostatic, …

• Rate of deformation
(shear rate) is also
important
– particles align
(anisometeric) or rearrange
in response to applied
shear

Shear Thinning and Shear Thickening
• Shear thinning – tendency to decrease
in viscosity at high shear rates, such as
by higher pressure drops
• Shear thickening – tendency to
increase in viscosity when driven to
flow at high shear rates

15

Quicksand – A Non-Newtonian Fluid
z

Quicksand is a colloid hydrogel (sand, clay and salt water).

z

When undisturbed behaves as a solid gel, but minor changes in the
stress will cause a sudden decrease in its viscosity

z

After the initial perturbation, water and sand separate and dense
regions of sand sediment
z

High volume fraction regions -> viscosity increases

z

Sufficient pressure must be applied to reintroduced water into the
compacted sand.

z

The forces required to remove a foot from quicksand at a speed
of 1 cm/s are about the same as “that needed to lift a mediumsized car.”
Nature 437 pp 635 (2005)
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Fat Crystal Aggregates
Processed Foods (Chocolate, dairy
…)

Pharma

Crude Oil
Flow

Consumer
Goods

Morphology of crystals depends on process and composition
parameters
 Type of solvent, Super saturation, Temperature, Rate of Cooling,
Shear rate, etc.
 Crystal modifying additives
Suspension microstructure controls macroscopic behavior

17

Nano-structured Glasses
• Glassy (non-equilibrium) dynamics
• Composed of > 50% liquid but like a hard solid
• Focus on oil continuous systems
– (non-aqueous) Lipid – carbohydrate – surfactant
phase behavior
• Applications:

http://manjuchhetri.blogspot.in

• Encapsulation Technologies
• Template design for nanostructured materials
• Biological materials storage (e.g.,
protein) under arrested dynamic
conditions, …

Dave et. al, Nature Materials (2007)

Hard transparent solid
(0.4 oil; 0.4 sugar, 0.2
surf)

18

Challenges

Fat Crystal Rheology &
influence of crystal
habit modifiers

Simulation of Crystal
Growth and
aggregation

 Multi-scaled approach – molecular configuration
up to crystal aggregates
 Complimentary experimental and simulation
work
 Applications in low-fat foods, pharmaceutics,
cosmetic, waxy crude, etc.
Tang et. al, JCIS (2008)

Piana et. al, Nature (2005)

Nano-structured
Glasses

 Arrested Dynamics of
nanostructured materials
 For encapsulation
technologies, biophysics,
etc.
Dave et. al, Nature Materials19
(2007)

Granular materials
Collection of solid particles – may be jammed or flowing
like a liquid

Issues related to flow of Granular materials

Brazil Nut effect
Segregation

Arching

Challenges
z

z

z
z

Granular material is processed in vast quantities, ubiquitous
in nature.
Governing equations not yet as established as say fluid
mechanics – analysis and design difficult; inefficient
operation/over design.
Validity of continuum approximation: separation of scale.
Characterization of particles is difficult (size, shape, surface,
...) – repeatability of experiments.

Numerical approach
z

z

z

z

Distinct Element Method (DEM) –
analogous to MD: follow the
motion of every particle.
Interparticle interactions: friction
and viscoelastic deformation with
dissipation (L3 Model of Silbert et
al., 2001)
Rheometer: Steady flow on a
rough inclined plane with periodic
boundary conditions (no side
walls)
Particles of different size and
density

Physical understanding – continuum models

Complex flows

Electro-hydrodynamics
9 An interplay between Fluid
Mechanics and Electrostatics
9 Electric forces can set fluid in
motion: Electroosmosis

9 Interface deformation can be
caused by electric forces

Pore formation in spherical
vesicles : Electroporation
and gene and drug
delivery
Electrospray, Ink-jet
printing
Circulation in
Microfluidics, Coalescene,
emulsification

9 If the interface is deformed, it
can change electric field
distribution
Advantages: Non-invasive, voltage, frequency, Electrode design
25

Electro-deformation and rotation

Electroformation
Electrorotation of MLVs

O Hz

1 KHz

10 KHz

Electrodeformation
Electrohydrodynamics in biological
systems for applications in
electroporation, cell fusion, cell
separation, drug delivery,
Electromechanical characterization

Pearling in Cylindrical vesicles
26

Electrohydrodynamics in fluid-fluid systems

Pattern formation in planar
Systems

Electrohydrodynamics for
applications in Electrosprays,
Electrocoalescence,
Electroemulsification in
Fluid Fluid Systems

Whipping of an
electrified jet

Drop dielectrophoresis
and breakup
27

Chemotaxis
• Chemotaxis refers to the directed motion of E. coli
towards favorable chemicals (food) and away from
poisonous chemicals
Run speed~15-30 Pm/s

2-3 Pm
http://biofluidics.mae.cornell.edu/crossedgradients.html

Butler & Camilli (2003)

Biased random walk
Modulates the frequency
of runs & tumbles

<u> = 0

<u>≠ 0

Stability of thin films

Coating Flows

Influence of acoustics on thin
film break up: Experiments and Theory

• Crack propagation in
drying colloidal
systems: Application
in Paints & Coatings
• Influence of flaws on
the strength of
colloidal packings
• Particle ordering
during drying

Multiphase flows
• Multiphase flows:
Simultaneous flow of
• Materials with different state or phases.
• Materials with same state but different chemical properties

• Few examples:
– Particle-laden flows: discrete solid particles in a continuous
fluids
– Bubbly flows: discrete gaseous bubbles in a continuous
liquid
– Droplet flow: discrete fluid drops in a continuous gas
– Slug flow: large bubbles in a continuous liquid

30

Turbulent fluid particle suspensions
• Direct numerical simulation to study the particle dynamics and
effect of particle on fluid phase fluctuations.
• Model based on turbulent velocity fluctuation to address the
particle dynamics
• Experimental investigation without disturbing the flow
eg. using Particle image velocimetry (PIV)

Microfluidics*
Why Microfluidics?
Robust control, high reproducibility, and versatility due to
flow in small length scales
Areas of applications:
9

Microfluidics as a platform for synthesis of nanofibers

9

Polymeric nanoparticle fabrication using microfluidics

9

High-throughput biological studies: Phenotyping C. elegans using
droplet based microfluidics

9

Filter-less separation of particles

Applications of Nanofibers:

Tissue Scaffold

¾ Biomedical: Medical prostheses; Tissue scaffolds
¾ Filtration media; Electrode materials

Electrospinning is typically used to generate
nanofibers

Lee et. al., Biomicrofluidics, 5, 022208 (2011)

Prof. Venkat

Applications of polymeric nanoparticles:

¾ Drug delivery
¾ Particle sensors

¾ Photonic crystals
Approach and problems of interest:
¾ Use of liquid droplets as templates to synthesize nanoparticles
¾ Application of electric fields in microfuidic devices for generation of
nanodroplets
¾ Same devices used for electrospinning can be used for droplet generation
¾ Fundamental studies on transition from electrospinning (whipping) mode to
droplet generation mode
¾ modeling the charged electric jet break-up

Faculty Members working in this area
Devang Khakhar, Anurag Mehra,
Jayesh Bellare,
Mahesh Tirumkudulu, P. Sunthar, Rochish Thaokar
Sameer Jadhav, Sandip Roy, Vinay Juvekar, Vijay Naik
Partha S. Goswami, Venkat Gundabala, Jyoti Seth,
Ratul Dasgupta

References:
Pictures: www. & some published articles
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Prof. V. Juvekar, Prof. Jyoti Seth and Other
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Recent Advances in Chemical
Engineering Research:
Process Systems Engineering
(PSE)
Yogendra Shastri
Department of Chemical Engineering
Engineering, IIT Bombay
TEQUIP II – July 2014

What is a System?
A set of interrelated components
organized
i d tto achieve
hi
certain
t i
goals
•

Emphasize the performance as a
whole

•

Understand the interrelationships
among the components
The whole is more than the sum of
its parts: Aristotle
Reductionism Vs Holism

1
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Examples of a “System”

Carbon cycle;
Product supply
chain

Chemical
processes,
process plants

Reactor;
Distillation
column

Plant cell wall;
Nano-catalyst
structure

Increasing spatial and temporal scale

• Each system consists of multiple components (sub-systems)
• Each component is a system in itself

What is Systems Engineering?
Physical Space: Actions

System
Abstraction

Decisions and
Recommendations

Information
f
Space:
S
Analyses

2
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System Abstraction or
Modeling a Necessary Step
•
•
•
•
•
•

Mechanistic Vs Data based (regression)
Static Vs Dynamic
Linear Vs Non-linear
Distributed Vs Lumped parameter
Deterministic Vs Stochastic
Q
Quantitative
tit ti V
Vs. Qualitative
Q lit ti

All models are wrong, only some are useful!
…. George E.P. Box

What is Systems Engineering?
Physical Space: Actions

System
Abstraction

Decisions and
Recommendations

Information
f
Space:
S
Analyses
Simulation

Optimization

Control

Fault diagnosis

System
identification

Risk
assessment

Parameter
estimation

Statistical
analysis

3
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What is Process Systems
Engineering?
…field that encompasses the activities
involved in the engineering of
systems involving physical, chemical,
and/or biological processing operations

Process Systems Engineering
Physical

Chemical

Biological

Economic

Physical Space: Actions
System
Abstraction

Decisions and
Recommendations

Information Space: Analyses
Simulation

Optimization

Control

Fault diagnosis

System
identification

Risk
assessment

Parameter
estimation

Statistical
analysis

4
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Decision and Recommendations
Process design:

Process control:

•
•
•
•
•

• Online
O li control
t l strategies
t t i

Product/molecular
P
d t/ l
l d
design
i
Reactor design
Flow sheet synthesis
Supply chain networks
Sensor network design

Process Operations:
• Management and
operational strategies

Novel methodological contributions:
• Optimization algorithms
• Control approaches/strategies
• Informatics and statistical methods

Evolution of PSE: 1860s – to date
• Formative period (1860s-1920s)
- Ammonia based soda production process by
Solvay (1872)
- Haber-Bosch process for ammonia production

• Waiting period (1920s – 1960s):
Ernest Solvay:
The First
Process
Engineering

- Developments in applied mathematics,
numerical methods, control and optimization
p
theory

• Explosion period (1960s – to date):
- Process design and synthesis, process
control, process optimization, and planning
and scheduling

5
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Growing Importance of
Computing and Informatics
• Molecular simulations
• Large scale
optimization
• Multi-scale systems
• Population dynamic
models
• Bioinformatics
• Complex systems

PSE: A Confluence of Three
Disciplines
Chemical
Engineering

Applied
Mathematics

PSE

Computer
Science

6
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Major Research Areas in PSE
and Recent Advances in
Research

13

Modelling and Simulation:
“What – if” Analysis
Modeling
Optimization

o

Use the model to predict possibilities

o

Modify parameter to understand sensitivity

o

Perform economic analysis

Control
Fault
diagnosis
Parameter
estimation
Statistical
analysis
Risk
assessment
System
identification

7
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Flow Sheet Modeling and
Simulation
Modeling



Equation oriented approach
Sequential modular approach

Optimization



Examples: ASPEN Plus, HYSYS, Pro-II



Control

Major challenges:
 Incorporation of
thermodynamic
data/database
 Enabling
E bli d
design
i
optimization
 Enabling stochastic
simulation
capabilities

Fault
diagnosis
Parameter
estimation
Statistical
analysis
Risk
assessment
System
identification

GRM: Generalized Reactor Model


A generic model of a reactor developed as an
independent object oriented simulation software



User can describe reactor geometry, reaction
scheme and kinetics, hydrodynamics, interface
mass transfer function



Model Equations generated internally and solved
to predict reactor performance.



Experimental data can be regressed to estimate
model parameters.

Modeling
Optimization
Control
Fault
diagnosis
Parameter
estimation
Statistical
analysis
Risk
assessment
System
identification

8
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Computational Fluid Dynamics
(CFD) Modeling
Modeling
Optimization
Control
Fault
diagnosis
Parameter
estimation
Statistical
analysis
Risk
assessment
System
identification

• Detailed modeling of the interior of
the process unit (reactors,
(reactors heat
exchangers etc.)
• Distribution of the structure into
smaller elements
• Use of a complex system of points
called nodes which make a grid
called a mesh
• Modeling of mass
mass, energy and
momentum balance for each
element
• Iterative approach to determine the
converged solution

Temperature
distribution in a coal
gasifier

CAPE-OPEN Modeling
Standards
Modeling

• CAPE-OPEN (Computer Aided Process
Enginering – Open) standards

Optimization
Control
Fault
diagnosis
Parameter
estimation
Statistical
analysis
Risk
assessment

• Uniform standards for interfacing process
modelling software components developed
specifically for the design and operation of
chemical processes
• Enables combining several modeling
platforms: Using CFD simulation results
within an ASPEN Plus flowsheet

System
identification

9
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Model Development for
Sustainability
Modeling
Optimization
Control
Fault
diagnosis
Parameter
estimation
Statistical
analysis
Risk
assessment
System
identification



Incorporating environmental processes and
impacts in conventional models



Providing an integrated model for decision making



Examples: Life cycle modeling, input-output
modeling

Life-cycle Impact Assessment of
Algal Biofuels
Modeling
Optimization
Control
Fault
diagnosis
Parameter
estimation
Statistical
analysis
Risk
assessment
System
identification

10
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Multi-scale Modeling


Linking models at
different spatial and
temporal scales



Hybrid and coarsegrained models as
alternative descriptions,
and use of model
reduction



Use of compact
descriptions in
estimation and control
for multi-scale systems

Modeling
Optimization
Control
Fault
diagnosis
Parameter
estimation
Statistical
analysis
Risk
assessment
System
identification
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Multi-scale Modeling:
Applications


Identification and estimation in reaction
networks

Control



Estimation and control in fuel cell systems

Fault
diagnosis



Control of shape and size in crystallization

Parameter
estimation



Control of micro-scale properties in vapour
deposition systems



Control of integrated fuel cell-reformer
systems

Modeling
Optimization

Statistical
analysis
Risk
assessment
System
identification

22
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Vapor Deposition: Atomic Scale
Modeling
Modeling
Optimization
Control
Fault
diagnosis

 Modeling and simulation at
atomic scale using stochastic
models
 Development of model reduction
and transformation techniques
 Estimation and control of average
properties (micro-roughness)
Representative KMC simulation

Parameter
estimation

Risk
assessment
System
identification

Ro
oughness

Statistical
analysis

No. of Mono-layers
Estimation of micro-roughness

23 reduced model
Reconstruction using

Nonlinear Black-Box Stochastic
Models
Modeling
Optimization
Control
Fault
diagnosis
Parameter
estimation
Statistical
analysis
Risk
assessment
System
identification

Challenge:
• Unmeasured disturbances impact the output
• Mechanistic
M h i ti understanding
d t di iis nott available
il bl
Capture unmeasured disturbance dynamics
x (k + 1) = Ψ[x (k )] + Γu (k ) + Le (k )

y (k ) = Ω[x (k )] + e (k )

Unmeasured

Features
disturbances
model
 From Data
 Capable of modeling input and output multiplicity
 Models used for
9 Modeling regularly and irregularly
sampled Multi-Rate systems
9Formulating nonlinear control schemes

12
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Optimization
Modeling
Optimization
Control
Fault
diagnosis
Parameter
estimation
Statistical
analysis
Risk
assessment
System
identification

• What is the best
solution among
multiple potential
solutions?
• How to find that
solution using
minimum time and
maximum
accuracy?
• A widely used tool
in different fields

Optimization in Process
Synthesis
Modeling
Optimization
Control
Fault
diagnosis
Parameter
estimation
Statistical
analysis
Risk
assessment

Process synthesis: Determination of the
best process flowsheet including:







Raw material
Processing route (process A or B?)
Reactor (CSTR or plug flow?)
Unit operations (Distillation or extraction?)
Product portfolio (product X or Y?)
Optimal design and operation

System
identification

13
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Synthesis of an Optimal Algal
Biorefinery
Modeling
Optimization

Raw material /
Resources

Strain

Control

Sunlight
Fault
diagnosis
Parameter
estimation
Statistical
analysis

Algal growth
and harvesting

Algal oil
upgradation

Product
distribution

Integrated
Biorefinery

Products

Biodiesel

Biochemical

Ethanol

Thermochemical

CO2
Water
Nutrients

Heat/power

Anaerobic

Neutraceuticals

digestion

Methane

Combustion

Bioplastics

Microbial fuel cells

Risk
assessment
System
identification

Integrated biorefinery an important element of
the proposed approach
27

Optimization of Gas Production
Network
Modeling
Optimization
Control
Fault
diagnosis
Parameter
estimation
Statistical
analysis
Risk
assessment
System
identification

Production scheduling and supply chain optimization

14
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Major Challenges in
Optimization
Modeling
Optimization

• Nonlinear problems: Development of new
algorithms such as interior point methods
and related software packages (Ipopt)

Control
Fault
diagnosis
Parameter
estimation

• Non-convex problems: Development of
global optimization solvers

Statistical
analysis
Risk
assessment
System
identification

• Mixed integer linear/nonlinear
problems: Development of new branch
and bound heuristics and cutting plan
algorithms

Major Challenges in
Optimization
Modeling

Large scale problems with several variables and
complex
interactions: Green manufacturing
p
g

Optimization
Control

Treatment capacities implicitly puts a constraint on the
maximum waste that can be produced

Fault
diagnosis
Parameter
estimation

Manufacturing &
Scheduling process

Statistical
analysis

Explicitly affected by:
Resource and capacity
constraints

Risk
assessment

Waste management
Explicitly affected by:
treatment capacity of the
units

System
identification

Manufacturing process defines amount of
waste available for treatment

15
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Complexity ⇔ Decomposition
Modeling
Optimization
Control
Fault
diagnosis
Parameter
estimation
Statistical
analysis
Risk
assessment
System
identification

• Complexity could be distributed across time-scales,
spatial
p
directions,, combinatorial nature,, etc.
• Decomposition methods to solve such problems
effectively with little impact on optimality
• Decompositions could be {hierarchical, spatial
and coordinated}, {strategic, tactical, operational}.
Integrated optimization
problem

Decomposed problem
solving

5

5

NC

483

491

NV

250(44)

254(44)

CPU time (sec)

49338.94

10582.28

Objective function

151.28

152.36

NEP

Major Challenges in
Optimization
Uncertain or stochastic processes
Modeling
Optimization
Control
Fault
diagnosis
Parameter
estimation
Statistical
analysis
Risk
assessment
System
identification
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Major Challenges in
Optimization
Modeling

Sampling based methods have been
developed
p for robust optimization
p

Optimization
Control
Fault
diagnosis
Parameter
estimation
Statistical
analysis
Risk
assessment
System
identification

Model Simulations

Advanced Control
Modeling
Optimization
Control
Fault
diagnosis
Parameter
estimation
Statistical
analysis
Risk
assessment
System
identification

17
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Model Predictive Control (MPC)
Modeling

• Improvement over simple feedback (P/PI) control
• Uses process model to optimize control input

Optimization
Control
Fault
diagnosis
Parameter
estimation
Statistical
analysis
Risk
assessment
System
identification

Fault Tolerant Model Predictive
Control (MPC)
Modeling
Optimization
Control
Fault
diagnosis
Parameter
estimation
Statistical
analysis
Risk
assessment
System
identification
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Nonlinear-MPC of Multi-Rate
Systems
Modeling

 Measurements of quality variables:
available at irregular sampling intervals

Optimization
Control
Fault
diagnosis

Fast
Sampled
Inputs

Nonlinear Output
Error (NOE) Model

Parameter
estimation
Statistical
analysis
Risk
assessment
System
identification

Slow NOE
Residuals

Slow Sampled Output

Slow NOE
Residuals

Time Varying
Nonlinear AR Model
(NAR)

Slow
Innovations

Inferential predictive control of irregularly sampled
multi-rate systems using black-box Observers

Control of Nonlinear Hybrid
Dynamic System
 Hybrid systems consist of continuous and discrete variables.
Modeling
Optimization
Control
Fault
diagnosis
Parameter
estimation
Statistical
analysis
Risk
assessment
System
identification

x& c = f ( x c , uc , ud ,δδ )
x d (t ) = bd ( ud ,δ(t ) )

Continuous states,
states ud represents control
events
Discrete states, δ(t) is an indicator variable
and captures state events

E 1 u c ( t ) + E 2 δ (t ) + E 3 u d ( t ) + E 4 x ( t ) ≤ E 5

Event generating
function

h& = f1 (.) iff h ≤ hd
h& = f 2 (.) if h ≥ hd
h ≤ hd ↔ [δ = 1]
h& = δ f1 (.) + (1 − δ ) f 2 (.)

19
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Stabilizing Model Predictive Control
formulations and Experimental Validation for
Hybrid dynamic systems
Aim: From an initial condition, go
to origin optimally/stably

Validation using a three tank
set-up in the automation lab

Six Solenoid valves,
Two control valves,

Fault Detection and Diagnosis
Modeling

• Fault detection: Is there a fault in the system?
• Fault diagnosis:
g
What is the fault?

Optimization
Control



Fault Diagnosis using Data Driven Models

Fault
diagnosis



Fault Diagnosis using Kalman and Extended
Kalman Filtering



On-line Monitoring and Alarm Analysis



Sensor Network Design for Fault Diagnosis



Alarm Management and Process Safety Analysis

Parameter
estimation
Statistical
analysis
Risk
assessment
System
identification
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FDI Using Data Driven Models
Qualitative Trend Analysis (QTA)
• Express
p ess a
all da
data
a as a co
combination
b a o o
of bas
basic
c trends
e ds
• Classification
• Compare trends from online data with
trends obtained for historical data
• Can be used for fault detection as well
as isolation

Support Vector Machines (SVM)
• Theoretically “best” among various
quantitative classifiers
• Ability to Capture Nonlinear decision
boundaries: Kernel functions
• Appropriate feature (sensor) selection

Sensor Network Design for Efficient
Fault Diagnosis
Modeling
Optimization
Control
Fault
diagnosis

Digraph based
process models
p
for fault modeling:
Low information
requirement



Fault Detection: In digraph, a path
from each fault to at least one
measurement



Fault Isolation: Unique pattern of
effect for each fault

Parameter
estimation
Statistical
analysis
Risk
assessment
System
identification
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Alarm Management and Safety
Analysis


Costing
Alarm system design and
interpretation using model
based statistical
approaches
 Optimization approaches
to choose the best alarm
management strategy


Optimization



Control
Fault
diagnosis
Parameter
estimation

Optimization

Alarm Management
Alarm
va
ariables,
thresholds

Modeling

Multivariate
Alarm
analysis

Cost of
the
alarm
strategy

Statistical
analysis
Risk
assessment
System
identification

 Process Safety Analysis
 Digraph representation
 HAZOP analysis
 Discrete systems

Cost and
other
Data

Process
model

43

Sensor Network Design: Other Areas
Modeling



Optimization



Control
Fault
diagnosis





Parameter
estimation
Statistical
analysis
Risk
assessment
System
identification

Estimation

Constrained Optimization




Reliability
Precision
Integer Programming Approaches

Design for Dynamic Systems



Estimation uncertainty versus cost trade-off
Multi-rate systems: Identify optimal sampling
frequency

22
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State Estimation
Modeling
Optimization

Problem: Predict the current or future states of
the system using previous output and input
variables

Control
Fault
diagnosis
Parameter
estimation
Statistical
analysis
Risk
assessment
System
identification

State Estimation
Nonlinear constrained state estimation
Modeling
Optimization
Control
Fault
diagnosis
Parameter
estimation
Statistical
analysis
Risk
assessment
System
identification

x( k + 1) = f [x(k ),
) u ( k )] + w( k )
y (k ) = g [x(k )] + v(k )
x(k ) ∈ G
Techniques:
 Unscented
U
d Kalman
K l
Fil i
Filtering,
P
Particle
i l Fil
Filtering
i
Features:
 Capable of handling nonlinearities
 Capable of incorporating non-convex constraints

23
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Process Systems Engineering
Physical

Chemical

Biological

Economic

Physical Space: Actions
System
Abstraction

Decisions and
Implementation

Information Space: Analyses
Simulation

Optimization

Control

Fault diagnosis

System
identification

Design and
synthesis

Parameter
estimation

Statistical
analysis

Enhancing the Chemical Engineering
Simulator, ASCEND
• ASCEND is an equation
q
oriented flowsheeting
g system
y
• It can be used for design and also analysis
• It has chemical engineering constructs: flow, pressure, etc.
and units and dimensions
• Separates modelling from solution and hence increases
robustness productivity
robustness,
• Recent developments: Better thermodynamics, nonlinear
solver, incidence matrix, GUI

48
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Wiki-based platform
for lignocellulosic biorefineries
http://econ.jbei.org

49

Future Research Challenges:
Modelling
• Multi-scale modeling
• Integrating quantitative and qualitative
modeling
• Modeling of hybrid (continuous and discrete)
systems
• Combining equation oriented modeling with
logic based modeling

25

7/1/2014

Future Research Challenges:
Process Design
• Sustainable process design: Incorporation of
green engineering at design stage
• Product design: Design of novel molecules
such as ionic liquids, drugs
• Process intensification: Dramatic reduction in
the size of a chemical plant to improve
productivity (example micro-reactors)

Future Research Challenges:
Control
•
•
•
•

Economic model p
predictive control
Control of switched systems
Nonlinear and robust control
Control of large-scale and distributed
systems
• Simultaneous design and control

26

7/1/2014

Future Research Challenges:
Optimization
•
•
•
•
•

Optimization
p
of uncertain systems
y
Global optimization of non-convex problems
Optimization of large scale MILP/MINLP
Optimization of distributed systems
Enterprise wide optimization

(Relatively) New Frontiers in PSE
• Systems biology
• Complex systems

27
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Modeling of Biological Networks
Modeling
Optimization
Control
Fault
diagnosis

Focus





Delineate process and regulatory structure
Block diagram
Feedback motifs
Function-structure mapping

Parameter
estimation
Statistical
analysis
Risk
assessment
System
identification

Systems





Tryptophan system of E. coli
GAL system in S. cerevisiae and K. lactis
Cell cycle regulation in S. pombe
Osmotic stress pathway in S. cerevisiae

GAL system in S. cerevisiae and

K. lactis

Feedback loop

f1p
mutant

Feedback loop

f2p
Negative regulation

Focus
 Dynamic modeling & experimental validation
Feedback lacking mutant  Evolutionary niches of the two organisms
Positive regulation

28
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Complex Systems Modeling and
Analysis
Modeling
Optimization
Control
Fault
diagnosis

Complex systems:
• Multi-scale networks
• Emergent properties
• Adaptation and evolution
• Presence of uncertainty

Parameter
estimation

Vs

Statistical
analysis
Risk
assessment
System
identification

A complicated
system

A complex
system

Complex Systems Tools




Nonlinear dynamics and chaos
Agent-based models
Network theory

29
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Myths and Opportunities









Myth 1: PSE is only about clumsy math!
Myth 2: You need to be math geniuses!
Myth 3: You can only solve theoretical problems!
Opportunity 1: Solve high impact problems
Opportunity 2: Solve inter
inter-disciplinary
disciplinary and multimulti
disciplinary problems
Opportunity 3: Diversity of opportunities

Where do IITB students with PSE
research go?









ABB, Honeywell, GE, TCS, Ansys (Fluent), United
Phosphorous Reliance,
Phosphorous,
Reliance Shell
Public Sector Units (ISPAT/HPCL/IOCL)
External Students (NMRL (DRDO), BARC, IICT,
HEPL)
Post-doc (Delaware, Arizona State, UIC, NUS,
Washington Univ.)
Faculty (IIT Bombay, IIT Delhi, IIT Gandhinagar, IIT
Guwahati, IIT Hyderabad, PDPU)
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PSE Faculty in the Department of
Chemical Engineering, IIT Bombay
Associated Faculty

Core Faculty









Arun Moharir
Kannan Moudgalya
Mani Bhushan
Ranjan Malik
R i d Gudi
Ravindra
G di
Sachin Patwardhan
Sharad Bhartiya
Yogendra Shastri

Sanjay Mahajani
K.V. Venkatesh
Santosh Noronha
Pramod Wangikar
Sandip Roy
Chandra Venkataraman
Abhijit Chatterjee
K. P. Madhavan
(Professor Emeritus)

Thank You!
Contact me at
yshastri@iitb.ac.in
for an
any q
questions
estions or a cop
copy of this presentation

Oct. 2012
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CAST: Computing and Systems
Technology (AIChE Division)
Program areas:
• Process design
• Process control
• Process operations
• Applied mathematics and numerical methods
• Information
I f
ti technology
t h l

Oct. 2012
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Recent advances in
Reaction Engineering and Catalysis
Highlights of research at
Chemical Engineering, IIT Bombay
A.K. Suresh
Department of Chemical Engineering, IIT Bombay

July 4, 2014
Workshop on Recent Advances in ChE Research, IIT Bombay

Overview of Reaction Engineering &
Catalysis Research

Energy
Transfer

Mass
Transfer
Nonidealities

Momentum
Balance

Multiphase
Reactions

Reaction
Kinetics

Reactor
modelling
and
design

Rate
Selectivity
Operating
strategies

Electrochemical
Reactions

Electrocatalysis
Character
ization

Theoretical
studies
experimentation
modeling and
simulation

Catalysis

Synthesis
Biomimicry

Energy
Environment

Multi phase reactions:
Reaction and reactor modeling
Liquid-liquid Systems:
Polynitration – Safe and continuous synthesis of explosives (e.g. TNT)
π- π stacking of aromatics by 1H-NMR, effect of stacking on kinetics of nitration
Biodiesel synthesis – Kinetic models for a wide range of conditions and feeds
Interfacial polycondensation – Microencapsulation and Membrane synthesis
Reaction kinetics, influence of reaction environment on membrane structure and
function.
Gas-liquid Systems:
Liquid phase air oxidations (cyclohexane, glycerol)- mechanisms, selectivity
Nanofluids for process intensification –fundamentals; application to CO2 capture
Gas-solid Systems:
Automotive catalysis - Synergy between Pt and Rh catalysts
Pattern formation in catalytic packed-bed reactors –Non-adiabatic conditions
affecting pattern formation, multiple modes and their interplay, Chaos
(CO oxidation, ethylene hydrogenation, hydrodesulfurization)
Solid-solid Systems:
Mechanisms and models – e.g. Calcia-alumina system

Multi phase reactions:
Reaction and reactor modeling
CFD modeling of Chemical Reactors:
Underground Coal Gasification (UCG), Stirred
Reactors, Combustion furnaces
Reactor-separator combinations:
Reactive Distillation and Reactive chromatography
(Dimerizations, methyl acetate)
Design and synthesis, modeling and simulation,
Optimization, Process Development

Catalysis research
 What determines Catalyst activity and selectivity?
- catalyst cluster size effects: nanocatalysis
- support interactions
- synergistic/antagonistic interactions among catalytic sites
 What influences catalytic reaction pathways?
- External influences: homogeneous reactions, other catalysis
- Reactive intermediates and their stabilization
 How do we model catalytic systems?
- Macroscopic level: pseudohomogeneous to LHHW models
- Microkinetic modelling with inputs from molecular-level calculations
 Catalyst design informed by the above
Candidate systems:
Liquid phase oxidations
-- Cyclohexane to cyclohexanol/-one
-- Polyols to high value products
Bio-diesel and other industrial applications

Complex phenomena, biomimicry,
Electrochemical processes
Nonlinear phenomena, oscillations, chaos:
Isothermal systems due to kinetic complexity
Nonisothermal systems due to mass-energy balance
coupling
Learning from biology:
Modelling biological networks in order to understand
signalling, control, response in systems engineered
by nature.
Electrochemical reaction engineering:
Bipolar catalysis – reactor modelling
Electrochemical synthesis – replacing chemical
synthesis, electrocatalysis
Fuel cells – Energy & chemicals

Understanding and gaining insights –
A case of blind men and the elephant?
Mass transfer properties of nanofluids
Model apparatus
Special designs
Real world equipment

Reaction engineering at different scales
Micro

Lab/pilot scale

Real world

Reaction engineering –
Steady state vs dynamic behaviour

Continuous reactive distillation
Catalytic packed-bed reactors –
Pattern formation & implications

Catalysis: the holy grail of reaction engineering

Synthesis

Characterization

Performance evaluation, selectivity & activity

Finding how nature does it—
Modeling biochemical networks
Two-step enzymatic cascades

Interlinked feedback loop

Signal (information flow) amplification

Modulation of fluctuations

Oscillations in active form of ERK1/2 (pERK)

Diffusion-reaction:
“ who would have thought the old man to have had so
much blood in him?’’
Complexity in the autocatalytic LPO of cyclohexane

Diffusion-reaction:
“ who would have thought the old man to have had so
much blood in him?’’
Solid-solid reactions – a contact-point framework
2 ?
2
Dt
1 − α − (1 − α ) 3 = 2 2
3
Kr A0

ξ
⎡ ξ dr ⎤
D
I (ξ ) = ∫ S(ξ ) ⎢ ∫
⎥ dξ = t
S(r)
K
⎢⎣ξ 1
⎥⎦
ξ1

Diffusion-reaction:
“ who would have thought the old man to have had so
much blood in him?’’
Interfacial polycondensation:
-- Ionic equilibria, diffusion, reaction, phase separation,

Electrochemistry:
Mixing electricity and chemistry
1. Bipolar Electrolysis
2. Fuel cells and electro-catalysis
3. Electro-synthesis and electro-oxidation
4. Can reaction rates be predicted from electrochemical data ??



Bio fuels and Clean coal Technologies
250 l/batch

Facilities for reaction engineering research
Experimental facilities

Software tools

■

Thermal analysis – TGA, DSC, ….

■

Temperature programmed desorption/
pulse chemisorption.. (TPDRO)

■

■

BET

■

■

Reactor and reactor/separator systems

■

Analytical: GC-MS, HPLC, UV-VIS
spectrometers, FTIR

■

TEM, SEM

■

Potentiostats/Galvanostats, Rotating disk
electrode setup

■

Bio-diesel pilot plant

■

Stopped flow reactor

■

Electrokinetic analyzer

■

….

■

■
■

FLUENT, COMSOL, ANSYS
Comsol
ASPEN PLUS
LABVieW
Conputational environments:
MATLAB, Mathematica,….

Research challenges
 Rational catalyst design from first principles
 Kinetic models – how complex to make them?
 Complex reaction networks – can we learn from biology?
 Process intensification – microreaction technology, reaction/
separation, transport rate enhancement,.
 Energy/environment/sustainability
-- Clean coal technology (UCG, CCS,..)
-- Putting electrochemistry to work
-- Reaction engineering in pv materials,
-- biofuels, biorefinery
-- benign substitutes for polluting chemicals
 Safer, cleaner processes
 ..

Conclusions
 CRE continues to be an exciting field with a number of
challenges, and chemical engineers are uniquely placed
to make contributions
 CRE has yet to realize its full potential in terms of the
difference it can make to non-chemical engineering
areas such as energy, electronics, materials,
healthcare,
 The traditional driving forces for rate and selectivity are
being shaped by the current emphasis on energy
efficiency, cleaner processes, sustainable strategies
 Traditional areas and methods of analysis continue to
yield rich dividends
 At the same time, hybridization of ideas from other
fields has rich potential for impact

Dramatis personae
V.A. Juvekar
S.M. Mahajani
A. Mehra
A. Sarkar

A.K. Suresh
M. Vinjamur
G.A. Vishwanathan
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Synthetic Biology offers qualitatively new perspectives on the beneﬁts of industrially harnessed
biological processes. The ability to modify and reprogramme natural biology increases the scope of
tailored bioprocesses and yields attractive prospects beyond conventional Biotechnology. The present
review summarises the major achievements and categorises them according to a hierarchy of system
levels. Similar structures are known in the engineering sciences and might prove useful for the future
development of Synthetic Biology. The hierarchy encompasses several levels of detail. Biological
(macro-)molecules present the most detailed level (parts), followed by compartmentalised or noncompartmentalised modules (devices). In the next level, parts and devices are combined into functional
cells and further into cellular communities. The manifold interactions between biological entities of the
same hierarchical level or between different levels are accounted for by networks, primarily metabolic
pathways and regulatory circuits. Networks of different types are represented as a superordinate
hierarchical level that achieves full system integration. On all these levels, extensive and sound
scientiﬁc foundations exist regarding experimental but also theoretical methods. These have led to
diverse manifestations of Synthetic Biology on the parts and devices levels. Investigations involving
synthetic components on the systems scale represent the most difﬁcult and remain limited in number.
A main challenge lies with the quantitative prediction of interactions between different entities across
different scales. Systems-theoretical approaches provide important tools to analyse complex biological
behaviour and can support the design of artiﬁcial biological systems. A promising strategy is seen in an
efﬁcient modularisation that reduces biological systems to a limited set of functional modules with
well-characterised interfaces. For the design of synthetic biological systems the interactions across
these interfaces should be standardised to reduce complexity. Yet, the identiﬁcation of modules and
standardised interaction routes remains a non-trivial problem. Furthermore, an appropriate platform
that efﬁciently describes replication and evolutionary processes has to be developed in order to extend
the achievements of Synthetic Biology into designed biological processes.
& 2011 Elsevier Ltd. All rights reserved.
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1. Synthetic Biology: an engineering discipline?
From a very general perspective, research in different biological disciplines currently faces an important paradigm shift (Yeh
and Lim, 2007; Moroder and Budisa, 2010). In the past, it was
mainly coined by phenomenological, in some areas also quantitative, analysis of natural biological systems. Their understanding
was immensely extended and a fundamental platform to interfere
with cellular metabolic or regulatory networks was established
with genetics. It allows the creation of artiﬁcial biological systems
that feature new and innovative functions. Genetic methods have
been used extensively in the past to tune natural biosystems
regarding optimal production routes for speciﬁc bioproducts in
industrial applications. Engineers were able to substantially contribute regarding both methodology and quantiﬁcation within the
scopes of Metabolic Engineering and Systems Biology.
But since roughly a decade, the redesign or de novo construction of artiﬁcial biological systems has reached new horizons.
They represent the core focus of Synthetic Biology. Especially the
extent of interference has dramatically increased, driven by the
growing technical ability to genetically modify cells at substantially decreased costs (Carr and Church, 2009). Contemporary
research is no longer limited to tuning existing natural systems,
but is directly modifying them by including non-natural genetic
material, either from other organisms or even of completely
synthetic origin. This synthesis approach, which is particularly
new to all scientiﬁc biological disciplines, requires quantitative
and reliable predictions of an expected biological behaviour
following certain genetic manipulations. The orientation towards
more knowledge based modiﬁcations on the basis of theoretical
methods distinguishes Synthetic Biology from earlier forms of
genetic manipulations. In particular, a holisitic, trans-hierarchical
treatment of artiﬁcial biosystems will be necessary for their
increasingly complex design. In this context, engineering sciences
are expected to yield indispensable contributions to the further
development of Synthetic Biology. This is all the more, since apart
from gaining deeper insight into elementary biological phenomena, Synthetic Biology might decisively advance technical applications of biological systems in industry. An increasing
application of Synthetic Biology may well revolutionise areas of
central concern, like medical care, chemicals production or energy
supply. For this challenging prospect, close collaboration between

different scientiﬁc disciplines is strongly advisable. Already it
represents a characteristic feature of Synthetic Biology.
It may be useful to comment on the relation of Biotechnology
and Synthetic Biology in more detail here. Biotechnology has been
deﬁned as ‘‘the bioconversiony of organic feedstocksy to
chemicals, materials, and/or energy’’ (Otero and Nielsen, 2010).
Synthetic Biology, on the other hand, aims at constructing novel
biological organisms and systems. These organisms may be
designed to overcome certain obstacles in Biotechnology, but this
is not mandatory. Several strong indicators nourish the hope that
Synthetic Biology will lead to major advances or even breakthroughs in Biotechnology. Yet in our perception, Synthetic
Biology is neither identical to nor meant to replace Biotechnology.
Therefore, it is not our purpose to give an overview on the huge
ﬁeld of Biotechnology in this contribution. Instead, we discuss
how engineering sciences and methodologies, which have proven
to be useful in designing different kinds of machines, chemical,
and biochemical processes, might be utilised to construct artiﬁcial
biological systems. Along this line we review the recent achievements in Synthetic Biology, both experimental and theoretical. In
doing so, we make use of the systems engineering point of view to
classify different topical areas of Synthetic Biology, namely we
apply a hierarchical multi-level approach which has its root in
traditional engineering disciplines, like Chemical or Electrical
Engineering. This approach might create a suitable framework
for translating the achievements of Synthetic Biology into a new
generation of biotechnological processes.
In order to convey some fundamental approaches common to
most engineering disciplines, some cornerstones during the
development of Chemical Engineering are sketched in the following part. They provide a striking similarity to the current transition of biological research from analysis-oriented towards
synthesis-oriented disciplines. At the same time they suggest
some central prerequisites necessary to connect engineering
approaches on a sub-cellular level with classical approaches of
engineering bioprocesses.
1.1. Development of unit operations in Chemical Engineering
The rise of Chemical Engineering in the second half of the 19th
century was expedited by the industrial use of ground-breaking
developments in the ﬁeld of synthetic organic chemistry. Earlier
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successes – one of the most notable being the preparation of urea
by Wöhler (1828) – had demonstrated that organic molecules
could be synthesised from inorganic material. The ability to copy
natural molecules via synthetic routes was soon extended to
create completely new, artiﬁcial substances. Especially the extraction of phenol and aniline from the coal tar waste served as a key
process which by the second half of the 19th century had initiated
the development of chemical industries for dye as well as ﬁne and
bulk chemical production.
Driven by the diversiﬁcation and increasing demand of chemical compounds, engineering issues concerned with up-scaling
laboratory experiments into industrial plants evolved into an
independent ﬁeld. With the waning 19th century, ﬁrst educational programmes in Chemical Engineering were installed. They
soon identiﬁed with the concept of unit operations, a term coined
by A.D. Little in 1915. Since this time, the unit operation concept
has been a key paradigm in Chemical Engineering. It has accompanied Chemical Engineering industries during their second
major growth wave dated roughly to the 1930s that was focused
on the production of polymers and their intermediates. During
this period unit operations were successfully applied and reached
a high level of maturity. The accumulated experience was used to
develop generalised design heuristics and scale-up procedures.
This manifested their central role for systematically designing
chemical processes based on abstraction, modularisation, standardisation and optimisation (see Section 1.2). For more detailed
information regarding the historic development of Chemical
Engineering the reader is kindly referred to other publications
(Barnicki and Siirola, 2004; Yeh and Lim, 2007; Freund and
Sundmacher, 2008). Despite their success, unit operations establish constraints regarding the set of possible process solutions
during abstraction and simpliﬁcation. This has evoked the search
for conceptual alternatives. For example, in reactive distillation
two traditionally separated unit operations were integrated again
to yield higher performances concerning heat integration and
capital expenditures (Barbosa and Doherty, 1988). More recently,
rigorous optimisation efforts related to the ﬁeld of process
intensiﬁcation have produced some game-changing prospects
(Peschel et al., 2010).
Unit operations unfold their power in abstracting and generalising chemical production processes. They represent smaller
process elements into which a more complex process can be
decomposed, and are linked by well deﬁned interfaces. It is found
that a small number of unit operations, like mixing, chemical
reaction, separation, phase splitting, etc., is sufﬁcient to describe
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the vast majority of chemical production processes. As central
achievement, the technical operation is essentially decoupled
from its substance-based context resulting in a generalised
module with versatile applications. This paves the road for the
standardisation of individual unit operations, which generally
enables a reliable prediction and optimisation of process behaviour. Finally the design of new processes in the form of a new
module sequence is considerably eased.
The idea to build up processes or machines from a toolbox
containing only a few types of elements is not unique to Chemical
Engineering but seems to be typical for all engineering disciplines.
Another example is Electrical Engineering where different kinds
of circuits are designed from a few elements, namely resistors,
capacitors, inductions, switches, ampliﬁers, transistors, etc. Similar concepts exist in Mechanical and also in Civil Engineering, and
are currently expected to be of great value for the design of
synthetic biological processes. When designing technical processes, engineers are used to cope with uncertain or inaccurate
models. Only when the models are very accurate, the design
process is uni-directional in the sense that model-based computations immediately lead to a working prototype. This may be the
case in certain ﬁelds of Chemical Engineering, where the processes are very well understood, like the distillation of ideal
binary mixtures. However, in most ﬁelds of reaction engineering
and of biochemical engineering, uncertainties require an iterative
experiment-analysis-modelling cycle, in which it is expected that
more thorough process understanding will reduce the number of
necessary cycles to a minimum (Tyo et al., 2010).
1.2. Some general characteristics of engineering disciplines
The successful design of sophisticated technical processes is
usually achieved by dividing the design task into smaller subtasks. Modularisation efforts have proven very successful in this
respect, as was shown for Chemical Engineering in the previous
section. For long they have exerted considerable impact on our
technological and socio-economic structures. This is why they
signiﬁcantly coined nearly all engineering disciplines and are
ubiquitous in modern large scale production industries. However,
the simpliﬁcation of a technical process by decomposition into
modular subunits is only feasible if the process is per se predictable and if its essential behaviour has been scientiﬁcally
captured. Very general methods to reduce the overall physical
complexity involve abstraction, modularisation, standardisation
and ﬁnally optimisation. They are schematically shown in Fig. 1

Process synthesis
Abstraction

Modularisation

Standardisation

Optimisation

Interface definition
Independency

Predictability
Composability
Super-structure

Efficiency

design sequence

Heat

Reactants

A+B

C+D

Aim

Product

Simplification
Reduction

Fig. 1. Four essential conceptual steps for process synthesis in traditional engineering disciplines and their central achievements. The cartoons illustrate an example from
Chemical Engineering.
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of process control strategies and allow for systematic process
optimisation at every system level.
The translation of a physical reality concerning the investigated process into a suitable mathematical model represents a
further key feature throughout all engineering disciplines and
requires special attention. Like in the design of processes with
interchangeable components, system predictability is an important prerequisite. Predictability can be based on scientiﬁc knowledge from natural sciences or engineering research. It can also be
achieved by constructive measures: implementing an efﬁcient
stirrer in a liquid tank justiﬁes (to a certain extent) the assumption of perfect mixing and circumvents the need to model the
complex ﬂow ﬁeld. To keep the model transparent as well as to
avoid unnecessary programming work and possible numerical
difﬁculties, one strives to limit the model detail to a degree that is
just sufﬁcient to solve the problem (Ockham’s razor). This
restriction concerning the degree of detail is characteristic for
engineering disciplines and highlights their practical orientation.
Black-box approaches can have their justiﬁcation if predictability
of their outputs in response to well characterised stimuli is
maintained, for instance ensured by empirical correlations which
were determined by standardised procedures. An example is
readily taken from heterogeneous catalysis: it is very well
possible to formulate reliable reaction kinetic models for a
heterogeneous catalytic reaction for a given catalyst, even if the
physico-chemical processes on the catalyst’s surface are not
known in molecular detail. As long as one stays within the limits
of model validity, one can use it as a basis for process design. Such
an approach strongly contradicts the common notion of knowledge generation in the natural sciences where exhaustive insights
at every level of detail are pursued.
Simplifying technical process by abstraction, modularisation and
standardisation usually reduces the effort of their characterisation
and mathematical description. As a consequence, an increased
number of components, for instance in a network, or large scale
control strategies can be treated. But still the complexity of networks with large (yet limited) numbers of different components
may quickly exceed manageable proportions. This effect is especially
strong for highly coupled networks with non-linear interactions and
represents the scientiﬁc focus of complexity. Complex system

for a chemical process example. Well characterised interfaces
between the individual subunits provide the advantage of an
independent handling and composability. This is especially
important when novel processes are created by innovative resequencing of the basic operation blocks.
Such a reductionistic approach yields a limited number of
different kinds of modules that can be systematically structured
in a hierarchy. For example, in chemical plants local controllers
are used to stabilise the process units and to keep them at their
desired temperatures, pressures or compositions. A coordinating
control on a higher level adjusts the desired set-points in a way
that is optimal to achieve the production target of the whole
plant. Structural hierarchies that nest connected sub-operations
are mostly based on inherent organisational patterns, like hierarchical time and/or length scales. An example of a hierarchical
organisation is depicted in Fig. 2 for a chemical plant according to
length scale. It structures the chemical plant into three subordinate levels, namely the chemical facility level, the unit operations
level and the phase level. As the connecting element between
these levels, unit operations represent the ﬁrst structurally
modularised element that is decoupled from substance properties
and thus provides some degree of generality. Due to their
hierarchical organisation, all levels are linked. For instance,
changes on the phase level can propagate along the hierarchy
all the way to the plant level, where they can cause severe
consequences. The systemic integration is represented by the
material and control networks that establish connections within
as well as between the hierarchical levels.
For a quantitative treatment that is usually pursued in engineering, mathematical models are necessary and frequently used
for computer simulations. Often a very simple model of a subunit
is sufﬁcient for its description in terms of process design. For
example, the input–output behaviour of an electrical capacitor
may be described by a simple linear differential equation,
although the interactions between plates are quite intricate due
to the electric ﬁeld. An efﬁcient reduction is achieved by constructing the subunits in such a way that their input–output
behaviour is simple and easy to understand. In the era of
computer aided engineering, the process design tasks are strongly
assisted by model-based simulations. They also permit the design
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S. Rollié et al. / Chemical Engineering Science 69 (2012) 1–29

behaviour is hardly accessible by studying the system components
separately. Instead, it decisively depends on the integration of the
individual system components in order to explain unanticipated
system behaviour. This has been often demonstrated in the past
with systems theoretic analyses of chaotic systems (Sheard and
Mostashari, 2009; Elnashaie and Grace, 2007; Aubry et al., 1991;
Drazin and Sandelands, 1992). In Chemical Engineering, holistic
analysis is pursued in the ﬁeld of Process Systems Engineering,
while for biological systems it gave rise to Systems Biology. However, the understanding of complex effects remains complicated due
to the high number of non-linear network interactions coupled to
individual module behaviour.
Biological systems indeed indicate many conditions for complexity. An integrated holistic consideration of the different parts
in a biological system seems to be mandatory for a reliable
prediction of its behaviour. Yet, a comprehensive analysis is not
really possible today: often important players or their interactions remain uncharacterised or the computational power is not
sufﬁcient. The hope is that by an approach analogous to the
design procedures in engineering, predictable design and system
reliability may be introduced into different biological disciplines
(Endy, 2005; Arkin, 2008; O’Malley, 2009; Purnick and Weiss,
2009; Tyo et al., 2010; Heinemann and Panke, 2006; Keasling,
2008). The scientiﬁc framework that is proclaimed to accomplish
this has become a very active ﬁeld of research within the previous
decade and is beginning to separate into an independent research
ﬁeld under the umbrella term of Synthetic Biology.
1.3. Challenges for engineering methodologies in Synthetic Biology
Living systems have developed a high level of complexity and
diversity during their evolutionary past. Gradually this is becoming accessible to scientiﬁc biological disciplines with increasing
levels of detail. Recently biological research seems to have arrived
at a stage where the scientiﬁc challenge has shifted from mere
acquisition of data to their rigorous, multi-dimensional analysis.
Some exceptions granted, the interpretation of experimental data
can hardly keep up with the rate at which data is becoming
accessible, without either considerable focusing or systematic
reduction of physical detail (Carr and Church, 2009). Therefore,
approaches that are able to manage the complexity by hiding
information according to a set of design rules are in demand to
gain deeper insight (Keasling, 2008). As reported in Section 1.2,
engineering disciplines have produced convincing results in
chemical, electrical and also biotechnological systems to this
end. They have shown that the systematic analysis of a technical
problem and its modular decomposition into smaller sub-problems provides a reliable basis for optimal system design. In
general the problems were understood so well that mathematical
frameworks and standards could be developed.
Apart from a few biotechnological applications, biological
systems are not so well characterised. This holds especially true
for the sub-cellular level. Here, engineering approaches are
constantly challenged by undeﬁned parts, unpredictability,
incompatibility, high complexity and variability (Kwok, 2010;
Arkin, 2008). Often substantial scattering of data and deviations
between individual experiments cannot be properly explained
and may indicate incomplete theories. Common strategies to
combat limited predictability involve method standardisation
and experimental repetitions. The drawback is that these strategies usually remain case-related, tedious and often cannot really
explain system behaviour. Even today experimental implementations of innovative biological functions that were drafted on a
theoretical basis are prone to unpredictable behaviour. This often
entails trial-and-error procedures and ﬁne-tuning (Lu et al.,
2009). Furthermore, some phenomena related to biological
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systems, like the cell cycle, self-repair functions and evolution,
are new to traditional engineering disciplines and await proper
treatment. And ﬁnally, on a sub-cellular level metabolic and
regulatory networks remain closely coupled. In this case, biological activity can be controlled on a much more direct basis than in
traditional biotechnological applications, where control was predominantly exerted by extracellular parameters, like temperature
or concentrations. While this may enhance the overall process
efﬁciency, a rational design of metabolic and regulatory architectures is greatly complicated (Gilles, 2002).
The high expectations that are attached to engineering methodologies in the ﬁeld of Synthetic Biology are thus in the danger
of being disappointed at this early stage. Rather, most of the
major obstacles have to be tackled before detailed engineering of
biological processes can deliver useful results. It is generally
recognised that the synthesis-driven approach to do just this
represents the core aim of Synthetic Biology (Sismour and Benner,
2005; O’Malley, 2009; Keasling, 2008; Purnick and Weiss, 2009;
Moroder and Budisa, 2010). Hence, Synthetic Biology is not per se
equivalent to the engineering of cellular systems, but necessary to
enable it, much like synthetic chemistry paved the road for
Chemical Engineering that designed today’s industrial production
systems (Knight, 2005). And although methods from different
engineering disciplines can be of great value, many of the
activities summarised under the umbrella of Synthetic Biology
do not comply with engineering approaches. Not intending to
discredit the high value of past successes, a clear distinction as to
what is considered as engineering might assist a realistic assessment of the possible potentials and requirements of engineering
methods in their application to biological systems.
1.4. Hierarchical structure for biological system design
The methods provided by Synthetic Biology stand a realistic
chance of being implemented into industrial bioprocesses for
advanced products in the future. They will provide a scope of design
parameters that goes far beyond the technical possibilities of
Biotechnology as it is known today. Therefore, a suitable framework
has to be established for the design of artiﬁcial biological systems
and the integration of these systems into technical processes. For
this we take orientation from chemical process synthesis. For the
sake of the current discussion a similar structure is adopted that
hierarchically nests the main components according to their characteristic length scale. The hierarchy implies a tight coupling
between elements within and between individual levels. Four
closely linked levels are suggested: cellular communities level,
single cell level, cellular module level and ﬁnally the phases or parts
level. As a superordinated level, material and control networks
establish links between individual entities within and across the
four levels. Although the length scale of the involved components
does not present the only sorting criterion – others being function,
information ﬂow or response time – it is convenient and efﬁcient in
abstracting. The analogy is illustrated in Fig. 2.
As this ﬁgure shows, the plant level production in chemical
industries comprises the interaction of several highly specialised
facilities. Each facility in turn is made up of coupled unit
operations. They represent individual processes modules and
are usually implemented by standard apparatuses. Inside a unit
operation, chemical or physical substance transformation is
achieved within a single phase or between different phases by
mass, momentum and/or energy transport. The phase level
contains all relevant substances involved in a chemical or biotechnological process. Its players represent generalised particle
populations that constitute the different gas, liquid and/or solid
phases. Typical particle populations involved in chemical processes are atoms, molecules, gas bubbles, emulsion droplets,
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crystals, aerosols, etc. In addition, populations of living cells
appear as disperse phases in Biotechnology. For a more detailed
examination of biological populations, the phase level can be
decomposed further into a second four-level hierarchy, as shown
in Fig. 2. According to this concept, a chemical or biological
process can roughly be divided into two major parts. One part
addresses the substance independent process architecture, i.e. the
necessary ‘hard ware’ for an industrial production (left part of
Fig. 2); classical Biotechnology is mainly concerned with this part
of the hierarchical system structure. The other part deals with the
populations which carry the substance dependent information of
the physical, chemical or biological characteristics of the system
(right part of Fig. 2). The latter part involves the material-related
equilibrium and non-equilibrium properties of the considered
system.
Biological systems can be treated more systematically in this
way: the communities level considers all forms of coordinated
cellular interactions, the cellular level describes properties of the
individual cells, small metabolic and regulatory circuits featuring
speciﬁc intracellular functions are represented as devices on a
subordinated level that comprises non-compartmentalised modules or compartmentalised organelles, and ﬁnally the basic
biological parts including the genome, the transcriptome, the
proteome and the metabolome are included as the biological
parts level. All entities can be linked by metabolic or integrated
control networks, illustrated as embracing frames in Fig. 2. With
this structure the vast spectrum of possibilities to interfere with
natural systems presented by Synthetic Biology can be grasped
comprehensively. It may also serve as convenient background to
design future bioprocesses from the molecular to the cellular
level. In both hierarchies, the components can roughly be related
to the terminology of parts, devices and systems that has become
common terminology in Synthetic Biology. The classiﬁcation of
Leonard et al. (2008) sees parts capable of performing single basic
biological functions, devices as a combination of parts with a
human-deﬁned function and systems as a combination of various
devices in order to execute a speciﬁc task, all residing within a
chassis or host cell. But unlike the BioBrick Standard (Endy et al.,
2010; Canton et al., 2008), we do not restrict biological parts to
genetically encoded objects, but extend it to comprise all molecular players. This classiﬁcation is included in Fig. 2.
A key challenge remains the identiﬁcation of a unifying
organisational pattern that will overcome the immense complexity biological systems display today. Great scientiﬁc successes in
other ﬁelds were often related to such developments. For
instance, in physics the structure of atoms is now based on a
limited number of elementary particles whose interaction is
deﬁned by a set of basic forces, while in electronics Boolean logic
is used as a mathematical standard framework to describe system
behaviour. Yet another example is the periodic system of elements that organises the vast set of chemical substances by a
combined approach of hierarchical modularisation and standardisation. These examples demonstrate that unifying patterns,
although often breaking with contemporary views, are able to
reorganise and simplify scientiﬁc disciplines. A periodic table of
biological components (Yeh and Lim, 2007) or a limited set of
elementary biological functions could thus indeed prove a coup
that makes biological systems designable by rationale.
1.5. Expected contributions of Synthetic Biology to Biotechnology
On the long run, the investigation of biological systems is
primarily motivated by expected beneﬁts for the well-being of
human society. In cases where biological production systems prove
to be advantageous over standard chemical processes, for instance
in terms of simplicity or cost and energy efﬁciency, their

technological exploitation is the ultimate goal. Several successes to
produce large quantities of desired amino acids, vitamins or proteins
were achieved by classical Biotechnology over the past decades.
Some of the processes are already based on the ability to modify the
genetic material by recombinant technologies. Strictly speaking all
recombinant organisms are non-natural and therefore synthetic.
Recognising this, the ﬁeld of Synthetic Biology wants to accomplish
more. It focuses on redesigning existing or creating new (i.e.
artiﬁcial) biological systems all the way from the parts to the
systems-scale. Primary intentions aim at extending biological production possibilities beyond those of classical Biotechnology as it
exists today. This is strongly related to the scope of the metabolic
molecules that can be produced by cells. But important advantages
are also expected for the overall process architecture, the feed
composition or the harvesting of product.
These developments go hand in hand with the aim to reduce
time and cost both in development and in the production itself.
Much like the establishment of unit operations served as a key
paradigm of Chemical Engineering, biological core components
are envisioned as exchangeable subsystems whose functions can
be reliably tailored to meet speciﬁc performance criteria
(Keasling, 2008; Amidi et al., 2010; Drubin et al., 2007). Following
the identiﬁcation of elementary biological functions by systematic abstraction and modularisation, compatibility and predictability issues can be addressed by means of standardisation and the
design of reliable interfaces.
1.6. Incorporation of Synthetic Biology into biotechnological process
design
It is unquestionable that the use of biological processes in
industry has in some cases become a competitive alternative to
classical chemical production routes. This was greatly assisted by
an improved understanding of microorganisms and by substantial
developments regarding the design of biotechnological processes.
In the light of Synthetic Biology, the progress in the ﬁeld of
Biotechnology is more focused on the substance-independent
process architecture, which would correlate with the left hierarchy in Fig. 2. Of course we recognise that substantial contributions towards the competitiveness of biological processes were
made by genetic or metabolic engineering on a sub-cellular scale.
Yet they appear rather restricted in the light of Synthetic Biology.
Therefore, the design of biological processes on a substancerelated basis has to be re-evaluated. In particular, an integrated
process design has to be envisaged that considers all levels of
inﬂuence on cell populations. The hierarchy shown on the right in
Fig. 2 might provide a convenient background structure to
this end.
Designing a biological process from the molecular all through
to the industrial production scale represents a problem of tremendous complexity. This is mainly caused by closely coupled
interactions of the involved players. Therefore the number of
experimental validations would currently greatly exceed those
necessary to design a classical chemical process. In order to tame
the complexity, the development of intelligent simpliﬁcation
strategies seems reasonable. As mentioned before, substantial
contributions are expected from modularisation and standardisation routines. But purely reductionistic approaches may fail to
capture important properties that result from diverse interactions. Hence, a holistic approach, that ﬁnds a compromise
between necessary reduction and important detail has to be
found. As in other engineering disciplines, it should identify the
level of detail just sufﬁcient to execute a speciﬁc task.
The synthesis of biological systems for use in biotechnological
processes can proceed in a top-down or in a bottom-up direction
(see Fig. 2). A classical top-down approach would embrace
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modiﬁcations on an existing biological system. This would include
established methods of metabolic engineering or the generation of
recombinant mutants. Some of these endeavours were pursued
with the expectation of quick successes usually in combination
with a very pragmatic focus. Since validated concepts to design
completely artiﬁcial cellular systems are essentially lacking, the
combination of different natural cell materials is still required. It
provided a broad scientiﬁc basis for manipulating natural cells.
However, such approaches often amplify the complexity inherent
to a cell, instead of reducing it (Yadav and Stephanopoulos, 2010).
This is caused by incomplete knowledge over the biological background. Often the modiﬁed systems do not behave as expected
and reinforce problem-related solutions by trial-and-error. Hence,
top-down modiﬁcations might not represent the optimal route
towards a systematic design of biological systems.
Therefore, it would seem more reasonable to pursue a bottomup strategy, especially in the light of Synthetic Biology. A key
advantage is seen in the fact that artiﬁcial systems can be
generated free from evolutionary ballast. In this way, inﬂuence
over the level of complexity is achieved by design and not
imposed by biological boundary conditions. Possible interferences
may thus be reduced to a manageable minimum. In the end, this
would comply with the repetitively, almost dogmatically, cited
Feynman quote ‘What I cannot create, I do not understand.’
(Feynman, 1988). But a rigorous bottom-up strategy is quickly
hampered by the level of complexity that has to be achieved in
order to mimic characteristic properties of natural cells. A full
reconstruction of a ‘living’ cell that can evolve and reproduce by
itself has not been achieved to date, despite progress in RNA
engineering, membrane science and the identiﬁcation of streamlined genomes (see Sections 2 and 4). This is probably the main
reason, why top-down efforts dominated the activities in Synthetic Biology over the past decade. For the future it will be
important to merge the rich backgrounds that have evolved by
top-down and bottom-up strategies.
In the remainder of this article, a systematic review of the
activities in the ﬁeld of Synthetic Biology is presented. Most
activities fall into the previous decade. Whereas in some areas
already a rather high level of maturity has been developed, others
face open questions. Some of these are quite old, for instance
related to predictability and evolvability issues. Our review
proceeds along the hierarchical organisation shown in Fig. 2. It
focuses on the development and application of synthetic compounds in each level and draws examples from many different
ﬁelds of biological research and application. While paying due
respect to pioneering experimental work, we also highlight
important modelling issues relevant in this ﬁeld in order to
identify open areas that demand increased attention.
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2. Synthetic biological parts
The most elementary engagement with natural biological
processes is possible on the level of biological parts. This was
already pointed out in the context of introducing the hierarchical
structure of Fig. 2. Biological parts represent the basic material or
functional components that constitute a biological system. To
fulﬁl all the different tasks, they include diverse substances,
which are often categorised into genome, transcriptome, proteome and metabolome. Any modiﬁcation of natural biological
systems on elevated hierarchical levels eventually has to be
implemented or ‘programmed’ on the parts level. Biological parts
therefore also act as hardware for the storage of information, both
on a short and a long term. This is why genetic material, like DNA
or RNA, as well as amino acids and proteins are of central concern
to Synthetic Biology. Fig. 3 illustrates these three classes and
summarises possibilities for synthetic modiﬁcations regarding
composition and function. To manipulate biological systems on
this level it is convenient that many natural biological parts are
organised in a highly modularised fashion, i.e. that they are
assembled from a limited number of basic molecules. For engineers this presents a suitable basis to design modiﬁcations or
artiﬁcial recombinations. They aim for advances in biotechnological processes by harnessing the tremendous possibilities hidden
in additional unnatural functions. To date, the artiﬁcial recombination of extant parts dominates the investigations in this area.
However, an incorporation of unnatural parts appears to be even
more innovative. Therefore this section focuses on them, while
artiﬁcial recombinations will be considered as part of other
sections in this contribution.
Restrictively deﬁned, biological parts comprise a limited set of
elementary biochemical modules that act as building blocks for
biological materials, like amino acids, nucleotides, lipids and
sugars. The exchange of natural biomolecules by synthetic ones
can have a large effect on the functionality of the respective part
or its interaction with other parts. To construct novel biochemical
parts, very detailed insight on the molecular scale is necessary. It
may help to identify causal relations between modiﬁcation and
effect for a more efﬁcient design. But the unravelling of macromolecule behaviour still presents an intricate task, often facing
computational limitations. This is evident in the ﬁeld of computer
assisted enzyme design for use as biocatalysts (Schueler-Furman
et al., 2005; Bromley et al., 2008).
Apart from such a strict deﬁnition, biological parts can also be
understood in a more general sense as minimal functional units.
Following this interpretation, a biological part may consist of
more than just one biochemical building block. Also, they are not
restricted to a certain kind of substance. As an example, proteins

Synthetic amino acids
and proteins

(coding)

(coding / non-coding)

(non-coding)

Synthetic
Substances

Synthetic RNA based parts

Nucleobases
Sugar residues
Phosphodiester backbone

Nucleobases
Sugar residues
Phosphodiester backbone

Amino acids / peptides

Synthetic
Functions

Synthetic DNA based parts and
genomes

Types of DNA parts:
e.g. promoters, protein coding
sequences, plasmids, primers,
spacers, enhancers

Functions:
Sensor, transmitter, actuator
Types of RNA parts:
e.g. RBS, terminators, ribozymes,
mRNA, antisense RNA, siRNA,
miRNA, sRNA/riboregulators

Functions:
Enzyme, transporter, signal,
structure

Fig. 3. Schematic summary biological parts suitable for synthetic modiﬁcations on the substance and the functional level.
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can be interpreted as biological parts as well—not with regard to
their molecular structure, which comprises many different molecular building blocks, but in terms of function. In Synthetic
Biology this is the dominating perception. It enables the subdivision of complex biological processes into sequences of simple
elementary functions. They can be categorised into classes of
modular functional units, for instance promoters, ribosome binding sites, primers and terminators on genetic level. These building
blocks do not encode amino acids but take part in executing
complex regulatory functions. The large number of these genetic
parts is being collected in an open-source library named the
Registry of Standard Biological Parts (http://parts.mit.edu) (Endy,
2005; Endy et al., 2010). It also intends to capture standardised
performance criteria as a key element for making Synthetic
Biology more quantitative.
2.1. Technical and safety implications of synthetic biological parts
Thrilling possibilities seem accessible by using synthetic parts.
Therapeutic beneﬁts by new substances or solutions to energy
problems by regenerative fuels are just two examples. They could
rely on metabolic products beyond the scope of the conventional
biotechnological repertoire or on unnatural cell behaviour. To this
end, genetic material, amino acids and proteins can deliver
valuable contributions. Unnatural nucleic acids can facilitate an
expansion of the genetic code and thereby signiﬁcantly increase
the information capacity of genetic material in cells (Section 2.2).
RNA based parts and devices, like riboregulators, riboswitches or
ribozymes, are envisaged as suitable molecules for programmable
automation due to their modular structure and an accessible
relationship between sequence, structure and function (Section
2.3). And ﬁnally, unnatural amino acids can be helpful in decoupling synthetic networks from natural housekeeping circuits, or in
the construction of novel enzymatic capabilities (Section 2.4). In
addition, synthetic parts can be used to gain insight into fundamental biological principles. Although research endeavours currently focus on activities that involve cells or cellular constructs,
cell-free systems could also provide important contributions. For
example, a novel synthetic enzyme may pave the way for
innovative applications without the need for cells. This approach
is restricted to parts that can perform their function independently in a stand-alone fashion, like enzymes or ribozymes.
An important goal in designing artiﬁcial biological parts is their
independence of a host’s metabolic or regulatory networks. Biological parts of synthetic networks can be decoupled from natural ones
by choosing different biochemical structures, that guarantee minimal interference. This kind of decoupling represents intentional
system disintegration and is commonly referred to as orthogonality.
It offers decisive advantages over heterologous pathways by limiting
network connectivity. Interactions between natural and artiﬁcial
systems are reduced to a limited number of well-deﬁned inputs and
outputs as will be discussed in detail in Section 3. Functional
modules with deﬁned interfaces are considerably easier to design
and implement. Fully operational artiﬁcial systems of gene coding,
translation and transcription in parallel to a host cell’s are already
envisaged. They would tremendously downsize complexity. Using
unnatural molecules in a biological context can achieve can also be
associated with chirality issues.
The implementation of unnatural parts within a replicating
cell machinery is associated with some risks. Although it is not
very probable to generate harmful artiﬁcial components that
successfully spread in an uncontrollable fashion, the consequences could turn out to be very severe. Therefore, strict care
has to be taken to ensure that manipulated systems are properly
contained. The use of isolated biological systems comprising
orthogonal parts has been proposed as an intrinsic biosafety

measure (genetic ﬁrewall Schmidt, 2010). It assumes a complete
lack of interactions between synthetic and natural systems if
translation and transcription machineries are completely
decoupled. Facing evolutionary development by mutational variation and selection pressure, absolute certainty that natural
systems will not adopt these components is however not guaranteed. In fact, ﬁrst studies demonstrated the successful incorporation of non-natural nucleotides into conventional genetic
material (Yang et al., 2007; Delaney et al., 2009), indicating that
connections may evolve unintentionally and uncontrollably. Long
term biosafety but also biosecurity issues have to be solved in
parallel to scientiﬁc development.
2.2. Synthetic DNA based parts and genomes
A cell’s genome comprises all necessary information for a
living cell in its sequence and structure. It is composed of
deoxyribonucleotides as basic building blocks. Each of them is
again subdivided into a hydrophilic phosphate, a deoxyribose
sugar molecule and a nucleobase. Alternating phosphate and
sugar residues are linked by covalent phosphodiester bonds and
form the backbone of DNA single strands. The nucleobases are
attached to the sugar and align in a complementary fashion
between two DNA strands. In combination with hydrogen bonds
an anti-parallel double helix structure is formed. In nature, ﬁxed
set of four DNA nucleobases exists, namely adenine (A), cytosine
(C), guanine (G) and thymine (T), which can biochemically be
classiﬁed into purines (A and G) and pyrimidines (C and T). The
molecular structure of DNA is illustrated in Fig. 4. In RNA thymine
is usually replaced by uracil (U) as a ﬁfth kind of pyrimidine.
Complementary hydrogen bonding is possible only between
adenine and thymine/uracil as well as cytosine and guanine.
The ﬁrst artiﬁcial gene was synthesised in 1970 (Agarwal et al.,
1970). Since then the scale and precision of analysing or synthesising DNA have grown exponentially while the costs steadily
decreased (Carr and Church, 2009). Just recently, a whole bacterial genome was synthesised according to a natural blueprint and
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was implemented fully functional in a host cell from a different
species (Gibson et al., 2010). Yet a paradoxical gap remains
between the skill to synthesise DNA and the ability to transform
a desired biological function into programmable genetic code
(Clancy and Voigt, 2010). The gap illustrates the different levels
on which synthetic biological functions are handled. While functional design is usually pursued in an abstract language on
hierarchical levels beyond the basic parts, the genetic code has
to map the information as a nucleotide sequence on DNA. The
mapping of design information across different hierarchical scales
down to implemented hard-ware is typical for many engineering
disciplines. In biological systems, however, an efﬁcient machinery
that transforms a desired function from a higher language level
into a sequence of genetic code is essentially missing (Clancy and
Voigt, 2010). To some extent this surely results from the many
diverse interactions and functions that biological functions, for
instance genetic circuits, often show. Apart from constantly
reminding us of the tremendous variety prevalent in natural
biology, they make biological systems seem amorphous and
insubordinate to quantitative algorithmic implementation
(Clancy and Voigt, 2010). Yet, several different genetic parts have
already been identiﬁed and isolated from natural systems. Some
have been collected in the open-source Registry of Biological
Parts, categorised by their function along with a standardised
quantitative characterisation (Endy, 2005; Canton et al., 2008).
Genetic circuits can then be patched together from different parts
that feature suitable characteristics and implemented in a host
organism that will henceforth express a desired transgenic
behaviour. This strikingly illustrated the extent of modularity in
biological systems.
Considering the difﬁculties attached with the language of
natural biological parts, the design of totally artiﬁcial systems
from unnatural building blocks must seem rather visionary. Yet
nucleotides have been manipulated on the phosphodiester backbone, the desoxyribose that links phosphodiester and nucleotide,
or the nucleotides themselves. These studies often aim to create
genetic structures that are independent from their natural counterparts. Orthogonality is especially important to decouple interactions, as will be discussed in Section 3. In addition, artiﬁcial
molecules can increase the stability of oligonucleotides against
degradation. Numerous alternatives to the phosphodiester backbone have been studied, such as phosphorothionate, where a
phosphate oxygen is replaced by a sulphur atom (Appella, 2009).
It is interesting to note, that although phosphorothionate links are
chiral, they are recognised by natural polymerases and ribosomes.
Other modiﬁcations of the DNA backbone include boranophosphates and phosphonates. Apart from modifying the phosphodiesters, the furanose ring can be replaced by acyclic analogs like
glycerol or peptides, which are conformationally more ﬂexible
and easier to synthesise (Appella, 2009). Promising candidates
tolerated by natural polymerases include threose (in TNA) or
hexitol (in HNA) (Appella, 2009). Experiments, however, indicated
some fundamental changes in cellular behaviour. Finally, the
development of non-natural base pairs can be achieved by two
basic strategies. The ﬁrst maintains the Watson–Crick-like network of hydrogen bonds between complementary bases, the
other uses hydrophobic groups that mimic the shape and polarity
of natural bases (Yang et al., 2007; Krueger and Kool, 2009). The
ﬁrst enzymatic incorporation of isoguanosine and isocytidine as
new base pairs into DNA and RNA was reported in 1989 (Switzer
et al., 1989). Since then several other base pairs and single base
replacements have been identiﬁed (Appella, 2009; Krueger and
Kool, 2009). Base pairing relying on hydrophobic interactions has
also emerged as a promising strategy for expanding the genetic
code. Leconte et al. (2008) recently identiﬁed synthetic base pairs
suitable for an extension of the genetic alphabet. Non-natural
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DNA base pairs have also been successfully incorporated into a
phage genome (Delaney et al., 2009). The phage could replicate
well in Escherichia coli, showing that the natural replication
machinery recognised the artiﬁcial material correctly.
2.3. Synthetic RNA based parts
Apart from interfering with DNA based genetic parts, interesting possibilities arise from RNA modiﬁcations. Although biochemically both are very similar, they adopt different natural
functions within a cell. While DNA is mainly used for long term
information storage, RNA connects genetic DNA information with
protein biosynthesis. In addition, it executes many different noncoding functions, like genetic or post-translational regulation,
enzymatic activity or ligand binding functions. Here it can act
as sensor, actuator or transmitter of information. Often different
functions are integrated into a single RNA device, for instance if
the binding of a ligand activates a programmed function (Soukup
and Breaker, 1999; Winkler et al., 2004). In Synthetic Biology,
they were investigated both in vitro (Soukup and Breaker, 1999;
Stojanovic and Stefanovic, 2003; Benenson et al., 2004, 2001) and
in vivo using bacteria (Winkler et al., 2004; Isaacs et al., 2004),
yeast (Win and Smolke, 2007) and mammalian cells (Rinaudo
et al., 2007; Chen et al., 2010). The diverse properties of RNA parts
result from complex secondary structures that support interactions with different classes of biomolecules (Isaacs et al., 2006). A
selection of non-coding RNA functions is shown in Fig. 5. In RNA,
the causal relationship between sequence, structure and function
is more accessible than in DNA. Computer programmes use this
information to predict RNA folding into secondary structures from
its sequence. Similar to DNA, RNA parts are modular which makes
them attractive molecules for programming synthetic functions.
Of course, they can also be modiﬁed biochemically. But since
these changes correspond to those described for DNA previously,
this section focuses on the synthesis of different RNA functions as
building blocks for molecular machines.
RNA sensors are parts that can detect different kinds of input
signals. Such signals usually induce conformational changes or
affect ligand binding properties. For instance, the temperature
dependency of RNA secondary structures has been used in sensors
that detect temperature changes (Neupert et al., 2008;
Waldminghaus et al., 2008). But also the detection of molecular
signals like nucleic acids, carbohydrates, proteins and small
molecules by highly speciﬁc binding to RNA aptamers has been

Fig. 5. Schematically illustrated examples of RNA parts and devices with
non-coding functionality.
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demonstrated (Soukup and Breaker, 1999; Winkler et al., 2004;
Hermann and Patel, 2000). If a sensor is not directly coupled to an
actuator, detected signals can be transmitted along speciﬁc
structures within the same RNA device. Often transmitters are
RNA sequences that can pass on a signal by means of conformational modiﬁcations (Win et al., 2009). Hence, they represent
bridging elements between sensors and actuators and primarily
act as a communication modules. Finally, RNA actuators express
the device’s reaction towards the detected input signal. Without
them, a detected signal would remain invisible.
Stand-alone actuators offer a wide range of biomolecular
control inside cells. They are involved in regulating gene expression either before transcription, between transcription and translation, or post-translationally. Well known parts belong to this
RNA category, like transcription terminators, ribosome binding
sites, ribozymes and their special subclass of ribosomes, and
different kinds of gene silencers. Gene silencing relies on basepairing with target messenger RNA molecules (mRNAs) to activate or inhibit protein translation. Common are antisense RNA
(Ji et al., 2001), small interfering RNA (siRNA) (Fire et al., 1998;
Novina and Sharp, 2004), micro RNA (miRNA) (Lagos Quintana
et al., 2001) or small regulatory RNA (sRNA), also known as
riboregulators (Isaacs et al., 2004; Majdalani et al., 2005). Simple
RNA devices that consist of a sensor, transmitter and actuator
module can be formed by mechanical tethering. Riboswitches
represent small RNA devices. In natural systems they can affect
gene expression by conformational changes upon binding of
speciﬁc biomolecules (Isaacs et al., 2006; Mandal and Breaker,
2004). Because they can be patched together from suitable parts
(Soukup and Breaker, 1999), riboswitches provide a convenient
method to interfere with cell regulation. This has already been
demonstrated by establishing control over mammalian cell proliferation Chen et al. (2010) and could prove to be important for
medical purposes (Blount and Breaker, 2006).
Also, more complex nucleic acid based autonomous machines
are conceivable. Some have been developed that perform sophisticated tasks in response to their environment by logical evaluations
(Isaacs et al., 2006). Benenson et al. (2001, 2004) created a molecular
automate in vitro that logically analysed levels of mRNA and
produced molecules capable of affecting levels of gene expression
in response. In a different study, Stojanovic and Stefanovic (2003)
constructed a three input molecular automation based on a Boolean
network of deoxyribozymes as building blocks that can play a
dynamic game of tic-tac-toe against a human opponent and never
looses. Molecular automata have also been implemented in vivo. In a
more recent study, Rinaudo et al. (2007) demonstrated the direct
evaluation of expressions with up to ﬁve logic variables in mammalian cells based on Boolean logic and siRNA.

primary structure. Due to intermolecular forces acting between
different atoms of the biopolymer, the chain may fold into higher
order structures. Next to the primary, three more conformational
levels exist which convert the amino acid chain into a protein. The
folding is quite intricate but reproducible and robust. It essentially assigns the speciﬁc function to a protein. Generally, all the
information required for the folding and function of a polypeptide
is encoded within its sequence (Anﬁnsen, 1973). However, sometimes cofactors are necessary for proteins to embrace their full
functionality, and correct folding may depend on the assistance of
chaperone proteins (Bromley et al., 2008).
Amino acids are able to interact with many different material
species, including DNA, RNA, lipids, sugars and other proteins. In this
way, proteins and peptides are able to participate in nearly every
cellular process. The most important protein function is probably
their catalytic activity as enzymes. It enables the majority of
biochemical reactions taking place in cellular metabolism. Proteins
can also interact with the regulatory networks as signalling molecules, for instance as hormones. Further important functions include
the regulation of transport processes across cell membranes and
structural stabilisation of cellular tissues, for instance as collagens or
as tethers that co-localise organelles (Kornmann et al., 2009).
Excreted protein products are also common, like spider silk which
already attracted Synthetic Biology attention for technical exploitation (Vendrely and Scheibel, 2007; Scheller et al., 2001). With
protein functionality essentially depending on amino acid sequence
and structure, two main strategies exist to modify proteins. On the
one hand, new chemical, physical or biological properties can be
incorporated by unnatural amino acids. On the other hand, tailored
protein functions might be designed by introducing modular functional motifs from natural proteins.
Unnatural amino acids can be used to study the stability,
speciﬁcity and catalytic properties of proteins. Also they bear the
potential to create totally new and previously impossible protein
properties. Amino acids are further used to mimic post-translational modiﬁcations (PTMs), like glycosylation, phosphorylation
or acetylation (Wang et al., 2009). A method to incorporate single
unnatural amino acids into proteins under in vitro conditions was
already reported in 1989 by Noren et al. (1989). The authors
demonstrated the use of a blank nonsense codon to bind a noncanonical amino acid at a speciﬁc position within the amino acid
sequence during protein biosynthesis. Incorporation of non-canonical amino acids into proteins in vivo requires additional components for the biosynthesis machinery (Wang et al., 2001, 2009).

2.4. Synthetic amino acids and proteins
Proteins and peptides are natural polymers. They consist of
different kinds of amino acid molecules as modular building
blocks. The sequence in which the amino acids are linked is
determined by the genetic information contained in the coding
regions of DNA. In protein biosynthesis, this information is ﬁrst
transcribed into single stranded mRNA, before it is translated into
an amino acid sequence by ribosomes. The amino acids are
encoded by nucleotide triplets, referred to as codons. A total of
64 triplet codons specify 20 canonical amino acids and 3 stop
signals. Selenocysteine and pyrrolysine represent two additional
amino acids as natural extension of the genetic code (Wang et al.,
2009). Individual amino acid molecules are linked with each other
by a covalent peptide bond that results from a condensation
reaction catalysed by ribosomes, as shown in Fig. 6. In this way, a
linear sequence of amino acids is formed which is referred to as
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Fig. 6. Schematic representation of a polypeptide strand that forms the primary
structure of a protein. The genetic code is presented as background.
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A set of tRNA, codon and synthease that links the amino acid to
the tRNA is necessary. It has to be orthogonal to the endogenous
counterparts and yet be functionally compatible with the remaining components of the translation apparatus like the ribosomes.
Recently, also orthogonal ribosomes have been used and yielded
signiﬁcant elevated efﬁciencies (Wang et al., 2007). Unique
codons for specifying unnatural amino acids can be generated
by slight manipulation of the genetic code. Blank stop codons, like
the nonsense amber stop codon (TAG in DNA, UAG in RNA), were
used for in vivo incorporation of non-canonical amino acids into
proteins in E. coli (Wang et al., 2001), Saccharomyces cerevisiae
(Chin et al., 2003) and mammalian CHO cells (Liu et al., 2007).
Quadruplet codons as additional information carriers are also
conceivable. To date only unnatural amino acids of a single type
have been incorporated into proteins.
The other strategy encompasses the redesign of natural proteins. The ﬁrst step here is to identify protein motifs that induce a
desired function, for instance binding sites for speciﬁc substrates
or catalytic centres. Upon isolation, these can be rearranged or
transferred into novel constructs in a modular fashion (Blancafort
et al., 2004; Heinemann and Panke, 2006). The design of new
protein structures is often assisted by chaperones or zinc ﬁngers.
While chaperones help proteins fold into a speciﬁc structure, zinc
ﬁngers stabilise structure by coordinating one or more zinc ions
with a combination of cystein and histidine residues. The design
of novel proteins is very challenging, both experimentally and
computationally. Due to the intricate interactions on the molecular scale, experiments usually have to be guided by computational methods. They aim for an ab initio prediction of protein
structure and function from its primary sequence. To analyse
high-dimensional energy landscapes, two classes of molecular
modelling techniques were developed. The one aims for macromolecular dynamics, the other for sequence optimisation with
minimal free-energy conformations. But despite substantial
improvements, the accuracy of simulations still underscores high
resolution experimental methods, like X-ray crystallography or
nuclear magnetic resonance (Schueler-Furman et al., 2005). Often
the accuracy is limited by computational power. Hence, de novo
computational design of proteins is still in its infancy. Yet, some
important milestones in redesigning natural proteins with new
function have been reported. Small molecule receptors were
designed that respond to speciﬁc ligands, for instance a receptor
that causes bacteria to turn green when exposed to TNT (Looger
et al., 2003). There has also been exciting progress in the design of
synthetic enzymes (Rothlisberger et al., 2008; Jiang et al., 2008;
Kaplan and DeGrado, 2004).

3. Synthetic devices and modules
Natural biological systems are governed by an abundance of
diverse intra-cellular processes. Some even remain unknown so far.
Therefore an approach to generate better scientiﬁc understanding
is desired for the successful application of Synthetic Biology.
Simpliﬁcation strategies that introduce abstract systematics into
biology seem to represent particularly promising routes, as will
become clear throughout this section. They relax the dominating
substance-based perception in favour of abstract structural or
functional modules. Modules intend to group highly connected
arrangements of individual parts according to a certain set of rules.
Thereby they decrease the connections between bordering elements and achieve more independence (Kashtan and Alon, 2005;
Ravasz et al., 2002). Structural modularity captures the ability of
large molecules or systems to be physically separable into multiple, structurally independent domains. Functional modularity, on
the other hand, represents the ability to function independent of
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Fig. 7. Schematic example of modularity in an undirected network graph with
parts represented by nodes (gray circles) and their interactions by edges (lines).
Structural modularity exists between the compartments, while functional modularity organises different units within a network. A network motif is indicated as
recurring structure.

context and thereby allows a transfer into differently arranged
systems (Bhattacharyya et al., 2006). This is schematically shown
in Fig. 7, where the nodes represent the biological parts and the
lines or edges their interactions. The edges refer to metabolic or
signal pathways and are often associated with a speciﬁc direction.
Many modules also contain recurring patterns or motifs, for
instance in circuit architectures (network motifs) (Kashtan and
Alon, 2005). They can be organised in a hierarchical fashion (Ravasz
et al., 2002). In this way modules are decoupled from their
substance basis and become abstract and composable. This is
why biological modules best correspond to the level of unit
operations in chemical processes. Some properties attached to
modular systems are desirable in many technical processes, as
already discussed in Section 1. This is especially the case for
synthetic rearrangements of individual parts in biological systems.
Reconnecting existing parts into new functional devices or modules has become an important focus of modern biological disciplines. It motivated the BioBrick concept as open source library for
biological standard parts (see Section 2). Yet, the identiﬁcation of
modular structures in biological systems remains an open and
challenging problem due to the high degree of coupling between
the individual parts. Strong coupling is a problem which is
especially associated with top-down analysis approaches. Compared to bottom-up approaches which are based on modular
structures by design, this presents an essential disadvantage.
This section focuses on grouping basic parts with a speciﬁc
biological function into simple modules. Modules are identiﬁed
from large system networks and often their structure collapses
into a limited set of network motifs, greatly simplifying biological
network topologies (Alon, 2007b). Topics associated to large
networks that result from connecting different devices will be
discussed on the systems level in Section 6 and are excluded from
current considerations.
3.1. Modularity in biological devices and networks
Natural biological systems feature many different units that are
structured into functional modules. On the parts level alone, genetic
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material like DNA accommodates many modules with different
functions, such as non-coding introns or coding exons with open
reading frames (ORFs) or untranslated regions (UTRs). Together
with regulatory elements like enhancers, silencers, promoters or
operators they indicate the abundance of functionally decoupled
genetic modules. The same holds true for proteins. They can be
subdivided into structural parts that fulﬁl speciﬁc tasks, like
catalytic centres or binding sites in enzymes. Protein regulation is
often organised in a modular fashion too. For instance, in signalling
enzymes input signals are received by speciﬁc receptor domains.
Adaptors or scaffolds represent further modules that structurally
organise sets of enzymes (Bashor et al., 2008; Dueber et al., 2009;
Bhattacharyya et al., 2006). But also on the systems scale modules
are ubiquitous. They can be found in the form of metabolic pathway
patterns, like glycolysis or the citric acid cycle, but also the
respiratory chain or photosynthesis. Similar modules exist in
regulatory networks, for instance as sensors, actuators, transmitters
or processor circuits. Intra-cellular signal transduction cascades,
quorum sensing or biological clocks provide important examples
for efﬁciently modularised bioregulation processes. In many cases,
modular function is often indicated by structural segregations
within an organism. In cells, structural subdivision appears in the
form of organelles. Mitochondria, chloroplasts, vacuoles and cell
nuclei are a few examples of membrane-bound modules. But also
non-compartmentalised elements exist, for instance ribosomes or
plasmids. Yet, functional modularity is more complex and does not
remain limited to macroscopic structural contours alone. Some
modules contain interactions that act across compartments, like in
metabolic and especially in gene regulatory processes.
The identiﬁcation of modules in large scale systems is challenging. If the interactions within a system can be mapped into a
network graph, theoretical approaches might assist this task. A
schematic network graph is sketched in Fig. 7. Network theoretical approaches have been used in the past to analyse hierarchical scale-free network topologies (Barabasi and Albert, 1999).
They originate from the random graph theory of Erds and Rnyi
(1960) for bilateral interactions and successfully predicted some
important phenomena, like ‘small-world’ behaviour (Watts and
Strogatz, 1998) or scale-free network architecture (Barabasi and
Albert, 1999). The results indicate that many complex networks
converge to similar architectures under certain conditions and are
remarkably robust (Albert et al., 2000). This has also been tested
on large-scale metabolic networks (Jeong et al., 2000; Ravasz
et al., 2002). However, many biological processes are not bilateral
and as such not compatible with classical graph theory. Hypergraphs overcome this restriction by allowing edges to connect
more than two nodes and thus prevent artefacts in theoretical
network analysis (Klamt et al., 2009). Apart from network theory,
a quantitative measure for modularity has been introduced by
Newman and Girvan (2004). It determines module boundaries by
comparing the number of edges in a given network with that of
an identical network with random edges. A good partition of a
network into modules must maximise the number of withinmodule edges and minimise any between-module edges (Kashtan
and Alon, 2005). Grouping the whole network into a single
module represents a trivial solution. The progress in identifying
modules computationally, has spurred systematic screening of
experimental data in various biological systems, for example in
plant biology (Aoki et al., 2007).
Networks can be organised on different hierarchical scales. This
is expressed by different regulatory layers in cells like operons,
regulons and modulons. They coordinate whole-cell processes like
the cell cycle in a well deﬁned centralised fashion (Gilles, 2002).
Hierarchies can be very efﬁcient at reducing and simplifying large
systems that would remain beyond comprehension without
abstraction from the substance context (Alon, 2007b; Stelling,

2004). This can be illustrated by the tremendous amount of
reaction steps in a cell. An efﬁcient abstraction from their
substance based context yields a very general description of
kinetics, such as Michaelis–Menten kinetics for enzymes or Monod
kinetics for cells. In principle all enzyme catalytic processes follow
similar rules and can therefore be characterised by universal
criteria. The hierarchical organisation of modular building blocks
in interaction networks seems to be an inherent property of their
development. In a theoretical study, Kashtan and Alon (2005)
demonstrated how a modular network structure can spontaneously evolve under modularly changing evolutionary goals.
The resulting networks permit quick adaptations to changing
conditions by using recurring arrangements of network patterns,
referred to as network motifs. Network motifs represent basic
structural elements that are statistically overrepresented in a
network compared to a completely randomised structure of same
size (Shen-Orr et al., 2002). Furthermore, similar kinds of networks
often share identical motifs, which suggests that networks can be
categorised into speciﬁc types of elementary structures (Milo
et al., 2002). This extends to similar networks shared by different
species (Shen-Orr et al., 2002). Some generalised motifs used in
regulation networks were reviewed by Alon (2007a). Four main
families are found: simple regulation, (coherent and incoherent)
feed-forward loops, single input modules and ﬁnally dense overlapping regulons. For networks that regulate irreversible cell-fate
decisions, interacting feedback loops and transcription cascades
have to be added to the list. The small number of motifs might
result from the strict constraints that biological circuits must
meet, like system robustness or energy economy.
Based on these topological considerations, network dynamics
can be investigated. They are essential for a full understanding of
metabolic and regulatory processes in cells. Often cellular processes proceed at different rates. If the differences in time-scales
are signiﬁcant, difﬁcult mathematical approaches can be avoided
by suitable approximations. Then complex network interactions
can be decoupled on a temporal scale by steady-state approximations for slow interactions or by equilibrium approximation for
fast ones. However, for processes that occur on a similar timescale, network dynamics have to be studied in more depth. This
has been done for dispersion processes along small-world network topologies (Brockmann et al., 2006; Geisel, 2009). Upon
transfer to hierarchical cellular processes, this concept might help
to efﬁciently reduce non-essential biological detail.
Despite the simpliﬁcations introduced by decomposing complex interactions into small and independent modules or motifs,
biological networks remain elusive to rigorous modularisation.
This is seen as the result of two effects. For one, although many
networks are built from a limited number of simple building
blocks, extremely diverse and complex systems are easily constructed by slight modiﬁcations, like different module combinations or evolutionary effects (Lenski et al., 2003). Secondly,
modular structures are usually less optimal in terms of circuit
economy than non-modular ones. Therefore non-modular structures are evolutionary favourable for fundamental housekeeping
processes. This effect is also visible in engineering disciplines. The
modular structure of electronic circuits or chemical unit operations, although critical during their development, is little by little
sacriﬁced to higher efﬁciency by system integration. Yet, in the
design of synthetic components like proteins, gene networks or
customised cell signalling circuits, a modular structure seems to
be very helpful for initial implementations.
3.2. Technical and safety implications of synthetic modules
The identiﬁcation and implementation of modular building
blocks present a key issue in Synthetic Biology. In the future, large

S. Rollié et al. / Chemical Engineering Science 69 (2012) 1–29

scale biological systems may be created by plugging together
suitable functions from a module collection similar to the Registry
of Biological Parts. The design effort will concentrate on matching
inputs to outputs in a series of consecutive functions and tuning
system performance. Artiﬁcial circuits beyond the natural biological repertoire will then facilitate novel (bio-)chemical conversion processes that are superior to conventional processes
regarding selectivity, energy efﬁciency, product quality or cost.
To become part of the hosts’ replication process, synthetic parts,
devices or systems have to be introduced genetically. The fact that
genetic transcription and translation processes are themselves
modularly structured, eases the introduction of artiﬁcial genetic
material, for instance as plasmids. Once inserted, the plasmids
have to be robust against evolution. For stable systems critical
mutations have to remain negligible, while beneﬁcial improvements can be allowed.
Often industrial processes comprise a series of different
chemical reactions. In biology, multi-step processes can be
implemented by two main strategies. One option distributes the
set of reactions over different microorganisms, each specialised
and optimised in its performance. Such cell consortia will be
discussed in Section 5. The other option introduces the series of
reaction steps within a single cell. Here it is usual to make use of
plasmids, instead of reprogramming the original DNA. Integrating
artiﬁcial pathways into single organisms will probably prove
superior to cell consortia on the long run because shorter
transportation time-scales and elevated concentrations accelerate
conversion processes. However, integrated systems are more
complex and enable interference between synthetic and host cell
parts. The success therefore relies on independent modules with
limited and well characterised interference potential. Adequate
methods comprise orthogonality or spatial conﬁnement of synthetic modules into segregated cellular compartments similar to
organelles. The latter decisively depends on suitable transport
mechanisms across the interface, for instance by membrane
proteins (Bromley et al., 2008). Artiﬁcial compartmentalisation
is discussed as part of the protocell concept in Section 4.4.
Apart from the challenging prospects and the tremendous
potential, one should keep in mind the risks associated with
genetically modiﬁed organisms. Appropriate biosafety issues can
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be addressed already during system design. This has been
discussed in the context of biological parts in Section 2.1, but it
can be addressed with different methods on the module level. For
example, one of the most promising precautions is the implementation of containment strategies into the synthetic genetic
code. In the event of unintentional spreading the genetically
modiﬁed organisms experience deviations in environmental conditions. This can be employed to disable replication or to initiate
apoptosis (Molin et al., 1993; Kaebnick, 2009).
3.3. Designing regulated modules
The design and experimental implementation of small synthetic circuits has been an important focus in biological science
for nearly a decade now. And although it remains a challenging
task, some breakthroughs have demonstrated the feasibility of
integrating new functions in host cells. They nourish the hope for
technological beneﬁts in the future. A schematic impression of
how a synthetic module can be integrated into a chassis is given
in Fig. 8. The necessity of a genetic implementation immediately
calls upon integrated regulation concepts. They are of central
importance because interference with natural regulation strategies of the host is probable. Since unintended cross-talk can occur
in multiple ways, regulation strategies might beneﬁt from different approaches. Direct regulation of cellular processes is achieved
on a genetic level during transcription and translation. posttranslational regulation that predominantly affects signal transduction cascades on the other hand is more indirect. In the
following, seminal work involving small devices in both categories is reviewed.
The majority of investigations, among them some of the most
recognised achievements, were achieved by regulating transcription. In most cases, they were implemented into E. coli as host
organism. Other microorganisms, like S. cerevisiae (Becskei et al.,
2001) or mammalian cells (Chen et al., 2010; Tigges et al., 2009;
Kramer et al., 2004; Deans et al., 2007), were used less frequently.
The range of partly explored synthetic functions is wide. Switches
(Gardner et al., 2000; Hasty et al., 2000; Hooshangi et al., 2005;
Kramer et al., 2004; Ham et al., 2008; Friedland et al., 2009;
Becskei et al., 2001; Chen et al., 2010; Deans et al., 2007; Waldherr

Fig. 8. Schematic implementation of structural and functional synthetic modules into a natural chassis architecture. The module is linked with the peripheral network of
the host cell via an interface with deﬁned permeability. Metabolic and regulatory circuits are integrated in both natural and synthetic systems.
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et al., 2010), oscillators (Elowitz and Leibler, 2000; Stricker et al.,
2008; Tigges et al., 2009; Danino et al., 2010), ﬁlters (Sohka et al.,
2009; Hooshangi et al., 2005) and specialised sensors (Levskaya
et al., 2005) represent just a small set of examples. Automated
decision making by linking synthetic switches with logic evaluators is capable to execute speciﬁc tasks, like regulating gene
expression for medical purposes (Kemmer et al., 2010). Other
functions include pattern generation in biophotography (Levskaya
et al., 2005), bandpass ﬁlters (Sohka et al., 2009), molecular event
counters (Friedland et al., 2009) and biological clocks in the form
of oscillating circuits (Danino et al., 2010). A slightly different kind
of regulation is associated with RNA interference (RNAi) (Sprinzak
and Elowitz, 2005). As discussed in Section 2.3, specialised RNA
based parts and devices can execute important regulatory functions, both on transcriptional (Deans et al., 2007) and posttranscriptional level. Heterogeneous elements of small non-coding
single or double-stranded RNA can affect cellular functions, like
splicing and editing RNA, modify rRNA, catalyse biochemical
reactions and regulate gene expression (Isaacs et al., 2006).
Research in genetic regulation is focused on fundamental
system characteristics, like stability, multiplicity, oscillatory
behaviour and hysteresis (Elowitz and Leibler, 2000; Stricker
et al., 2008; Tigges et al., 2009; Gardner et al., 2000; Becskei
and Serrano, 2000; Kobayashi et al., 2004; Hasty et al., 2000).
Some general criteria well-known in other disciplines, were
conﬁrmed for biological devices. For instance, multiple steady
states require at least one positive feedback loop. This follows
systems-theoretic predictions and was demonstrated biologically
by mutual repression in a synthetic, bistable gene-regulatory
network, called toggle switch (Gardner et al., 2000). Bi-stability
actually represents a minimal requirement for memory, since the
state of the network can store information about its past (Hasty
et al., 2002). It enables systems to remain in a certain response
even after the activating external stimulus has been removed.
Another important effect is oscillatory behaviour. Network oscillations are often used as clocks to synchronise cellular or intercellular behaviour (Danino et al., 2010). In analogy to Electrical
Engineering, a synthetic biological ring oscillator, the ‘repressilator’, was implemented as cyclic three component negative feedback loop and showed self-sustaining periodic oscillations
(Elowitz and Leibler, 2000). Four general conditions that cause
oscillatory behaviour were identiﬁed (negative feedback, time
delay, non-linear kinetic rate laws, similar reaction time scales)
(Novak and Tyson, 2008). Other phenomena related to genetic
modules are stochasticity and noise. They are generally caused by
relatively infrequent transcription events at low molecule copy
numbers, as is common for some proteins (Hasty et al., 2002). The
effects of noise were studied in many synthetic circuits (Hasty
et al., 2000; Hooshangi et al., 2005; Elowitz and Leibler, 2000;
McAdams and Arkin, 1997; Waldherr et al., 2010), usually aiming
for robust network architectures (Stricker et al., 2008; Tsai et al.,
2008; Williams et al., 2008). In this context, cascades were
identiﬁed as efﬁcient noise attenuators (Hooshangi et al., 2005).
In order to build synthetic systems in biology, the functions of
different modules have to be coupled and well coordinated. This
is only possible if the signal sensitivity and response behaviour
can be controlled. Hence, the tuning of genetic regulation and the
identiﬁcation of suitable parameters become essential for successful applications. Tunability of interacting components has
been subject of intense investigations (Sohka et al., 2009;
Stricker et al., 2008; Tigges et al., 2009; Tsai et al., 2008; Deans
et al., 2007). Many of the associated phenomena are well-known
issues in diverse engineering disciplines. Valuable impact of
systems-theoretic approaches has been demonstrated for simple
regulation (Levskaya et al., 2005), networks of feedback loops
(Gardner et al., 2000; Becskei et al., 2001; Elowitz and Leibler,

2000; Stricker et al., 2008; Tigges et al., 2009; Tsai et al., 2008;
Becskei and Serrano, 2000; Williams et al., 2008) and feedforward loops (Sohka et al., 2009; An and Chin, 2009), time delays
(An and Chin, 2009; Elowitz and Leibler, 2000) as well as network
cascades (Friedland et al., 2009; Hooshangi et al., 2005). Some
effects have even been cast into simple mathematical models.
Apart from genetic regulation concepts, many cellular processes require the use of regulatory mechanisms on a gene
independent post-translational level. This is often linked with
specialised proteins that convey signals by molecular interactions
or enzymatic activity. Such signalling proteins usually consist of
different interaction domains, as discussed before in Section 2.4
for proteins in general. Regulatory proteins often direct the
interactions between polypeptides, phospholipids, small molecules or nucleic acids (Pawson and Nash, 2003). This is achieved
with a high degree of target speciﬁcity. Standard protein regulation processes include the inhibition or activation of catalytic
activity, protein scaffolding and degradation processes. In addition, post-translational modiﬁcations with signalling effect exist,
like acetylation, glycolysation, hydroxylation, methylation, oxidation, phosphorylation or ubiquitination. It has been shown, that
individual protein domains can be decoupled and transferred into
different polypeptides or proteins (Pawson and Nash, 2003). Often
they remain fully functional and can be recombined into new
artiﬁcial devices. Two strategies have been followed to date: one
combines different protein domains into a single structural entity,
the other combines domains of different proteins into a new
pathway. For the ﬁrst, modular wiring elements are essential.
Often adapters (connecting two parts) or scaffolds (connecting
three or more parts) are used to connect different domains.
Regulatory networks bound on protein scaffolds have been constructed (Bashor et al., 2008). They feature positive and negative
feedback and generate switching, delay, pulsing or accelerating
behaviour. It was shown that simple tethering is sufﬁcient for
scaffold-mediated signalling and robust against stereo-chemical
perturbations (Park et al., 2003). Protein scaffolding was also
applied to de-bottleneck a synthetic metabolic pathway (Dueber
et al., 2009). By co-localising reactants with a scaffold of suitable
enzymes, ﬂux imbalances in the pathway were substantially
reduced. In addition, the production pathway was ﬁne-tuned by
optimising the copy number of enzymes in the scaffold. All these
applications clearly demonstrate the advantage of modularised
units for the design of synthetic networks.
3.4. General remarks and perspective
Over the past decade, activities largely focused on isolated
genetic circuits. In most cases they follow a design already
existing in nature. Hence, the scientiﬁc achievements currently
lie with successful transfer into different host cells as chassis by
recombinant technologies. Out-of-context implementations have
revealed highly modularised entities. They permit the derivation
of more universal design principles. Mathematical tools, for
example from systems theory, are an essential part of this
analysis. They provide a strong foundation to construct predictable, reliable and independent devices. Yet the domain of model
validity often remains heavily restricted. The immense biological
complexity by non-linearity, multiple interactions, evolution and
replication is the most likely cause for this.
A promising method to combat complexity and create well
deﬁned conditions is orthogonality to a host cell’s own metabolism. At the same time this might represent a key criterion to
improve exchangability and compatibility. However, a synthetic
network that is decoupled from the cells network architecture
except for its few remaining interfaces, pays the price of also
lacking natural control mechanisms. This frequently causes ﬂux
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Natural living systems (in vivo)
Streamlined Cell / Genome

4. Synthetic streamlined cells and protocells

4.1. Technical implications of synthetic cells
Considering the extensive literature on synthetic cells, rather
little has been said about possible technical implications. Synthetic cells can be interpreted as autonomous mini-reactors. They
are designed to transform material and energy according to a
designed programme which is stored in DNA or RNA molecules.
Biological mini-reactors would be desirable for bioproduct

Computational Methods
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distantly related organisms
Organism Related Reduction
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of total 480 genes
E. coli: 620 to about 4,000 essential
of total 4400 genes
Analysis of Essential Functions
127-206 genes for essential housekeeping functions

Synthetic Cell
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Bottom-up Synthesis

Historically, the topic of synthetic cells is coined by discussions from an evolutionary or philosophical perspective. Cells are
generally perceived as life’s smallest entities and have therefore
spurred many endeavours to deﬁne life and reason its possible
origin in the past. Some minimal requirements for life on a
cellular basis have been identiﬁed (Deamer, 2005; Gánti, 2003;
Ruiz-Mirazo et al., 2004; Luisi, 2002). They would also apply for
artiﬁcial life. Most approaches agree that living systems are
mortal individual units. They are surrounded by a membrane
which guarantees an interior micro-environment by speciﬁc
permeability constraints. Within the micro-environment, a material-based programme establishes metabolism, i.e. material or
energy conversion by chemical reactions for stable self-maintenance over a ﬁnite period of time, as well as growth and
reproduction. However, some fundamental issues remain arguable, for instance if enzyme catalysts should be included in a
deﬁnition of life.
The increasing ability to manipulate and redesign biological
systems, has initiated a justiﬁed public debate about ethical issues
and possible consequences (Kaiser, 2010; Ball, 2004; Voigt and
Keasling, 2005; Miller and Selgelid, 2007; Schmidt, 2009; Bedau
et al., 2010; Reth et al., 2010; Kaebnick, 2009). This debate will
require an explicit and sound deﬁnition of living systems. From a
purely technical viewpoint that aims at harnessing the vast
potentials within the scope of Synthetic Biology industrially,
however, a deﬁnition of life is in fact not mandatory. Instead of
asking what the essential features of artiﬁcial life are, a more
pragmatic approach would seek answers regarding the possibilities, limitations and requirements for a technical implementation
of artiﬁcial cellular constructs. Throughout this contribution the
term ‘synthetic cell’, used synonymous to ‘artiﬁcial cell’, refers to
cells that result from thorough redesign by modiﬁcations affecting
the complete cell on the systems level. This should speciﬁcally
exclude traditional recombinant approaches, where the manipulations are restricted to the parts or devices level. But at the same
time it is not required that every single cell constituent has to be
of artiﬁcial origin, since this would not permit the creation of
streamlined cells from existing natural cells. Up to now, a fully
artiﬁcial cell has not been synthesised, but the chances are higher
than ever before (Deamer, 2005; Gibson et al., 2010).
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Cell Extracts, Network Blueprints
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imbalances in metabolic pathways (Dueber et al., 2009; Farmer
and Liao, 2000). To increase production efﬁciency, they have to be
repaired by combining the devices with synthetic regulation
strategies. Network modules for dynamic regulation are able to
optimise synthetic networks and promise increasingly elaborate
functions (Holtz and Keasling, 2010). Integrated circuits that link
different modules with a speciﬁc function are discussed in Section
6. A more rigorous design of artiﬁcial networks in biology might
also proﬁt from an appropriate standardisation of module interfaces and performance criteria (Endy, 2005). Similar to the
development of unit operations as a key paradigm of Chemical
Engineering, synthetic biological modules may be decisive for
successful design of biological process in the future.
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Vesicle Interior
Genetic code, catalyst, essential
metabolites (from exterior)
Functions
Interface metabolism, information
storage, self-replication
Semi-synthetic systems
Cell-free translation systems:
Crude cell extract
synthetic or purified components
Synthesized copy of natural genome

Basic non-living chemical compounds (in vitro)
Fig. 9. Schematic overview of top-down and bottom-up approaches for the
identiﬁcation of a synthetic cell that can act a chassis for the implementation of
synthetic parts, devices and systems.

synthesis, for medical applications or in biosensing (Forster and
Church, 2006). Striking advantages over standard chemical processes would include a range of products not readily accessible by
chemical synthesis or the moderate temperature and pressure
conditions. Apart from energy efﬁciency issues, the latter can
promote increased standards in production safety. In addition,
synthetic cells might be able to exclude contaminating side
products. This would increase product yield and quality at
reduced post-processing effort. These properties are especially
desirable in the production of ﬁne-chemicals or pharmaceuticals.
A possible beneﬁt of working with streamlined cells is reduced
genetic instability caused by transposon hopping in large natural
systems (Kolisnychenko et al., 2002). Protocells further bear the
potential of going beyond the chemistry that can be synthesised
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or tolerated by conventional living cells (Cornish, 2006). They
could extend biology into solvent or oil based environments,
overcoming the restriction to water-based media (Tawﬁk and
Grifﬁths, 1998). Other gains are expected for the choice of cell
culture media. Synthetic cells could be designed that depend on a
single nutrient alone. This could replace complex media usually
identiﬁed by tedious empirical trial-and-error approaches with
more simple feeds. In the far future, artiﬁcial pluripotent cells are
conceivable as truly autonomous and adaptive micro-reaction
systems. They might be able to execute different metabolic
pathways from a library of genetically encoded programmes that
are triggered by key metabolites or other environmental conditions. In this way, a series of individual production steps for a
desired product could be carried out by the same synthetic cell.
If artiﬁcial cells are intended for technical purposes, they do
not necessarily have to combine all characteristic features of
natural cells. Instead, non-living constructs that imitate only a
few of these can well be sufﬁcient. For instance, growth and
cellular reproduction may not really be essential in technical
processes. Although cell replication is usually desirable in the
start-up phase, where biological material has to be ampliﬁed,
they may in fact be counter-productive in later process stages. For
one, both are inevitably linked to an increase of total biomass. In
most processes with stationary operating conditions, excess
biomass thus has to be actively removed. It usually ends up as
biowaste which may demand costly post-processing on the one
hand and represents an undesired loss of nutrients and energy on
the other. Secondly, technical cell-like systems are conceivable
that can be switched off into an inﬁnite yet stable hibernating
state if growth and reproduction were subject to external regulation or completely lacking (Afonso et al., 2010). Apart from
establishing more ﬂexible discontinuous production processes,
this could effectively simplify storage and maintenance issues. If
copies could easily be synthesised by inexpensive non-reproductive methods and long-term stability were achieved by preventing degradation processes, life is not essential for technical
processes.
4.2. Designing synthetic cells
The synthesis of an artiﬁcial living cell is dominated by two
strategies (Fig. 9). The ﬁrst aims to reduce the complexity of
natural organisms in a top-down approach to some minimum set
of elementary functions. Elementary functions of a skeleton
synthetic cell include DNA, RNA, protein and energy metabolism,
cell structure, reproduction and perhaps some repair functions
(Gil et al., 2004). Although many studies on this ﬁeld have been
published, no approach has ever convinced of representing a true
minimum. A consensus might never be reached because the
deﬁnition of standard properties is always linked to speciﬁc
environmental conditions, like medium, aeration, temperature,
pressure or radiation (Koonin, 2003). Conceivably, the absolute
minimal synthetic cell will correspond to the most favourable
conditions possible (Koonin, 2003). Therefore, the terminology of
a streamlined cell might be more appropriate than the traditional
wording of minimal cell and will be favoured throughout this
contribution. The second strategy builds cell-like structures from
basic chemical constituents in a bottom-up approach. Here, the
essential features of living systems, like evolution and reproduction, have to be reached by laws of physics and chemistry
(Schwille and Diez, 2009). The direction of a top-down or
bottom-up approach adopted here, places natural life at the top
and basic non-living chemical compounds at the bottom. The
approaches are often associated with the notions of streamlined
cell and protocell, respectively. Other distinctions are possible, for
instance by sorting the synthesis of an artiﬁcial cell according to

procedures starting at the interface and then progressing into the
interior (top-down) or starting from the molecular scale and then
compartmentalising a ﬁnite volume (bottom-up) (Luisi, 2002).
4.3. Identiﬁcation of a streamlined cell by a top-down approach
The identiﬁcation of a streamlined cell is often equated to the
discovery of a streamlined genome. In a top-down approach, the
genome of a natural cell can be reduced by eliminating genes that
are not necessary for a cell’s desired function. All changes to a
genome immediately become hereditary to daughter generations.
As pointed out before, successful knock-out is often associated
with speciﬁc environmental conditions. Common model organisms for genome reduction include gram negative E. coli as well as
different Gram-positive Mycoplasma species without cell walls,
primarily Mycoplasma genitalium. The use of prokaryotic organisms with around 500–10,000 genes in total presents a ﬁrst step
of cutting down system complexity on the way to a streamlined
organism. In contrast, eukaryotes feature roughly 2000–35,000
genes (Koonin, 2003). For prokaryotes, E. coli strains actually
possess a rather large genome (4.5–5.5 Mbp (Kolisnychenko
et al., 2002), 4200–4400 protein encoding genes (Gerdes et al.,
2003; Posfai et al., 2006)). Yet, they are often chosen for genomic
studies because they are very well characterised. M. genitalium on
the other hand features the smallest known genome of any
natural auto-replicating independent organism (about 580 kbp
and 480 protein encoding sequences (Gil et al., 2004; Fraser et al.,
1995; Hutchison et al., 1999)). Smaller genomes have only been
identiﬁed for the hyperthermophile Nanoarchaeum equitans proteobacterium (491 kbp, 552 coding DNA sequences (Waters et al.,
2003)) and for Buchnera aphidicola (450 kbp, 400 protein encoding
genes (Gil et al., 2004)), the endosymbiotic bacteria of aphids.
Many experiments have demonstrated that cellular genomes
have accumulated considerable redundancy over their evolutionary
history (Schwille and Diez, 2009). Therefore, a ﬁrst goal in determining a streamlined genome is stripping natural genomes from
their evolutionary ballast. Functions that are not essential for a
streamlined cell have to be identiﬁed and removed from its
genome. Both experimental and theoretical methods exist to
identify non-essential or redundant genetic material. The experimental methods primarily rely on standard molecular genetics or
biochemistry procedures. Apart from systematically inactivating
individual genes by knock-out (Winzeler et al., 1999) or antisense
RNA that inhibits gene expression (Kamath et al., 2003), genetic
footprinting techniques (Smith et al., 1995) are very common. They
insert mutations into an investigated genome, either by global
transposon-insertion mutagenesis (Gerdes et al., 2003; Glass et al.,
2006; Hutchison et al., 1999) or by plasmid-insertion mutagenesis
(Vagner et al., 1998), and draw conclusion from any detected
effects. These methods all aim to rank the importance of individual
genes for unperturbed cellular function by correlating genetic
modiﬁcations with resulting phenotypic malfunctions. The experimental methods are supplemented by theoretical approaches that
identify essential genes within a genome through comparative
genomics. In comparative genomics genetic sequences are analysed
for different groups of organisms with computational assistance.
Often variations between closely related organisms are detected.
They indicate putative non-essential coding sections that can then
be selectively deleted for validation. Different strains of E. coli have
been compared (Posfai et al., 2006; Kolisnychenko et al., 2002), but
also inter-species variations were detected, for instance between
M. genitalium and Haemophilus inﬂuenzae (Mushegian and Koonin,
1996). Studies with closely related organisms can also reveal genes
that are of special importance in these organisms. Further insight
may be gained from comparison between organisms linked by
longer evolutionary distances. For one, non-homologous genes
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might be pinpointed as substitutes with identical function. Secondly, genes that are shared by distantly related organisms are
likely to be essential and a catalogue of these genes might comprise
a genetic set essential for cellular function (Koonin, 2003).
Detailed theoretical investigations and experimental evidence
have provided several candidates for streamlined genomes from
microbial organisms. Current estimates range between 620 to
about 4000 essential genes for E. coli (Gerdes et al., 2003;
Kolisnychenko et al., 2002; Posfai et al., 2006), and 256 to 382
essential genes for M. genitalium (Hutchison et al., 1999;
Mushegian and Koonin, 1996; Glass et al., 2006; Koonin, 2003).
However, genetic material, that was not systematically tested by
random mutations, or genes with unknown functions usually
remained included in these sets. Therefore, the search for a
streamlined genome was also conducted by a bottom-up
approach. Metabolic housekeeping functions deemed essential
for cellular function were deﬁned prior to allocating suitable
genes known from existing organisms (Gil et al., 2004; Forster
and Church, 2006; Tomita et al., 1999). Compilations of essential
cellular functions may include DNA metabolism (replication,
repair, restriction, modiﬁcation), RNA metabolism (translation
machinery, ribosomal proteins, translation factors, RNA degradation), protein processing (post-translational modiﬁcations, protein folding, translocation, excretion), cellular processes (cell
division, transport), energetic and intermediary metabolism (glycolysis, lipid metabolism, energy conversion, phosphate pathway,
nucleotide and cofactor biosynthesis), as published by Gil et al.
(2004). The authors arrived at a hypothetical set of 206 genes.
Other groups proposed different sets based on other selection
criteria. Tomita et al. (1999) suggest 127 essential genes for
transcription, translation, energy production and phospholipid
synthesis. These were primarily obtained from M. genitalium and
integrated into a mathematical model to simulate core biochemical and genetic processes (E-Cell). Based on this concept, Forster
and Church (2006) presented a streamlined genome with 151
genes by excluding enzymes that synthesise small molecules like
lipids or glycolysis substrates and including DNA replication and
RNA processing instead.
4.4. Construction of a protocell in a bottom-up approach
The development of a synthetic cell in a bottom-up approach
bears stronger challenges than the top-down identiﬁcation of a
streamlined cell. But fully artiﬁcial cellular constructs also promise more intriguing possibilities. Apart from the quest for
creating artiﬁcial life, protocells represent miniature reaction
systems in which complexity can be limited by design. The set
of minimal functions in a protocell appears to be smaller than in
streamlined cells. It comprises only the most basic attributes that
characterise life, such as a compartmental structure that accommodates chemical reactions for self-maintenance, growth and
reproduction. From here, system complexity can again be gradually increased by careful addition of selected functional modules,
for instance to code the production of desired compounds. In this
way, chemistry beyond that of natural cells might be established
in the future. In addition, protocells offer a very general platform
to gain insight about isolated module characteristics. Some
essential requirements of a simple protocell have already been
outlined by Szostak et al. (2001) and Deamer (2005). They
envisage a compartmentalised macromolecular system that catalyses its own synthesis using information encoded within its
structure. Three essential components are proposed: a mechanism for spatial restriction to uphold a compartmentalised microenvironment and two self-replicating information molecules, in
particular RNA polymerase ribozymes, of which one acts as
template and the other as replicase.
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Spatial restrictions are very important in biological systems.
They effectively disentangle chemical reactions from each other
by allocating sets of reactants and catalysts to semipermeable
compartments. The segregation allows a multitude of reactions to
take place simultaneously and without interfering each other.
This can otherwise only be achieved by a high level of substrate
speciﬁcity, that is present for example in enzyme catalysis.
Another important beneﬁt of compartments is the increase of
reactant concentrations which will greatly accelerate reaction
dynamics. Also, equilibrium reactions can be affected by continuous removal of product molecules from the compartment. These
beneﬁts depend on an effective transport across the compartment
boundary. Reactants have to be continuously supplied to the
compartment and products removed, while signalling molecules
might have to cross in both directions (Bromley et al., 2008). For
biological processes like evolution, a compartmental structure is
indispensable. It is the only possibility for heterogeneous system
properties to develop, for instance by random mutations. If
system properties were distributed completely even over large
volumes, selection pressures would not be effective at separating
improvements from malevolent mutations (Szostak et al., 2001).
Artiﬁcial compartments can be established from amphiphilic
molecules that assemble into bilayer structures. Bilayer membranes imitate the basic structure of natural cell membranes
(Deamer, 2005; Luisi, 2002; Schwille and Diez, 2009). As technical
counterparts of natural membrane components water-in-oil
emulsions can be used. They are stabilised by a monolayer of
synthetic surfactants at the interface of the two immicible phases
(Grifﬁths and Tawﬁk, 2006; Tawﬁk and Grifﬁths, 1998). In both
systems chemical ﬂuxes across the interface can be regulated,
either passively based on physical laws like osmotic pressure or
actively by membrane proteins. This gives access to tuning
membrane permeability for speciﬁc ions and macromolecules
(Bangham et al., 1965a; Chakrabarti et al., 1994). Much like
natural membranes, artiﬁcial lipid bilayers self-assemble
(Bangham et al., 1965a,b; Bachmann et al., 1992) and can grow
by incorporation of additional amphiphiles (Hanczyc et al., 2003).
Their structural ﬂexibility is accompanied by shear sensitivity
that can be exploited for vesicle division (Hanczyc et al., 2003;
Chen et al., 2004). In the absence of a complex cell machinery,
vesicle growth and division of growing vesicles rely on physical
effects intrinsic to the vesicle or imposed from the environment
(Szostak et al., 2001). Many properties beyond the basic cellular
requirements of permeability, growth and replication have been
incorporated into synthetic lipid vesicles. For instance, compositional asymmetry between inner and outer layer of bilayer
liposomes (Pautot et al., 2003) or incorporation of natural membrane proteins have been achieved. Artiﬁcially introduced membrane proteins were used to generate light-driven proton
gradients for ATP production (Racker and Stoecken, 1974), to
synthesise lipid membrane components (Kuruma et al., 2009), or
to form membrane pores with a-hemolysin (Noireaux and
Libchaber, 2004).
A further milestone en route towards a basic protocell has also
been tackled on a proof-of-principle basis already. Different kinds
of abstract metabolism were developed within artiﬁcial compartments. For instance, Tawﬁk and Grifﬁths (1998) successfully
expressed several proteins from their DNA sequence within
droplets of a water-in-oil emulsion. Inside liposomes poly-phenylalanine (Oberholzer et al., 1999), functional membrane
proteins (Kuruma et al., 2009) and membrane pore proteins
(Noireaux and Libchaber, 2004) were successfully synthesised.
In other studies, a cascading genetic network was established and
optimised for yield (Ishikawa et al., 2004; Amidi et al., 2010).
Synthesis of long-chain RNA polymers by RNA polymerase has
also been accomplished (Chakrabarti et al., 1994). Yet, all of these
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studies were unable of producing a true protocell capable of
complete self-replication including the catalyst itself. Instead,
they represent semi-artiﬁcial systems that remain based on
natural cell extract or synthesised molecule sets from natural
systems. Most of the studies use vesicles ﬁlled with crude cell
extracts, like E. coli S-30, or cell-free translation systems from
puriﬁed components of the translation machinery, like PURE
systems (Shimizu et al., 2001). Similarly, the recent success of
Gibson et al. (2010) in creating a chimeric bacterial organism by
exchanging the natural genome of M. capricolum with a completely artiﬁcial genome synthesised from the blueprint genome of
M. mycoides, also retains a semi-synthetic character. Hence, the
ﬁnal step of identifying and introducing two self-replicating
information molecules has not been achieved to date.
The identiﬁcation of a self-replicating molecule is difﬁcult. It
has to work as a catalyst and encode its own structural information at the same time. Usually different conformational structures
are favoured for these two tasks. While a linear structure is
necessary for sequence storage due to ease of copying, enzymatic
activity often requires three-dimensional structures (Gilbert,
1986). RNA enzymes, i.e. ribozymes, seem to bridge these opposing requirements for double functionality. They have given rise to
the RNA world hypothesis (Gilbert, 1986). And some efforts in
autocatalysed RNA replication were at least partially successful
(Chen et al., 2004; Johnston et al., 2001). Upon isolation of a
suitable macromolecule, it has to be installed into a vesicle. Here,
it does not only have to replicate itself, but also its vesicular
environment. This would yield a very basic protocell that could be
called alive. Although only one major hurdle remains, technical
applications of protocells still seem far from reality. Gradual
introduction of more complex metabolic and control pathways
for reliable and efﬁcient production has to be approached in steps
of growing complexity.

Emergent Behavior in
Ecosystems of Single Cells
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5. Synthetic cellular communities
An important hierarchical level in biological processes is the
level of cellular communities. Traditionally, microbial consortia
are used for food and beverage production. More recent applications involve waste water treatment or biogas production (Sabra
et al., 2010). In Biotechnology, however, mono-cultures are more
common than co-culture fermentations. This was often related to
efforts of process simpliﬁcation by reducing the amount of
possible interactions. Many successful biotechnological processes
were guided by this strategy. Yet, some relevant advantages like
higher product yield or quality or even improved process control
can be achieved in co-culture fermentations (Bader et al., 2010).
This is the reason for increased research activity in this ﬁeld, still
rarely supported by mathematical descriptions (Schmidt et al.,
2011). Apart from natural co-cultures, artiﬁcial cell consortia
present some intriguing possibilities. In fact, the modiﬁcation of
cellular interactions is an important topic in the scope of Synthetic Biology. Therefore, cellular communities are included in the
hierarchy of Fig. 2. Within this level, interactions between
members of a single population have to be distinguished from
interactions between different cell populations (consortia). The
introduction of a sub-hierarchical level is necessary because,
unlike cells of a single population, cells of different populations
may behave differently due to their unequal genetic material.
Mono- and multi-population systems can be distinguished
according to several categories as summarised in Fig. 10. Cellular
interactions always involve intracellular processing of exchanged
material, for instance by signal transduction cascades or metabolic incorporation of internalised metabolites. Reviewing all the
intracellular effects associated with cellular interaction exceeds

Fig. 10. Schematic summary of interactions in single-species and multiple-species
cellular communities.

the scope of the current contribution. Instead, we limit our
considerations to the population scale, where the intracellular
effects from lower hierarchical levels become evident macroscopically. The investigation of macroscopic population behaviour is
essential for an understanding of system dynamics in cellular
consortia for biotechnological applications.
5.1. Natural interactions in cellular communities
Interactions between cells and populations of cells can be
described by various characteristics. Some of the most basic and
important include length scale, the interaction interface as well as
the entity, its direction and mechanistic effect. They are schematically summarised for different cellular communities in Fig. 10.
The term ‘interaction’ implies that different cells are coordinated in a kind of network architecture in which the participants
are coupled by trading speciﬁc interaction entities. In microbiology, the most common interaction entities are based on material
compounds, like signalling molecules or metabolites. But interaction could also involve different entities, like light signals from
luminescence or ﬂuorescence. All interactions have to be transmitted across a medium that acts as an interface between the
individual cells and introduces a lag time between emitting and
receiving. The separating phase can either directly incorporate the
cells, as is for example the case if cells are suspended in culture
medium, or different cellular populations are physically divided
by immiscible phases, like membranes or air bridges. Naturally,
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the latter have to be permeable for the respective interaction
entities. And although they impose additional transport limitations, they offer the advantage of maintaining separate culture
conditions. This can become essential for interactions between
different cell species that require individual growth optima
(Weber et al., 2007). In this sense, interactions across a physical
barrier give access to an intrinsically modular design. Regarding
the length scales of interactions, in general three categories are
distinguished. In juxtacrine interactions cells are physically
bound together and interaction is facilitated for example by
Gap-junctions or notches. Paracrine interactions comprise interactions over short distances, like signalling by growth factors or
neurotransmitters or signalling in microbial bioﬁlms. Finally,
endo- and exocrine interactions act on long distances between
cells. Interaction of suspended microbes in a bioreactor belong to
this category, as do interactions between cells localised in
different regions within an organism.
For interactions within a single cellular population, each cell
has to be equipped with the ability of simultaneously sending and
receiving/processing interaction entities. Therefore, interactions
are often bidirectional. If additionally an emitted entity has direct
effect on the emitter cell, interactions acquire an auto-inducing
effect. A particularly nice example for auto-induced cell interaction is quorum sensing among bacteria (Hooshangi and Bentley,
2008; Waters and Bassler, 2005). In quorum sensing, every cell of
a population constitutively produces small speciﬁc signalling
molecules. Due to their amphiphilic nature, most of the molecules
can freely diffuse through cell membranes and spread throughout
the cell and its surrounding environment. At some threshold
concentration, which is correlated to increasing population density, a signal transduction cascade is initiated within the cells that
causes population-wide changes in gene expression and behaviour (Camilli and Bassler, 2006; Voigt, 2006). The signalling
molecules traded among the cells are referred to as auto-inducers.
Currently there are three well-deﬁned chemical substance classes
that can act as auto-inducers in bacteria: certain oligopeptides,
N-acyl homoserine lactones (AHLs, AI-1: auto-inducer-1) and
LuxS (AI-2: auto-inducer-2). In natural systems oligopeptide
signalling is used by Gram-positive bacteria, while AHLs provide
the chemical basis for communication between Gram-negative
bacteria. They often contain subtle chemical variations that
increase signalling speciﬁcity by reducing cross-talk. AI-2 is
reported to be a universal signalling molecule that is used for
less speciﬁc intra- and interspecies communication in a large
number of Gram-negative and Gram-positive bacteria (Hooshangi
and Bentley, 2008; Brenner et al., 2008; Waters and Bassler,
2005). Since research on this topic is ongoing, many more
signalling materials are expected to be revealed. Apart from
intraspecies interactions, similar interactions also exist across
different species. However, in multi-species communities the
cell’s interaction networks often differ to a degree that decouples
sending and receiving abilities between the different species.
Although bidirectional interactions are still possible on an interspecies level, they remain strictly limited to fewer interaction
entities. Most interaction entities are thus limited to a unidirectional effect. Here, receiver cells lack the ability to emit an
interaction response, despite any changes that the interaction
entity may have triggered within the cell.
Finally, the mechanistic effect that interaction entities induce
in receiver cells can roughly be divided into three types. The
distinction is quite subtle, and can in some cases be linked to a
speciﬁc direction of interaction. The ﬁrst type comprises all
interactions that induce changes in a receiver cell’s behaviour
by interfering with the regulatory network of gene expression
(Keller and Surette, 2006). This kind of signal exchange between
cells is very important and referred to as communication. Quorum
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sensing provides an example of communication within a bacterial
population. But since signal production by sender cells and
response by receiver cells imply a metabolic cost, communication
structures will only persist against evolutionary pressures if both
sides beneﬁt from the information transfer. Even a slight beneﬁt
compared to the signalling effort is sufﬁcient to establish altruistic behaviour of at least some population members (Keller and
Surette, 2006). In single cell populations cheating effects,
although yielding beneﬁts for individuals on the short-term
(Velicer, 2003), do not feature long-term advantage (Keller and
Surette, 2006). In the second category, a cell’s metabolic network
is also directly affected by the uptake of a molecule emitted by a
different cell. But in contrast to communication, the molecule was
not emitted with the intention of directly inducing behavioural
changes in target receivers. Rather, the emitter obtains no beneﬁt
from any receivers. The molecules are metabolites or intermediates that have been excreted as residues and now act as cues for
receiving cells (Keller and Surette, 2006). Often receivers have
adapted to beneﬁt from cue detection by means of evolution so
that the molecule gradually became essential for their survival
(Brenner et al., 2008). Any associated changes of behaviour are
only indirect. Since this kind of cell interaction can only exist
between different cell species, it is generally considered a unidirectional effect. A third kind of mechanistic effect is chemical
manipulation (Keller and Surette, 2006). Here, emitter cells can
induce a change of behaviour in receivers by means of speciﬁc
molecules for their own beneﬁt. Often this implies an adverse
effects for the receivers. Similar to cues, this represents a
unidirectional interpopulation effect.
Interactions between cells of a single or multiple populations
often cause behavioural patterns on the communities level. These
patterns are discussed in context of ecosystems in biology. While
there are some phenomena related to single population ecosystems, like kin-related behaviour or intra-population competition,
more complex patterns are recognised for consortia, like symbiosis, predation or interpopulation competition (Keller and Surette,
2006). With the current focus on cell communities, symbiosis is
speciﬁed as ectosymbiosis, instead of enodsymbiosis. Symbiosis
includes commensalisms (one population proﬁts, whereas the
other is unaffected), amensalism (association is disadvantageous
for one population, whereas the other is unaffected), mutualism
(both populations proﬁt from association) and parasitism (association beneﬁcial to one population, disadvantageous for the
other) (Weber et al., 2007). A summary of these very basic
patterns is presented in Fig. 10.
5.2. Technical implications of synthetic communities
Multiple interactions between individual cells coordinate their
macroscopic behaviour as a community. They can involve effects
within a single but also between different cell populations. In
natural systems they coordinate co-localisation and accumulation
in bioﬁlms (Hall-Stoodley et al., 2004), virulence (Passador et al.,
1993) or coordinated chemotaxis in response to an environmental
stimulus, to name just a few examples. Coordinated behaviour
between different cellular populations can give rise to more
complex phenomena, like ecosystems or occupation of environmental niches that could not be colonised by either species alone,
for instance by syntrophy (Stolyar et al., 2007).
Taking control of population behaviour can be of particular
interest for medical or technical applications. It is primarily
obtained by interfering with natural interaction mechanisms on
a genetic basis. Precise interventions that minimise side-effects
require extensive knowledge of natural interference patterns. For
the sake of limiting complexity, synthetic interactions should be
designed to be independent of each other and of natural ones.
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This will exclude interference by unintended cross-talk and is
especially important in large and heterogeneous systems. Unintended cross-talk can occur if signalling molecules bind nonspeciﬁcally to untargeted regulator proteins. But once target
speciﬁcity is achieved, for instance by minor modiﬁcations on
the signalling molecule, diverse synthetic interactions become
programmable. Synthetic interactions can aim at interfering with
natural interactions, for instance in medical applications like
combating bacterial virulence by suppressing bioﬁlm formation
(Hall-Stoodley et al., 2004) or modulating organism-internal
ecosystems in the gut (Jia et al., 2008). On a technical scale
synthetic interactions offer potential in industrial biocatalysis
(Rosche et al., 2009; Sabra et al., 2010) or in coordination of
chemotaxis by bacterial populations for toxin detection and
degradation (Sinha et al., 2010). Other applications become
possible if complex processes can be decomposed into a sequence
of subtasks. Then the individual process units can be allocated to
different specialised cell populations (Brenner et al., 2008; Sabra
et al., 2010). The process is in fact modularised on a communities
level and each population can be optimised for its respective task.
At the same time, mixing different cell populations may increase
robustness against environmental ﬂuctuations, like invasion by
other species or nutrient limitations (Brenner et al., 2008).
Modularising a process on the communities level certainly
offers some advantages over integrated implementation within a
single cell. They are associated with the different length and time
scales on which material is transported. For instance, with contemporary experimental techniques it is easier to measure material
ﬂuxes between individual players, than within single cells. Also,
better regulatory control over a complete process that involves
different cell populations is gained on a macroscopic level. This
might improve system predictability and reliability. But a severe
drawback exists in longer interaction length and time scales: the
concentration of exchanged molecules (reactants, intermediates,
signalling molecules) is reduced by dilution in the surrounding
medium. This simultaneously reduces reaction dynamics and
product concentration. In addition, severe transport limitations
are additionally imposed by physical barriers. In order to counteract inefﬁcient material exchange, spatial co-localisation or structural arrangement of speciﬁc cells is conceivable. Interaction length
and time scales are improved if cells are immobilised in multispecies bioﬁlms on substrate materials or in freely dispersed cell
agglomerates. This can be achieved by artiﬁcial tethers that bind
speciﬁc cells closely together (Kornmann et al., 2009).
5.3. Designing population interactions
Synthetic Biology offers many different possibilities to install
artiﬁcial interactions in cellular communities. Usually, they
require a genetic basis that can act across different hierarchical
levels. This is similar to cell populations in nature, where parts
like signalling molecules or devices like intracellular signalling
cascades are encoded genetically and are able to produce system
scale responses. The interaction topology can be designed in
different ways, some of which are illustrated in Fig. 11. In recent
studies, the focus was primarily directed on small recombinant
communication networks. They involved natural quorum sensing
architectures based on AHL signalling molecules, like LuxI/LuxR
from Vibrio ﬁscheri (You et al., 2004; Basu et al., 2005; Anderson
et al., 2006; Danino et al., 2010; Balagadde et al., 2008) or LasI/
LasR (Brenner et al., 2007; Balagadde et al., 2008) and RhlI/RhlR
from Pseudomonas aeruginosa (Brenner et al., 2007).
With these systems some artiﬁcial intra-population effects
could be achieved. For instance, synthetic quorum sensing was
established in S. cerevisiae with recombinant signalling elements
from the plant Arabidopsis thaliana (Chen and Weiss, 2005). Also,
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Fig. 11. Synthetic cell consortia were implemented with diverse connectivities.
Autoinduction by quorum sensing, conditional output generation and material
dependencies have been implemented synthetically in single populations as well
as cell consortia.

artiﬁcial population control was programmed into E. coli by
inducing suicide at high cell densities (You et al., 2004). The
study demonstrates how external stimuli can determine altruistic
single cell behaviour to avoid intra-species competition. Similarly,
protein synthesis was placed under control of AHL based quorum
sensing (Kobayashi et al., 2004). In a different study, ﬂuorescence
oscillations were synchronised between individual members of a
population (Danino et al., 2010). The coordination was based on
quorum sensing molecules that induced their own activation or
repression. This is a regulatory mechanism found in many
circadian clocks. Furthermore, E. coli cells were programmed to
invade cancer cells by expressing speciﬁc surface proteins in
hypoxic environments or at high cell densities (Anderson et al.,
2006). Here, positive feedback of quorum sensing caused ultrasensitive switching between ‘off’ and ‘on’ states.
Progress was also made regarding the redesign of interpopulation phenomena in cell consortia. The degree to which cell
populations must be distinguishable is not clearly deﬁned. Hence,
some consortia may only comprise different recombinant versions of the same host species (Basu et al., 2004, 2005; Balagadde
et al., 2008; Brenner et al., 2007; Chen et al., 2005; Shou et al.,
2007), while others may involve more complex co-cultures across
species or even kingdoms (Weber et al., 2007). While the latter
are very common in nature, research of synthetic consortia
remains focused on interactions between different recombinant
host cells. Synthetic communication was further mostly established in consortia of sender cells and receiver cells (Chen et al.,
2005; Basu et al., 2004, 2005; Brenner et al., 2007; Balagadde
et al., 2008; Weber et al., 2007). As quorum sensing shows, sender
and receiver cells cannot always be clearly distinguished. Yet, in a
proof-of-principle study, auto-inducing quorum sensing was
redesigned into a bidirectional communication mechanism
(Brenner et al., 2007). An artiﬁcial communication architecture
was established in a synthetic bioﬁlm by splitting receiving and
sending devices between different recombinant populations. In
addition, a measurable output was made dependent on simultaneous signalling in both cell populations. This marks an early
example for synthetic consensus behaviour. In a different study,
similar bidirectional quorum sensing was used for artiﬁcial
predator–prey interactions in recombinant E. coli populations
(Balagadde et al., 2008). In this synthetic ecosystem the different
signalling molecules either prevent (predator) or induce (prey)
the expression of a suicide gene. Also, mutually obligatory
cooperation between different cell populations has been demonstrated (Shou et al., 2007). In their system, each cell population
produces a certain amino acid that is deﬁcient in the other. By
mutual exchange across the separating culture medium, the cells
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manage to survive. Spatiotemporal effects in bidirectional communication between sender and receiver cells have also been
investigated. Concentration gradients of signalling molecules
between sender and receiver E. coli cells were shown to generate
transient response behaviour, like ﬂuorescent pulses (Basu et al.,
2004), or permanent ﬂuorescent patterns (Basu et al., 2005).
Finally, genuine interspecies and interkingdom interactions were
addressed in a study by Weber et al. (2007). A volatile signalling
component successfully induced an ecosystem response after
bridging a gaseous interface between senders and receivers. In
this way, cultivation conditions can be decoupled from cellular
communication. As mentioned before, this can become crucial for
multi-species systems that require different or even controversial
breeding conditions and represents an excellent example of how
multi-population systems can be disintegrated into monoculture
modules. The physical separation of sender and receiver populations gives access regarding the control of material exchange but
imposes additional transport limitations that decrease the overall
process efﬁciency, as mentioned in Section 5.2.
In contrast to the examples discussed so far, an interesting
study of Chen et al. (2004) demonstrated the presence of interpopulation behaviour also for non-living systems. In this speciﬁc
case, isotonic ‘empty’ liposome vesicles were mixed with vesicles
loaded with RNA. Due to different osmotic pressures between the
two vesicle species, RNA loaded vesicles expanded their volume
at the expense of the isotonic vesicles. The interaction is purely
physical and is based on the continuous exchange of fatty acid
molecules between membranes and medium. It can be interpreted as biased competition for membrane material between the
two populations.
5.4. Mathematical description of population interactions
Mathematical models for interactions between different populations in nature were ﬁrst developed around 1910 by Lotka
(1910). They used coupled logistic functions to describe the cyclic
periodicity between predator and prey populations. This became
a basic concept to capture limited population growth and served
as precursor system for modern population balance equations.
Their theoretical foundation was largely developed in the 1960s.
Nowadays population balances can account for additional interactions such as aggregation and breakage, that are used in diverse
ﬁelds of Chemical Engineering (Ramkrishna and Mahoney, 2002).
Today, many different models exist that focus on interactions
in cellular populations. They are mainly based on mass action rate
equations and yield systems of coupled differential equations.
Some important model equations are shown in Fig. 12. Often the
models include aspects from lower hierarchical levels, like cellular metabolism or gene expression, which are relevant for the
implementation of the respective interaction. However, the level
of detail varies a lot and the models are tailored for very speciﬁc
macroscopic effects. In addition, the rates used in the simulations
are usually ﬁtted to experimental data, instead of being predicted
theoretically. Therefore, simulations in biology still depend on
experiments and the predictive accuracy is determined by the
quality of experimental data. In the following, some representative simulation approaches are discussed that speciﬁcally focus
on synthetic interactions in cellular communities.
In most model approaches, cell numbers are still captured by
simple logistic dynamics. These equations proved successful not
only in single populations (You et al., 2004), but also in systems of
mixed populations, like predator and prey populations (Balagadde
et al., 2008) or sender–receiver-systems (Chen and Weiss, 2005).
Artiﬁcial ecosystem behaviour thus becomes accessible to simulations. Cell number simulations can also be coupled to balance
equations for speciﬁc intracellular pathways. Metabolic pathways
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Fig. 12. Brief schematic illustration of some important equations used for
modelling biological processes on the population or sub-population scale.

and cell regulation are mostly based on mass action rate equations (You et al., 2004; Brenner et al., 2007; Basu et al., 2004,
2005; Chen and Weiss, 2005). In principle, this would also include
gene product expression. But for any delay effects associated with
gene expression, phenomenological Hill equations are usually
favoured in the context of population interactions (Danino et al.,
2010; Balagadde et al., 2008). Sometimes transport phenomena
are considered as well. The transport of signalling molecules
across cell membranes was modelled with kinetics linearly
proportional to the concentration difference between cell interior
and medium (Balagadde et al., 2008). Also, the local distribution
of a speciﬁc signalling molecule within the surrounding medium
and the formation of spatial patterns was described by a partial
differential equation (Basu et al., 2005). In both cases transport
parameters were gained from experimental data. But before
actually solving the model equations, some general statements
regarding characteristic system behaviour can already be made by
systems-theoretic analysis. For instance, parameter intervals that
produce a desired characteristic system behaviour can be identiﬁed. This was applied and experimentally validated to ﬁnd
operating points that maintain stable oscillations in predator–
prey populations (Balagadde et al., 2008) or in systems with
mutual cooperation (Shou et al., 2007). Bifurcation points could
also be identiﬁed (Balagadde et al., 2008; Waldherr and Allgöwer,
2009). In a different study, Garcia-Ojalvo et al. (2004) offer a
theoretic analysis for robust self-synchronisation in noisy systems
of genetic oscillators coupled by a quorum sensing network. This
kind of self-synchronisation may reﬂect the working principle of
diverse oscillations in biology, such as circadian rhythms (Danino
et al., 2010; Fussenegger, 2010).
Modelling efforts on cell communities level that include crosshierarchy inﬂuences have certainly brought about some convincing explanations. And so far, simulation techniques from different disciplines have provided useful contributions. But many
challenges for a theoretical description of biological systems
remain. In the end, they should extend the domain of model
validity and decrease the need for experiments. Therefore, the
description of biological interactions by predictive and reliable
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models presents an important task for future research. It will be
guided by integrating the different hierarchical levels from basic
parts via devices to systems with each other in a holistic
approach. Especially in Synthetic Biology, where most of the
artiﬁcial interferences show cross-level consequences, like
genetic modiﬁcations that propagate all the way to the communities level, this seems of fundamental importance. Therefore
Synthetic Biology is closely related to Systems Biology. A more
detailed discussion of this connection and holistic system integration is presented in Section 6.

6. Synthetic integrated systems
A possible application of Synthetic Biology is to create, supplement or modify biological systems for technical applications. To
become technically feasible synthetic biosystems have to be
composable, scalable and predictable (Lucks et al., 2008). Ample
possibilities exist to interfere with natural biology. In Section 1,
they were gathered and systematically categorised in a hierarchical arrangement. As a basic level, artiﬁcial biological parts were
reviewed in Section 2. This was followed by a discussion on small
modular devices in Section 3 and suitable cellular platform
constructs in Section 4. Finally, communities of cells were
considered in Section 5. Throughout these sections it became
clear that biological systems are often characterised by diverse
non-linear system components. Modiﬁcations on any hierarchical
level may propagate across the scales and produce noticeable
effects on other levels. Therefore, the implementation of synthetic
parts and devices or the construction of completely artiﬁcial
biosystems has to be investigated along the complete hierarchy
in a holistic approach. The quantitative description of crosshierarchy interactions presents a great challenge and motivates
the identiﬁcation and characterisation of existing or synthetic
interfaces that link the individual parts together. Established
methods in different engineering disciplines and the immense
methodological repertoire of Systems Biology are able to promote
system integration efforts in Synthetic Biology.

6.1. General principles of interface design
Whenever a modiﬁcation is implemented in a biological
system, it has to be carefully adjusted to its context. Certainly, a
ﬁne tuning of its isolated performance is essential to achieve the
desired beneﬁts. But without appropriate consideration of interactions with the surrounding system architecture and various
interfaces over which it takes place, unanticipated interferences
are likely and might cause counterproductive effects. Therefore,
the identiﬁcation and design of interfaces become a topic of
primary importance and extend to all interfaces shared between
a synthetic module and a peripheral environment. These include
both connections with metabolic or regulatory networks of a host
cell via metabolite exchange as well as interfaces between
individual modules themselves. They have to be carefully
designed to establish reliable function, for instance between
sensors, processors and actuators or between modules across
hierarchical levels. Fig. 13 gives a schematic summary of this.
Networks represent the channels along which information propagates in cells, such as signal transduction cascades. A suitable
upstream input to a network node can only result in a speciﬁc
downstream system response if the information can be recognised and processed by all consecutive nodes in the sequence (de
las Heras et al., 2010). Therefore, integrated circuits from different
parts cannot be composed at random and their adjustment
remains an intricate challenge (Marchisio and Stelling, 2008).

metabolic mass flow

input

chassis /
host cell

regulatory signal flow
Module properties:
independence / orthogonality
predictability
scalability
composability

Interfaces:
number limitation
qualitative and quantitative characterization
transfer standardization (bio-currents)

sensor
submodule

processor
submodule

synthetic
module

actuator
submodule

output

Fig. 13. Abstracted version of Fig. 8, showing metabolic and regulatory system
integration in a synthetic module with a hierarchical structure. Interface characterisation and design is essential for successful engineering and experimental
implementation. Interference between submodules and with the peripheral network of the host cell has to be minimised.

To ease interface design and to ensure exchangeable parts for
compositional freedom, the interfaces and their connections can
be standardised. In different research areas this strategy allowed
considerable simpliﬁcations. For instance, in Chemical Engineering
material or enthalpy ﬂows characterise the interfaces between
consecutive process steps and can be quantiﬁed by standard
calculations. Together with the state of aggregation (solid, liquid
or gaseous) this gives important boundary conditions for choosing
an appropriate unit operation from a limited set of possibilities. In
Electrical Engineering the interfaces are generally well deﬁned by
electric current and potential, while in electronics further standards have been achieved by using digital processor architectures
that require binary mathematics for description. In a ﬁrst
approach, Endy (2005) proposed the use of RNA polymerase and
ribosomes as common signal carriers. Their ﬂuxes can be measured in PoPS (polymerases per second) and in RiPS (ribosomes
per second) and are interpreted as biological currents. Based on
this, Marchisio and Stelling (2008) added transcription factors as
signal carriers and sets of inducers and co-repressors, that link to
environmental changes and still have to be deﬁned. Regarding the
language of computational models, standardisation has largely
been achieved by now. The Systems Biology mark-up language
(SBML) uniﬁes the way mathematical models are represented
computationally (Hucka et al., 2003). It avoids incompatibility
between exchanged simulation codes, analysis tools or databases.
Such a standard is especially useful in interdisciplinary research
and will accelerate scientiﬁc collaboration.
Recognising the advantages associated with standardised
interactions in synthetic biological systems, a severe limitation
should be noted here. The possibility of signal interference is
likeley to be ampliﬁed by using standardised signals. Already for
small artiﬁcial systems inside a host chassis, signal interference
can result in unintended and very complex response behaviour.
Therefore, overlap of transmitted information has to be prevented
for which different ways are conceivable. Different network submodules could be segregated spatially, like in organelles, or signal
molecules could be equipped with subtle modiﬁcations, similar to
post-translational protein modiﬁcations used in nature. However,
Synthetic Biology should ﬁrst seek to limit interfaces by intelligent system design. Ideally, synthetic modules are completely
decoupled from the host cell’s own metabolic or regulatory
network. Of course this excludes some minimal connections with
respect to essential input metabolites or output products. Orthogonal networks could present a feasible contribution here. They
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can either be obtained from genetically different microbial
species or by synthesising biological parts de novo. Both
approaches have been addressed in Synthetic Biology and were
discussed in Section 2. Experimental success was achieved on the
genetic level, where artiﬁcial nucleotides were used to synthesise
new DNA or RNA material (Switzer et al., 1989; Wang et al.,
2009). By this technique it was possible to incorporate an artiﬁcial
amino acid site-speciﬁcally into a protein already in 1989 (Noren
et al., 1989). Since then, only few investigations have generated
synthetic gene products from an extended genetic code. Recently,
completely orthogonal transcription by a speciﬁc RNA polymerase
and translation by orthogonal ribosomes was achieved in E. coli
(An and Chin, 2009). The results clearly demonstrate the rich
possibilities gained by implanting orthogonal gene expression
systems into a suitable host chassis.
The remaining interfaces that link a synthetic module to host
cell metabolism and regulation have to be well characterised.
Intracellular processes from sensing a nutritional, chemical or
physical input signal all the way to an output response are
determined by consecutive transfer functions (de las Heras
et al., 2010). They are characteristic for each speciﬁc module
and can be allocated to abstract functional sub-modules, like
sensor, processor and actuator, as shown in Fig. 13. The sensor
and often also the actuator directly connect to the cell’s natural
networks and have to be matched diligently. Sensor systems can
be constructed from regulatory elements common in different
control levels, like transcription factors in transcriptional control
or aptamer based elements (see Section 2.3) in translational and
post-translational control. Output systems usually involve reporter genes that read out the activity and the state of regulatory
devices, for instance by luminescence, ﬂuorescence or population
behaviour (de las Heras et al., 2010). The number and kind of
inputs and outputs can vary between the modules. They depend
not only on its function and complexity but also on its connection
to a metabolic or a signalling network. Usually natural biological
systems feature multiple, simultaneous inputs that produce
equally manifold outputs (MIMO systems) (de las Heras et al.,
2010). For the sake of simplicity, synthetic modules aim at
reducing the number of interactions by design. However, simple
single input–single output (SISO) systems might be difﬁcult to
install, due to many hierarchical levels of regulation and connections to a host network.
6.2. Analytical methods for systemic module integration
Over time, the analytical methods in experimental biology
have made tremendous progress regarding measurement detail
and speed. High-throughput data paves the road for a better
understanding, also on the systems scale. Yet, intuitive
approaches remain insufﬁcient to handle and interpret data of
immense complexity. This calls for computational tools and
mathematical models. For the speciﬁc case of E. coli, a genomescale computational model was able to reconstruct high-throughput experimental data by linking essential parts of the metabolic
and regulatory network (Covert et al., 2004; Feist et al., 2007). For
a mathematical interpretation of biological phenomena the elementary working principles have to be known—at least qualitatively. Only then should detail of minor importance be included
into the model, if it is necessary at all. Only models that remain as
simple as necessary will increase transparency and prevent
misinterpretations, both being exceptionally important in dealing
with complex systems (May, 2004).
Mathematical models provide a powerful basis for systemstheoretic analysis of biological processes. Systems theory can be
applied to network graph models that visualise key components
and their interactions. Some aspects were already discussed in the
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context of modular networks in Section 3.1. Graph-theoretical
approaches to networks focus on parameter identiﬁability, while
kinetic-dynamic network models aim for mechanistic models that
quantify system dynamics. Based on dynamic models important
properties of synthetic modules can be investigated, such as
stability of steady states, bifurcational behaviour, parametric
sensitivity, robustness, etc. Some of these aspects were mentioned in Section 3.3 as performance criteria for synthetic modules or in Section 5.4 as behavioural characteristics of cellular
populations. In addition, systems theory can help to assess
observability and to estimate system states (Bullinger et al.,
2008). For some predictions, a detailed knowledge of model
parameters is not even mandatory (Bailey, 2001; Conradi et al.,
2005). This is especially advantageous for biological systems,
where often some parameters remain unknown. Instead of conducting elaborate experiments, models can be tested on an
abstract theoretical level and then motivate hypothesis-driven
validation experiments. A particularly important property is
model completeness. Deﬁciencies in mathematical models can
be identiﬁed by testing if an observed macroscopic behaviour
would actually be possible with an assumed network structure or
if further components have to be included (Eissing et al., 2009).
Also, mathematical discrimination between different model variants is possible. As an example, Conradi et al. (2005) have applied
chemical reaction network theory (Feinberg, 1987, 1988) to a
single layer of the MAP kinase signalling cascade and could
discard certain structures from a pool of network alternatives.
Of course the use of advanced mathematical tools and systems
theoretical methods for analysis, design and control can be of great
value for purposeful synthesis of artiﬁcial biosystems. The important
role of a model-based systems approach was already demonstrated in
other ﬁelds of biology, e.g. in comparative genetics, the analysis of
protein folding and Systems Biology. Particularly in Systems Biology, a
sound theoretical foundation and useful mathematical tools have
been developed to analyse biological systems. This has helped in
understanding the structure and dynamics of biochemical pathways
and regulatory genetic networks (Kitano, 2002). But before mathematical tools can be successfully applied, pathways have to be known
and represented as a network. Typically this is performed by reverse
engineering of a network structure from ‘-omics’ data, for instance by
transitive reduction (Klamt et al., 2010). Metabolic networks are often
reconstructed in great detail from the sequenced genomes and
experimental data. In contrast, the identiﬁcation of regulatory and
signal transduction networks still presents a great challenge. Once the
network architecture has been identiﬁed, it can be implemented,
visualised and analysed. Systems biological methods comprise three
major model classes for the investigation of complex networks:
mechanism-based dynamic, constraint-based static or interactionbased static mathematical frameworks (Stelling, 2004). Some

Fig. 14. Schematic representation of the three major model classes used in
Systems Biology: interaction based, constraint based and mechanism based
models (sketched from Stelling (2004)).
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characteristic features are illustrated in Fig. 14. In most cases poor
knowledge over mechanisms and associated parameters together
with unyielding complexity severely limit the use of detailed
mechanistic models that rigorously combine exchangeable modules
on different hierarchical levels. Relaxing dynamic system properties
by assuming networks in steady-state has produced constraint-based
models (Price et al., 2004) among which range popular tools like
metabolic ﬂux analysis (Stephanopoulos et al., 1998), ﬂux balance
analysis (Edwards et al., 1999; Orth et al., 2010) and metabolic
pathway analysis based on elementary mode analysis or extreme
pathway analysis (Schuster and Hilgetag, 1994; Klamt and Stelling,
2003; Trinh et al., 2009). Upon further relaxation of reaction
stoichiometry, interaction-based models are obtained that merely
yield information on the network topology. A multitude of software
tools have been developed for static network analysis, such as the
CellNetAnalyser (Klamt et al., 2007) or WEbcoli (Jung et al., 2009).
Today, static models dominate research on large scale networks in Systems Biology. Only few mechanism-based dynamic
models exist that demonstrate their superiority by accounting for
temporal evolution and/or event sequence. For example,
McAdams and Shapiro (1995) used a mechanistic hybrid model
of kinetic rate laws and circuit simulation to characterise the
lysis–lysogeny decision circuit in bacteriophage lambda. In
another study, the authors investigated the cell cycle control
system of Caulobacter crescentus by a similar model (Shen et al.,
2008; McAdams and Shapiro, 2009). It shows that asymmetric cell
division is a whole cell phenomenon that is based on integrated
hierarchical regulation and co-localisation effects. Another
mechanistic hybrid approach was proposed by Straight and
Ramkrishna (1994) as cybernetic modelling (Namjoshi and
Ramkrishna, 2005). In a cybernetic model, cellular pathways are
dynamically controlled on two hierarchical levels, a global and a
local one, that follow different objectives. While global control
chooses between cellular behaviour, like biomass production or
nutrient uptake, local control optimises metabolic network ﬂuxes.
The individual network building blocks are identical to elementary ﬂux modes from metabolic pathway analysis (Young et al.,
2008). The knowledge of Systems Biology is often applied in
metabolic engineering for the target-oriented redesign of metabolic or regulatory pathways in natural systems. But the analysis
tools are also well suited as a basis for implementing synthetic
modules into a host’s network architecture. Over the past decade,
different software tools were developed for Synthetic Biology. A
succinct overview on tools for circuit design and simulation,
circuit optimisation, DNA/RNA and protein design or integration
platforms was recently given by Marchisio and Stelling (2009).
6.3. Holistic design of synthetic biological systems
The design of synthetic biological systems is largely concerned
with connecting specialised elements to achieve a desired function. For technical applications the function will mostly be the
efﬁcient production of a speciﬁc molecule, for medical applications it could be the regulation of some metabolite concentration.
Currently, the interference level of synthetic modiﬁcations
remains restricted to rather simple subsystems. But the assembly
of modularly structured components into complex network
systems is conceivable. A few exceptional studies already indicate
the scope of holistic system design and construction. Some of
them are linked to population interactions and have been introduced in Section 5.3. They demonstrate how selective genetic
manipulations were used to control macroscopic cellular behaviour across several hierarchical levels. Further indications how
integrated the individual hierarchical levels of Fig. 2 are, can be
found in applications of Synthetic Biology to metabolic engineering. Recently, Martin et al. (2003) genetically implemented a

multi-step recombinant melavonate pathway for the production
of terpenoids in E. coli. In a further study, static control over
metabolic ﬂuxes was established by artiﬁcial enzyme scaffolding
(Dueber et al., 2009). The scaffold was able to co-localise a
cascade of relevant enzymes with optimised copy numbers.
Thereby, any ﬂux imbalances and negative effects on the host
cell’s metabolism resulting from the artiﬁcial pathway were
alleviated. These studies express how heterologous pathways in
a microbial host surpass expensive harvesting or complicated
chemical synthesis. Yet, these applications remain piecewise,
step-by-step implementations and seldom consist of an arrangement of standardised modules.
Holistic engineering of biological systems would go beyond
these studies by integrating metabolic with regulatory pathways.
Linking metabolic pathways to superordinate regulatory networks represents an essential challenge to establish responsive
system behaviour, for example to external stimuli. A self-sufﬁcient control of synthetic pathways relies on coupled sequences of
sensing, processing and actuating components (Fig. 13). By sensing the output of a pathway or its segments, a processing unit
can quantify an offset and establish new set points for the
individual reaction steps. Actuators will then execute possible
changes by regulating the expression levels of participating
enzymes or their activity. This would allow each pathway to
adapt itself to other pathways or segments and the cell’s native
metabolism (Holtz and Keasling, 2010). Flux imbalances can then
be prevented in situ. Some Synthetic Biology applications that
establish dynamic pathway control already exist. Among the ﬁrst
was a study by Farmer and Liao (2000). It presents a synthetic
circuit that improves the yield and productivity of a heterologous
pathway by regulating gene expression in response to intracellular metabolic states. In a more recent study, Kemmer et al.
(2010) demonstrate a synthetic circuit in mammalian cells that
maintains uric acid homeostasis in its environment. This is
achieved by a sensor protein which triggers a dose-dependant
enzyme de-repression to eliminate uric acid.
A reliable autonomous dynamic control of synthetic pathways
ﬁnally allows an integrated process optimisation. Optimisation is
an important topic in process synthesis and is included as ﬁnal
conceptual step in Fig. 1. In fact, optimal process trajectories are
of special interest when system state conditions or environmental
inputs are subject to variations. In Synthetic Biology, metabolic
and regulatory networks usually follow a system-wide design
objective. It reﬂects the original intention for interfering with
natural systems, like expression of heterologous products, maximisation of productivity or system robustness. Of course, technical design objectives do not necessarily coincide with
evolutionary survival objectives of natural organisms. Therefore,
artiﬁcial network architectures often have to override or counteract natural cellular regulation. This can only be achieved by
structuring synthetic regulation in a hierarchical fashion (Gilles,
2002). A study by Gadkar et al. (2005) gives theoretical support.
The authors present a dynamic bi-level optimisation scheme for
improving temporal proﬁles of metabolic ﬂuxes. For systemsscale optimisation, diverse numerical strategies can be adopted
from other disciplines. They supplement the computational
repertoire in Systems Biology, such as linear programming
(Gadkar et al., 2005), mixed integer linear programming for
metabolic pathway optimisation (Hatzimanikatis et al., 1996) or
game theoretical approaches (Pfeiffer and Schuster, 2005).
Dynamic pathway regulation and optimisation of process trajectories remain extremely challenging. This is due to several reasons.
For one, the full scope of interference with natural pathways
is generally not known. Most unanticipated effects can be traced
back to unintended cross-reactions between artiﬁcial and natural
process architectures. Uncertainty originating from lacking system
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information is referred to as epistic uncertainty (Kaltenbach et al.,
2009). It is usually caused by practical limitations such as measurement errors, parameter estimations from noisy or incoherent data, or
uncertainty regarding a process mechanism. In addition, biological
systems are characterised by many strongly non-linear interactions.
They can result in complex behaviour that remains difﬁcult to access
on a predictive level. A third reason is that not all biological
phenomena are fully predictable. In some biological processes, for
instance mutation or meiosis, uncertainty plays a key role to enable
evolutionary improvements. Inherent randomness of system behaviour represents a completely different quality of uncertainty. Such
aleatoric uncertainty arises from noisy events and needs to be
addressed by stochastic analysis (Kaltenbach et al., 2009). Noise and
some of its effects were also addressed in the context of synthetic
circuits in Section 3.3.
A holistic design of synthetic biological systems therefore has
to ensure a certain system reliability at least on the macro-scale.
Reliability of system performance is often determined by some
level of robustness against critical changes that endanger pathway functions. Since synthetic systems often respond to welldeﬁned external stimuli, selective robustness will be sufﬁcient.
Also, reactions by the host cell’s natural networks may be
incorporated into a system-wide strategy. Natural systems can
behave surprisingly robust. This was recently shown by rewiring
gene regulatory networks across different hierarchical levels in
E. coli (Isalan et al., 2008). New network connections were mostly
tolerated and sometimes even exploited on an evolutionary basis
if they conferred ﬁtness advantage. Theoretical studies have
identiﬁed characteristic topologies that induce an inherent
robustness in regulatory networks. Some of these relate to network motifs and were mentioned in Section 3.3. Also, a new
concept based on regulation entropy was tested for a quantiﬁcation of network robustness (Wu et al., 2009; Ma et al., 2006).

7. Conclusions
Even after decades of intense research activities, knowledge
generation in biology remains far from saturating. In all these
years biological research was largely driven by analysis and
provided very detailed descriptions of natural living systems.
The rise of Synthetic Biology now indicates several innovative
approaches to design (i.e. synthesise) new biological systems.
Synthesis offers the advantage to isolate speciﬁc biological elements from their natural environment for studies in a better
deﬁned, artiﬁcial context. This might help to limit the immense
complexity accumulated by analytical methods in the past. At the
same time, synthetic approaches provide qualitatively new perspectives for Biotechnology. Cells that are reprogrammed on the
parts, devices or systems level tremendously increase the scope to
design tailored processes and yield attractive prospects that
extend beyond conventional Biotechnology. For both applications,
Synthetic Biology investigates how biological systems can be
created, supplemented or modiﬁed. Starting from a scientiﬁc
analytical description, a biological process can be abstracted from
its natural context regarding substance and function. The abstraction may serve to identify organisational patterns from which
individual process modules might be identiﬁed. New processes
can then be synthesised by rearranging speciﬁc modules and
connecting them over well deﬁned interfaces. For improved
handling they should be standardised. And ﬁnally, process trajectories have to be optimised with respect to system-wide design
objectives. To become technically feasible, synthetic biological
systems have to be predictable, composable, scalable (i.e. tunable)
and robust.
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The present review summarises most of the more recent progress
made in Synthetic Biology. The achievements were categorised
according to a hierarchical scheme that was introduced ﬁrst to
structure production processes in Chemical Engineering. This scheme
contains ﬁve levels and might provide an engineering framework for
guiding the future design of biological systems. In the proposed
hierarchy, the ﬁrst (i.e. the lowest) level comprises all artiﬁcial
biological parts from the genome, transcriptome, proteome and
metabolome. The second level represents small modular devices with
tailored function that are obtained by an intelligent coupling of
selected parts. The third level focuses on the construction of chassis
from streamlined cells or completely artiﬁcial protocells on the
systems-scale. This is followed by a fourth level that characterises
interactions in cellular communities. Finally, a superordinate network
level holistically integrates the individual levels by metabolic pathways and regulatory circuits. On all hierarchical levels, extensive and
sound scientiﬁc foundations exist regarding experimental but also
theoretical methods. These have led to diverse manifestations of
Synthetic Biology, especially on the parts and devices levels. A
multitude of artiﬁcial parts already mimics natural biological functions. In some cases they were even coupled into small devices and
used as elementary units to build synthetic modules. On the systems
scale, important progress has been made in streamlining natural cells
or in assembling protocells. Also, synthetic interactions between cells
in communities were successfully implemented and a few exceptional studies indicate the scope of holistic system design by artiﬁcial
network topologies.
Biological systems can be seen as (often non-linearly) coupled
large-scale networks. Modiﬁcations on a certain hierarchical level
may propagate across the scales and thereby produce noticeable
effects on other levels. Therefore, the implementation of synthetic
parts and devices or the construction of completely artiﬁcial
biosystems has to be investigated along the complete hierarchy
in a holistic approach. The quantitative description of crosshierarchy interactions presents a great challenge because biological components will soon reach a complexity comparable or
even exceeding the complexity of integrated electronic circuits or
chemical processes. Experience in these ﬁelds has shown that
system-wide interactions in complex networks are hardly tractable based on phenomenological methods alone. Only with the
assistance of system-theoretical methods, a quantitative analysis
of complex biological behaviour will be possible and support the
design of artiﬁcial biological systems. For this purpose it is often
not useful to represent biological components in their full
mathematical detail. Instead, advanced approaches to reduce
model details by identifying a limited set of decisive core
elements responsible for the system behaviour and hiding irrelevant information may prove superior. But the identiﬁcation and
design of functional modules with a limited number of wellcharacterised interfaces in biology is a non-trivial problem.
All recent developments nourish the hope that biological
systems will one day become designable from small to large
scales. The proposed strategies in the ﬁeld of Synthetic Biology
seem promising to establish tailored biological processes in the
future, perhaps conceptually similar to those found in Chemical
Engineering and Electrical Engineering. With improving theoretical and predictive power, experimental work will be gradually
reduced to the level of validation studies. The lessons learned in
different engineering disciplines can be very helpful to guide and
expedite this process. Today, living and non-living biosystems are
still distinguished by several differences. This becomes obvious
whenever a natural system fails as a result of unanticipated
effects by human interference. But faced with the enormous
progress that research on artiﬁcial biological systems has demonstrated over the past, these differences are likely to decrease in
the future. In fact, engineering of biological systems can only be
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S. Rollié et al. / Chemical Engineering Science 69 (2012) 1–29

successful if system behaviour is predictable at all, at least on a
macroscopic level. Otherwise, the target-oriented design of biological systems will remain impossible and experimental trialand-error studies will stay to be the main source of information.
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tions have used antlike routing strategies to telephone and data networks (Bonabeu et al., 2000).

Introduction

W

hat do metabolic pathways and ecosystems, the Internet,
and propagation of HIV infection have in common? Until a
few years ago, the answer would have been “very little.”
The first two examples are biological and shaped by evolution, the
third is a human creation, and the fourth is an unwieldy mixture of biology and sociological components. In the past few years, however, the
answer has emerged that they all share similar network architectures.
Seemingly out of nowhere, in the span of a few years, network
theory has become one of the most visible pieces of the body of
knowledge that can be applied to the description, analysis and
understanding of complex systems. Several reviews (Strogatz,
2001; Albert and Barabási, 2002) and popular books (Barabási,
2002; Buchanan, 2002) have appeared. At the same time, the
release of Stephen Wolfram’s controversial book, A New Kind of
Science (Wolfram, 2002), generated a large number of essays and
opinion pieces on the topic of cellular automata and agent-based
modeling, although the topic clearly has been around for a while
(Tofoli and Margules, 1987; Kauffman, 1993).
By comparison, Chaos Theory—nonlinear dynamics or dynamical systems—seems stately and established, and in fact it is. Nonlinear science and nonlinear dynamics tools are deeply embedded
in research and analysis across a wide spectrum of science and
engineering. However, the other two components of the triad,
agent-based models, and especially network theory, are not part of
the standard toolkit of most scientists and engineers.
New results are emerging. Consider three recent examples.
Communication Protocols. Until recently, the models used for
developing communication protocols in the Internet were based on
random graph models, in which every router has roughly the same
number of connections. However, it was shown recently that the real
Internet has a scale-free structure, i.e., the distribution of the number
of connections decays as a power law (Huberman and Adamic,
1999; Albert et al., 1999; Faloutsos et al., 1999). A few routers have
most of the connections. This finding has led to a total redirecting of
strategies for developing communication protocols and peer-to-peer
search strategies (Adamic et al., 2001; Kleinberg, 2000; Watts et al.,
2002). Intriguingly, similar network topologies have been uncovered
in the organization of metabolic networks and protein interactions
within cells (Jeong et al., 2000; Fell and Wagner, 2000).

Thresholdless Epidemics. The classical theory for the emergence of epidemics—based on lattice-like connectivity or random
connectivity between individuals—predicts that there is a transmissibility threshold for the onset of an epidemic. Below the
threshold, no epidemic can develop; above the threshold, the disease quickly spreads to a steady-state fraction of the population.
The actual picture may be much worse. Recent calculations have
revealed that infections propagating in a scale-free network have
no epidemic threshold, i.e., an epidemic will develop for all
nonzero transmissibility rates (Pastor-Satorras and Vespignani,
2001). These results, together with the recent discovery that the
network of sexual contacts has a scale-free structure, help understand the course of sexually transmitted infections such as HIV
(Liljeros et al., 2001). Somewhat unexpectedly, the same theory
can explain the spread of virus software through e-mail (Lloyd
and May, 2001).
These are exciting results. However, as with everything that
appears new it would be incorrect to claim complete novelty.
Chaos can be unmistakably traced to Jules Henri Poincaré in the
1890s and networks were studied by mathematicians such as Paul
Erdös and Alfréd Rényi in the 1960s, if not earlier. And cellular
automata owe their origin to John von Neumann’s work in the
1940–1950s. However, what is new is the power of the entire picture, not the elements.
This is an appropriate time to pause and survey the landscape.
The objective of this article is to present in a unified way recent
results in the analysis of complex systems and discuss their impact
on chemical engineering. The implications for ChEs are twofold:
augmentation of the curriculum and reshaping research—augmentation of what we already do plus access to a whole new array of
problems that would have been unthinkable just a few years ago.
Chemical engineers, being exposed to a wide range of length scales
and trained to think in terms of systems, can seize the opportunity
and are perfectly poised to take a leadership position in these exciting new developments.

Ants and Near-Optimal Paths. Ants have the ability to calculate
the shortest path to different food sources using trails of
pheromone. Replace sources of foods with cities and ants with
salesmen: this analogy leads to a new way to view the classical
traveling salesman problem. Ant-inspired simulations developed in
the late 1990s have led to algorithms that find near-optimal routes
in networks. France Telecom, MCI, and British Telecommunica-

Complicated and Complex. A discussion about complex systems has to start with the definition and a distinction: what is complex and how does it differ from the merely complicated?
The most elaborate mechanical watches are called très compliqué. They are, as their French name implies, complicated. A Star
Caliber Patek Phillipe has 103 pieces. A Boeing 747-400 has,
excluding fasteners, 3×106 parts. In complicated systems, parts
have to work in unison to accomplish a function. One key defect
(in one of the many critical parts) brings the entire system to a halt.
This is why redundancy is built into designs when system failure is
not an option (e.g., a nuclear submarine).
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The stock market, a termite colony, cities, or the human brain are
complex. The number of parts, e.g., the number of termites in a
colony, is not the critical issue. The key characteristic is adaptability. The systems respond to external conditions. A food source is
obstructed, and an ant colony finds a way to go around the object;
or a few species become extinct and ecosystems adapt.
A word of caution, however. The boundary between “simple” and
“complex” is subtle. It takes little for a simple system to become
anything but simple. A forced pendulum—with gravity being a periodic function of time—is chaotic. In fact, one can argue that the driven pendulum contains everything that one needs to know about
chaos; the entire textbook by Baker and Gollub (1990) is built
around this theme. A double pendulum—a pendulum hanging from
another pendulum—is also chaotic. And it does not take much to
make billiards chaotic. The trajectories of a hard sphere in a circle
are regular, but in a stadium—a rectangle with two opposing sides
being semicircles—they are fully chaotic (Buminovich, 1974).

physical and chemical system. And therein lies the paradox. How
does complex behavior arise from simple building blocks? Physics
is driven by simplicity; the harder one looks, the simpler it gets.
But once one reaches the ultimate simplicity (e.g., Newton’s laws),
how does one manage to put things back together?
The study of complex systems runs somewhat contrary to the
normal (or reductionist) approach followed in physics, chemistry,
biology, and economics. The central tenet of these disciplines is that
if one understands the elementary building blocks—particles, atoms
and molecules, a strand of DNA, we can formulate problems and
infer consequences marching upward in scales. However, it is clear
that this approach, although eminently successful since Galileo’s
times, has limits. Complex systems cannot be understood by studying parts in isolation. The very essence of the system lies in the
interaction between parts and the overall behavior that emerges
from the interactions. The system must be analyzed as a whole.

Reductionist Viewpoint. There are three broad categories of
complex systems: physical and chemical systems, biological systems, social systems and organizations. It may be argued that physical and chemical systems are the simplest: we know the building
blocks. At some level, however, one may argue that everything is a

Building Blocks. The concept of building block brings also its
own bit of semantic confusion. Quite rightly, many disciplines
regard their “elementary building blocks” as complex—no one
would label a neuron or an individual in an organization as being
“simple.” Also, it may be difficult to design an experimental
methodology, or the key experiments, for studying the elementary
block. Or there may be open theoretical questions. Thus, for example, one talks of “complex fluids” in polymer and colloidal science.
In many disciplines, the systemic complexity is acknowledged,
and the building block is isolated, and analyzed/studied under welldefined conditions. However, these studies often fail to reveal
some of the aspects and properties that will allow the conceptual
reconstruction of the global system. Consider the case of biology.
One of the grand challenges in this area is the synthesis of the relevant building blocks (see, for example, p. 85 in Wilson, (1998).
Another one is the development of scientific (experimental and
theoretical) methodologies for the study of the elementary blocks
in action as parts of the system they are part of (for example, the
attempts to extract evolutionary and functional information from
genome sequences, the development of high-throughput techniques, DNA arrays and proteomics, imaging, etc).
Given this avalanche of information, the study of the elementary
blocks themselves and interactions between building blocks has
become difficult and “complex.” In fact, in some areas, biology
being the prime example, one could argue that new technologies are
providing information at a much faster rate than our ability to digest
and understand it. How does our ability to simultaneously monitor
and observe complex systems at different scales enhance our understanding of these systems? What are the scientific methods that will
allow us to understand these systems (Hatzimanikatis, 2000)?
However, even if the building blocks are “simple,” moving
upward in scales is far from trivial. Atoms and small molecules are
reasonably well understood; the same can be said of colloids and,
marching upward, continuum scales. However, the region between
10 and 10,000 Angstroms (1–103 nm), the realm of self-assembling
molecules, is poorly understood.
There are exciting opportunities, however. An example of exploring “what if” questions is provided by recent work on colloidal systems and “model atoms” (Frenkel, 2002). An especially attractive
aspect of colloids is that one has the ability to control the attractive
forces between particles by varying solvent, adsorbed molecules, etc.
Thus, studying the crystallization of model atoms gives considerable
new insight into the role of interobject potentials in self-organization
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Rough Definition of Complex Systems. A complex system is a
system with a large number of elements, building blocks or agents,
capable of exchanging stimuli with one another and with their
environment. The interaction between elements may occur only
with immediate neighbors or with distant ones; the agents can be
all identical or different; they may move in space or occupy fixed
positions, and can be in one state or multiple states. The common
characteristic of all complex systems is that they display organization without any external organizing principle being applied. In the
most elaborate examples, the agents can learn from past history
and modify their states accordingly. Adaptability and robustness
are often the byproduct. Part of the system may be altered, and the
system may still be able to function.
Examples of Complex Systems. Complex systems are systems
where knowledge of the elementary building blocks—a termite, a
neuron—does not even give a glimpse of the behavior of the global system itself, i.e., rich macrodynamical behavior with “simple”
elementary building blocks. It is, however, clear that some complex systems are simpler than others. (Semantic difficulties are
unavoidable. For example, complexity has a well-defined mathematical meaning in computer science and cryptography, but often
multiple ones, often qualitative, in ecology, cognitive science,
chemical, physical, and biological sciences.) Possibly, the most
unyielding example may be the human brain. At an individual
level, we know quite a bit about neurons, but we are nowhere close
to comprehending consciousness. The individual elements in food
webs or ecosystems are, in a few cases, relatively well understood.
This, however, may give no clue as to the robustness and adaptability of the entire system. Possibly, the simplest complex example, one arising in theoretical physics, is the celebrated 2-D Ising
model, a caricature of a magnet, a lattice with elements displaying
up-down spin behavior. The realm of classical particles or grains
and how they interact with each other are well understood. However, how the multitude of length scales that appear in sand
dunes—from centimeters to hundreds of meters—arises from the
individual particles is far from obvious.
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(Davis et al., 1989). Heuristics are now emerging about manipulation
of attractive and repulsive forces to drive colloidal assemblies into
desired structures (Pham et al., 2002; Velikov et al., 2002).
Complex Dissipative Systems: Experimental Approaches. Computations provide a route towards understanding. Model experiments provide another. Several recent experimental efforts have
focused on the self-organization of systems with designed interplay between attractive and repulsive forces. However, as opposed
to the “model atoms” mentioned above, these systems organize,
but do so only when they dissipate energy.
One example is a system of magnetic spinning particles maintained at the interface between a liquid and air, or at two close parallel interfaces between air-liquid and liquid-liquid pairs (Grzybowski et al., 2000; Grzybowski and Whitesides, 2002) (Figure 1).
Particles spin due to the application of a magnetic rotating field. The
confining magnetic field attracts all the particles towards the axis of
rotation of the magnet, however, when the particles get close,
hydrodynamics forces become repulsive. This results in a competition between the attractive and repulsive effects, and the particles
arrange in patterns. Prediction may be nontrivial; it takes just a few
classical vortices to produce chaos (Aref, 1983).
Other recent experimental illustrations come from granular
dynamics. A classical example is the work of vibrated granular layers of Umbanhowar et al. (1996) (Figure 2). A recent related study,

from Arshad Kudrolli’s group, which shows how order appears in
the most unexpected circumstances, consists of long rods placed in
a vibrating container. Depending on the volume fraction above a
critical packing fraction, there is formation of dense domains of
nearly vertically packed rods that move as large-scale vortices.
Another group of examples entails the competition between
chaos (due to mixing) and order (brought up by segregation due to
differences in particles’ size or density). These may be the simplest
experimental examples of systems displaying competition between
chaos and order (Hill et al., 1999).

Complex Systems Tools
The mathematical techniques used in complex system studies
include nonlinear dynamics, differential and difference equations
and time series analysis, cellular automata, graph and network theory, and, depending on the problem, aspects of game theory,
Markov processes, information theory, and genetic algorithms.
Even a superficial survey is manifestly impossible. We restrict ourselves to nonlinear dynamics, agent-based models and cellular
automata, and network theory.
Nonlinear Dynamics and Chaos
Nonlinear dynamics and chaos in deterministic systems are an
integral part of science and engineering. The theoretical founda-

Figure 1. Top row (left), millimeter-sized, magnetic disks interacting via vortices generated in the
surrounding liquid; (right), at two nearby interfaces, depending on the speed of rotation, crystals form (Grzybowski et al. 2000, Grzybowski, and Whitesides 2002). Bottom
row, patterns produced by vibrating a thin layer of small brass spheres. Depending on
the frequency and amplitude of the oscillations several patterns are possible. The perspective view shows organized “oscillons” (Umbanhowar et al., 1996).
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tions are on firm mathematical footing. There are well agreed-upon
mathematical definitions of chaos, many of them formally equivalent. In dissipative systems having an attractor plus one positive
Liapunov exponent—a quantification of the divergence of nearby
initial conditions—can be taken as a definition of chaos. There are
many textbooks—e.g., Baker and Gollub (1990), Strogatz (2000),
Ott (1994)—review articles, monographs, and an almost innumerable number of experimental studies, computational applications,
and even patents, based on nonlinear analysis tools. There is even
the historical perspective provided by massive scholarly studies
(e.g., Aubin and Dalmedico, 2002).
There are still, however, many misconceptions about chaos and
its implications. Extreme sensitivity to initial conditions does not
mean that prediction is impossible. Memory of initial conditions is
lost within attractors, but the attractor itself may be extremely
robust. In particular, chaotic does not mean unstable.
Chaos means that simple systems are capable of producing complicated outputs. Simple 1-D mappings can do this—the logistic
equation being the most celebrated example. In autonomous differential equations a minimum of three dimensions are needed—the
Lorenz system being the best known 3-D case. The flip side is that
complicated outputs need not to have complicated origins; seemingly random-looking outputs can be due to deterministic causes.

Many techniques have been developed to analyze signals and to
determine if fluctuations stem from deterministic components. Various techniques, such as multidimensional maps, may reveal characteristic features not observable with conventional data analysis.
Nonlinear dynamics is embedded throughout research; applications arise in virtually all branches of engineering and physics—
from quantum physics to celestial mechanics. There are numerous
applications in geophysics, physiology and neurophysiology. Even
subapplications have developed into full-fledged areas. For example, mixing is one of the most successful areas of applications of
nonlinear dynamics (Ottino, 1990); applications to mixing in the
ocean constitute a large subarea with entire books and reviews
devoted to the subject and the inevitable tendency toward the very
specific (e.g., Waseda et al., 2002). Within chemical engineering
successful applications have included mixing, dynamics of reactions, fluidized beds, pulsed combustors, and bubble columns. It is
clear that nonlinear dynamics does not exist in isolation, but it is now
a platform competency. This does not mean that all theoretical questions have been answered and that all ideas are uncontroversial. For
example, there is significant discussion about the presence of chaos
in physics and the role it may play in determining the universe’s
“arrow of time,” the irreversible flow from the past to the future.

Figure 2. Agent-based models.
Leftmost column shows the initial state; the two other columns show intermediates times, with time increasing left to
right. Top row, termites build mounds with no central controlling authority. The algorithm is remarkably simple: each
termite walks randomly. If it bumps into a wood chip, it picks the chip up, and continues to wander randomly. When it
bumps into another wood chip, it finds a nearby empty space and puts its wood chip down. Bottom row, ants looking
for food (a central nest and three sources of food). Ants move randomly and when they find food go back to the nest
depositing a trail of pheromone. Ants tend to follow concentrated paths of pheromone, and as more ants carry food to
the nest, they reinforce the chemical trail. In general the ant colony exploits the food sources in order, starting with the
food closest to the nest. Both systems can be viewed in ccl.northwestern.edu/netlogo.
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Agent-Based Models
Agent-based modeling is based on the assumption that some phenomena can and should be modeled directly in terms of computer
programs (algorithms), rather than in terms of equations. Examples
arise in physical, chemical, biological and social sciences; they can
be as simple as propagation of fire and simple predator-prey models between a handful of species and as complex as the evolution of
artificial societies. The central idea is to have agents that interact
with one another according to prescribed rules. This type of modeling has started to compete and, in many cases, replace equationbased approaches in disciplines such as ecology, traffic optimization, supply networks, and behavior-based economics.
The origins of agent-based modeling can be traced to cellular
automata—rows in a checkerboard that evolve into the next row
based on simple rules. A physical example may be the propagation
of fire in a forest. The trees may be represented as occupying a
fraction of the squares in a checkerboard; the rule may be that fire
propagates if two trees are adjacent via the face of a square. Thus,
fire propagates though faces—up, left, and right, but not diagonally. More generally, the basic building blocks may be identical or
may differ in important characteristics; moreover, these characteristics may change over time, as the agents adapt to their environment and learn from their experiences resulting in feedback (see,
for example, Epstein and Axtell, 1996). A very large number of
didactic and exploratory agent-based models arising in various disciplines appear in Wilenesky (1999).
Consider, for example, a model of social segregation inspired by
the work of Thomas Schelling (1978). The reader will note a similarity to the Ising model and spinodal decomposition. This model
mimics the behavior of two types of individuals, reds and greens,
in a city, which is represented as a checkerboard. The number of
reds and greens are equal and empty spaces may be present. Reds
and greens get along with each other. However, reds and greens
want to live near at least some people of their own color. Initially,
reds and greens are randomly distributed throughout the city. But
many individuals are unhappy, since they do not have enough
neighbors with the same color. Unhappy individuals move to new
locations, tipping the balance of the local population, prompting
others to leave. If red people move into an area, local green people
might leave, and vice-versa. Over time, the number of unhappy
individuals decreases. Simulations show how individual preferences propagate through the city, leading to large-scale patterns,
with large clusters of red-green. For example, in the case where
each individual wants at least 30% of neighbors with the same
color, we end up (on average) 70% same-color neighbors. Thus,
relatively weak individual preferences can lead to significant overall segregation. “The interplay of individual choices…is a complex
system with collective results that bear no close relation to the individual intent,” Schelling wrote.
Some of the most challenging cases of agent-based models may
be those involving economics (e.g., Epstein and Axtell, 1996).
These approaches differ significantly from classical modeling systems via mathematical analysis. Classical microeconomic analysis
assumes that consumers are identical and that they never change
their preferences or characteristics; also, the consumers either do
not communicate at all or they interact in some type of random
fashion. Any inclusion of heterogeneity, organization, or adaptation would require the use of computer simulation or of numerical
analysis. Applications of cellular automata to problems familiar to
ChEs are those involving fluid flow and flow of granular matter

(e.g., Peng and Herrmann, 1995, 1994; Désérable, 2002). These
techniques should be considered complementary rather than competitive to continuum-based and discrete-particle methods.
The idea of cellular automatons can be traced to John von Neumann and Stanislaw Ulam, further developed and popularized in
Conway’s Game of Life, and more recently Wolfram. It is interesting to note that Watson and Crick’s work unraveling the structure of
DNA took place nearly concurrently with much of von Neumann’s
study of machine reproduction. It is noteworthy that the logical basis
of reproduction in living cells mimics von Neumann’s machine
reproduction theory; in fact, biology’s terminology closely follows
von Neumann theory. But the converse is also true. Biology has been
instrumental in driving agent-based models. The most celebrated
examples are based on the behavior of ants. In fact, ants have
become the workhorse of agent-based modeling (see Figure 2).
Ants have the ability to find the shortest path to food sources without using any visual cues. This much is known: Ants deposit
pheromones while walking and ants prefer to follow directions rich
in pheromone. Also, pheromone diffuses and evaporates, that is,
trails do not last forever. These facts explain how ants can find the
shortest path if a trail is broken and an obstacle disrupts the trail. The
ants that pick the shorter path around the obstacle reconnect more
quickly to the interrupted pheromone trail than those that choose the
longer path. The pheromone scent is stronger in the shortest path; it
gets picked, and over time reinforced. Thus, finding the shortest path
around the obstacle emerges as a property of the interaction between
the obstacle shape and the ants’ distributed behavior. The same
mechanisms help ants to pick the closest source of foods (Figure 2).
Can ants be used in practical situations? The answer is yes. Consider the traveling salesman problem. Say, for example, that salesmen have to visit ten cities, and that takes different times to travel
between any two of them. What is the shortest path where each city
is visited once? Consider now that an army of virtual salesmen
(ants) are released to explore, randomly, all possible routes in the
map. After an ant successfully completes the trip, it traces back the
path to the original city, depositing an amount of virtual
pheromone along the path. After the first round of explorers, a new
batch is released and instructed in some way to follow the most
concentrated routes. Because of diffusion and evaporation, the
concentration is lower on longer paths. With tens of thousands of
ants exploring the map and seeking high concentration routes,
short routes accumulate higher concentrations, while long and convoluted routes accumulate almost no pheromone at all. The process
is autocatalytic. After several repetitions, the shorter routes are
reinforced reaching a near-optimal path. This is precisely the
Swarm Intelligence approach devised by Marco Dorigo (see
Bonabeau et al., 2000). The method leads to solutions that appear
to be better than the Shortest Path routine used by the Internet to
find paths between nodes of the network.
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Networks
Many systems can be seen as networks: a system of nodes with
connecting links. Individuals exchanging e-mails is one example.
Person A sends an e-mail to B; if B replies, A and B are connected.
Other clear-cut examples are the Internet: how servers are connected, and the World Wide Web, how Web pages are linked. Examples
in the biological sciences are food webs and the metabolic and protein networks within cells. In food webs, species are connected if
one preys on another; in metabolic and chemical reaction networks,
two molecules are connected if they participate in the same reaction.
AIChE Journal

There are two extreme classes of networks: regular, as in a lattice,
where every node connects with the same number of neighbors, and
random, where every node has the same probability of being connected to any other node. Consider a few definitions that are used to
describe networks. The minimum number of links that must be traversed to travel from node i to node j is called the shortest path
length or distance between i and j. A graph is connected if any node
can be reached from any other node; otherwise the graph is disconnected. The average path length is the average of the minimum number of steps necessary to connect any two nodes in a connected network. The degree of clustering is (roughly) the number of actual
links in a local subnetwork divided by the number of possible links,
i.e., if all sites were connected. Person A is a good friend with both
B and C. There is a good chance B and C are also friends. If that is
the case, there is local clustering (Albert and Barabási, 2002). The
degree distribution P(k) is the probability density function of the
number of links k of all the sites in a network. In a lattice P(k) is a
delta function; in a random network P(k) is a Poisson distribution.
Real networks, however, are not well described by either model
(see examples in Figure 3). Real networks are both clustered (high
degree of local connectivity) and small (it takes only a small number of steps to connect any two nodes). Real networks appear to be
bracketed between two extremes: Egalitarian networks and aristocratic or scale-free networks.

An egalitarian network is a lattice with a few long distance connections randomly thrown in and a few links cut out (Watts and
Strogatz, 1998). Adding connections reduces clustering algebraically, but decreases the path length logarithmically; P(k)
remains approximately a Poisson distribution. However, the network becomes both clustered and small. These kinds of networks
are often referred to as small-world networks. The neural network
of the worm Caenorhabditis elegans, the power grid of the western U. S., and the collaboration graph of film actors are smallworld networks (Watts and Strogatz, 1998; Strogatz, 2001). A surprising recent result is that the onset of small-world phenomena
becomes more and more certain as the system size increases
(Barthélémy and Amaral, 1999). This has important consequences
in social networks. At the local level, all the agents may believe
they are interacting in a large-world environment, but in reality
they are in a small world, implying that the propagation of information, diseases and technologies is much faster than one would
expect for a large world.
In a scale-free network, on the other hand, the number of links
per node P(k) follows a power law, with the number of links having
k links given by P(k)~k-γ, where γ is positive. Therefore, there is no
characteristic number of links per node and the network is scalefree. Examples of aristocratic networks are the metabolic and protein network of various organisms, the Internet and the World Wide

Figure 3. Top left: one of the largest ecosystems ever studied, the food web of Little Rock Lake in Wisconsin.
Nodes are species; links connect predators and prey. Height indicates the trophic level; phytoplanktom at bottom, fishes at top. Cannibalism is represented as self-loops (Martinez, 1991 and Williams
and Martinez, 2000; courtesy of N. Martinez). Bottom left: Several diverse ecosystems when viewed
as networks and plotted in scaled form, show remarkable similarities (from Camacho et al. 2002).
Right: Map of protein-protein interactions of the yeast proteome (from Jeong et al. 2001; courtesy of
A.-L. Barabási).
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Web. The tail of P(k) decreases less rapidly than in a Gaussian;
2
-γ
exp(-k ) goes faster to zero than k does. The “fat tail” property
allows for the possibility of highly connected nodes, such as the
home page of CNN or Google or, in a more ChE-relevant example,
the adenosine triphosphate (ATP) in a cell’s metabolic pathway.
There are two aspects to networks, one is the topology or architecture; another is the process that generates the network itself. The
architecture alone provides powerful insights. For example the presence of scale-free topology has implications for the robustness of
the network, i.e., the ability of a network to function in spite of failures and/or concerted attacks, and even our ability to understand the
functional role of genes in model organisms. For example, early
analytic studies based on random graph theory suggested that food
webs become more fragile as they get large. Recent studies suggest
the opposite: the larger the network, the more robust it is.
There is an important downside to the scale free topology
though: In a random graph an infectious disease dies once the probability of infection falls below a threshold (the probability of A
infecting B falls below p); however, there is no threshold in a
power-law network (Pastor-Satorras and Vespignani, 2001). On the
other hand, the very structure of the network suggests the mode of
treatment: Drugs are most effective in curtailing the epidemic if
administered to the people with the most connections.
What are the dynamics of network formation? The scale-free
structure of networks can be explained, at least in part, in terms of
preferential attachment (Barabási and Albert, 2001; Newman,
2001); in many instances there are significant advantages in connecting to the most connected sites (the Web being one example).
On the other hand there may be costs and other physical constraints.
An example arises in air traffic. The more flights connect to hubs,
say Dallas or Chicago, the more unmanageable hubs become. Preferential attachment reaches a limit (Amaral et al., 2000).
There have been several studies searching for simple generic laws
governing the formation of networks. There is some evidence for the
existence of universal mechanisms controlling the emergence of
universal network structures in ecosystems (Camacho et al., 2002)
(Figure 3). This may be an appropriate point to refer the reader to the
examples mentioned at the very beginning of this article.
It is a truism that everything is connected to everything else. It is
clear that in a system as complicated as the biosphere we have no
way to predict the outcome of our actions. Many environmental
policies are based more on conviction than on hard science. Network theory is providing the first glimpse to rationally comprehend
the dynamics of these processes. This presents enormous opportunities for our profession. Studies of complex reaction networks (e.g.,
Gleiss et al., 2001) should be part of standard chemical engineering.

Consider the confluence of nanotechnology, biotech, and agentbased swarm intelligence in Chrichton’s new novel, Prey.
But much has happened since 1995. This much is clear: Many
important problems cannot be decomposed; looking at subparts
does not provide the answer and they must be looked at as a whole.
The elements described above provide some of the tools. However,
much remains unexplored; deviations will be discovered and surprises will be unveiled. For example, Willinger et al. (2002) argue
that the scale free interconnection structure of the Internet cannot
be wholly explained in terms of preferential attachment. This is to
be expected: it is obviously easier to find deviations from a model
than to identify classes of models that explain many observations.
But simply seeking deviations without seeking generality is pointless. One should focus on what has been accomplished and use this
as a launching pad to generate further understanding. There is a
very practical side to this search. Many problems are being examined now that no one would have thought possible just a few years
ago. However, one should recognize that the understanding generated is of a different kind. The equations of a good theory or a good
model can be used to make testable predictions based on controlled
experiments in the lab. In some of the systems mentioned here—
say the examples of ecosystems—conventional lab experiments are
not possible. Thus, understanding what this area means and how it
can be exploited requires a broader outlook and a change of perspective. Consider the case of metabolic networks. The problem is
not finding the data. What network analysis has revealed in this
case is structure that otherwise would have remained hidden (Fell
and Wagner, 2000). One may not be used to the idea that revealing
structure it is the result. However, this fact alone opens a number of
questions and avenues of inquiry that otherwise would never have
occurred, even shedding light on evolution itself.
It is clear that these tools can and should be taught. Many universities have one course, in many cases several, in nonlinear
dynamics. This is not the case in agent-based modeling and network
theory. Social sciences and economics are more advanced than
engineering in this regard. It can be argued that agent-based modeling, grounded on discrete space and discrete time, is ideally suited
to the generation of students that have grown up in a digital world.
The many examples in ccl.northwestern.edu/netlogo are suited for
academic instruction, and agent-based modeling tools are being
developed in many institutions (Wilensky, 1999, 2003; Wilensky
and Reisman, 1998). But there is little activity on the networks side.
Problems where chemical engineers can have a significant influence are:

The study of complex systems grew along many seemingly independent strands and, as with nearly anything that is new, it grew in
a disorganized way. Also, as with many such interdisciplinary
developments, the central ideas spurred analogies in places far away
from their initial conception. The danger, however, is that ideas may
be stretched beyond their original validity. Science is littered with
claims that turn out to be too optimistic. And invariably too much
optimism generates proportional negative reactions. Witness the
1995 Scientific American article, “From Complexity to Perplexity”
(Horgan, 1995). It is important to recognize also that often the
claims do not originate in the science and engineering community.

• Design of self-organizing materials and self-organizing systems; directed self-assembly; use of fields to govern self-organization, modeling in terms of agent-based algorithms.
• Modeling of fluid flows and flow and segregation in granular
matter.
• Modeling of gene and protein interaction-networks, immunology.
• Complex reactions, network analysis of the fate of pollutants,
leading to science-based environmental policies.
• Understanding of product and manufacturing supply chains.
Supply chains in economics.
• Studies of complex fluctuations in physiologic systems including the ability of systems to respond to multiple environmental stimuli.
• Design of safety critical systems; analysis of failures in distributed systems
• Study of propagation of epidemics.
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• Understanding and evolution of organizations, including the
design of structures for scientific and technological collaboration.
The above listing is undoubtedly incomplete. It is apparent that
chemical engineers, if they seize the opportunity and embrace the
study of complex systems and associated techniques, can significantly augment the intellectual basis of the discipline and expand
considerably the boundaries of chemical engineering research.
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The term Process Systems Engineering (PSE) is relatively recent. It was coined about 50 years ago at the
outset of the modern era of computer-aided engineering. However, the engineering of processing
systems is almost as old as the beginning of the chemical industry, around the ﬁrst half of the 19th
century. Initially, the practice of PSE was qualitative and informal, but as time went on it was
formalized in progressively increasing degrees. Today, it is solidly founded on engineering sciences and
an array of systems-theoretical methodologies and computer-aided tools. This paper is not a review of
the theoretical and methodological contributions by various researchers in the area of PSE. Its primary
objective is to provide an overview of the history of PSE, i.e. its origin and evolution; a brief illustration
of its tremendous impact in the development of modern chemical industry; its state at the turn of the
21st century; and an outline of the role it can play in addressing the societal problems that we face
today such as; securing sustainable production of energy, chemicals and materials for the human
wellbeing, alternative energy sources, and improving the quality of life and of our living environment.
PSE has expanded signiﬁcantly beyond its original scope, the continuous and batch chemical processes
and their associated process engineering problems. Today, PSE activities encompass the creative design,
operation, and control of: biological systems (prokaryotic and eukaryotic cells); complex networks of
chemical reactions; free or guided self-assembly processes; micro- and nano-scale processes; and
systems that integrate engineered processes with processes driven by humans, legal and regulatory
institutions. Through its emphasis on synthesis problems, PSE provides the dialectic complement to the
analytical bent of chemical engineering science, thus establishing the healthy tension between
synthesis and analysis, the foundation of any thriving discipline. As a consequence, throughout this
paper PSE emerges as the foundational underpinning of modern chemical engineering; the one that
ensures the discipline’s cohesiveness in the years to come.
& 2011 Elsevier Ltd. All rights reserved.
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1. Introduction
PSE is the ﬁeld that encompasses the activities involved in the
engineering of systems involving physical, chemical, and/or biological
processing operations. These systems, whose variety and purpose
are very broad, include, but are not limited to, the following:
(a) processing plants, producing intermediate chemicals and materials that societal needs require; (b) manufacturing systems for the
production of a very broad variety of consumer goods (foods, clothing,
materials and devices that enhance quality of life at home and
workplace); (c) diagnostic and therapeutic products and processes
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to treat human diseases; (d) energy production, distribution, and
consumption systems; and (e) systems which ensure the quality of
the environment in which humans, plants and animals live.
Within the scope of any of the above classes of processing
systems, one may identify other types of processing systems, such
as: (i) networks of biological processes in living cells; (ii) networks
of chemical reactions (catalytic or not); (iii) structured systems of
monitoring signals and actuating control actions, which are at the
core of any diagnostic and control system; (iv) structured interactions among molecules (e.g. free or guided self-assembly), leading to
the emergence of supra-molecular constructs, or among molecular
fragments, determining the physical properties of the molecules
they make up; and (v) networks of interacting processing equipment and humans (e.g. operators, maintenance personnel, process
engineers, managers) who are at the heart of any process’ safe,
reliable and optimal operation.
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1.1. PSE activities
The activities involved in the engineering of such systems
include: process design; optimal scheduling and planning of the
systems’ operations; monitoring-diagnosis-control-optimization of
such systems’ operations; identiﬁcation of the underlying structured network of processing operations (of particular signiﬁcance
in revealing the mechanisms of poorly understood systems, such
as, networks of biological processes in living cells, or kinetic
mechanisms of networks of interconnected reactions; and mathematical modeling and simulation of systems’ behavior, which form
the foundation for all of the above. Under any of the above tasks,
one will ﬁnd a series of subsidiary activities, which have been
incorporated into the broader scope of modern PSE. For example,
process design involves the cycle of synthesis (invention, conceptualization) and analysis tasks, which leads to a processing system
that satisﬁes certain objective(s). Furthermore, the design of a
processing system may require the study and resolution of
engineering questions regarding the reliability, operability, safety,
ﬂexibility, and robustness of the operating system; all of which are
active areas of PSE. Finally, the identiﬁcation of the underlying
structures in poorly known systems may involve subsidiary tasks
such as: experimental design, evolutionary learning, model generation, and/or complexity analysis.
1.2. Essential drivers of PSE activities
The approaches of today’s formalized PSE are driven by two
considerations:
(a) The interest is in the ‘‘behavior’’ of the system as a whole.
(b) The emphasis is on studying how the components of the system
and their interactions contribute to the overall ‘‘behavior’’ of the
system.
The implications are clear: PSE is the integrative complement
of all subareas of chemical engineering and the one that determines the signiﬁcance and criticality, or absence thereof, of
‘‘local’’ engineering questions. For example, the operational and
economic ‘‘behavior’’ of a chemical process is the integrated effect
of all its unit operations, whose criticality in determining the
behavior of the process can be systematically analyzed. Also, a
drug is not just its active component, but a system with three
interacting elements; medically active ingredient, formulation
additives, and delivery vehicle. The efﬁcacy of a drug deteriorates
precipitously if the highly active ingredient cannot be delivered to
the cells effectively, or its dissolution into the blood stream is
hampered by poorly selected excipients. Furthermore, a drug is a
part of a therapeutic process, which involves a series of operations with speciﬁc time schedules and quantitative dosages.
Similar interactions one can easily recognize in the following
examples: the components of a product and associated fabrication lines (e.g. digital processors, memory chips, LCD or OLED
displays, batteries, and fuel cells); the components of global
production and transportation of energy systems; the constituents of energy and the environment policy-making systems; and
others. It is fair to say that no manufacturing process or product
reaches the market without the integrative scrutiny of systems
engineering. In a similar vein, one may adopt a system-wide view
in assessing the signiﬁcance, value and anticipated impact of
many academic or industrial research projects.
1.3. Underpinnings of PSE’s framework
Mathematical modeling of the behavior of individual components in a system, as well as of their interactions, is the essential
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element of all modern PSE activities, and in conjunction with the
parallel development of digital computers, and numerical methods for the solution of mathematical models, optimization theory,
and dynamic systems and control theories, they have deﬁned the
formal framework of contemporary PSE methodologies and tools.
Consequently, the historical evolution of PSE is very closely
related to (1) the evolving needs of the chemical, materials and
biological (biochemical, biomedical) industries, (2) the advances
in chemical engineering science, and (3) the academic developments in a variety of supporting disciplines, such as: applied
mathematics, operations research, control and identiﬁcation theory, risk analysis, and management.
1.4. Critical interplay of two distinct attitudes
Historically, as we will discuss in Section 2, process engineering started with an exclusive focus on the solution of speciﬁc
chemical process engineering problems. For many years all
developments in the ﬁeld were problem-driven, market-pulled.
With the arrival of digital computers and the maturation of
chemical engineering science and systems theoretical approaches,
the focus started shifting from the problems to the methods. This
led to technology-push as the driving mechanism, which had both
positive and negative effects. On the positive side, advanced
technologies have had a signiﬁcant impact on the resolution of
long-standing engineering problems; modular-sequential simulators being the stellar example of this case. On the other hand,
fascination with the underlying applied mathematical questions
of PSE methodologies led to prolonged periods of sterile efforts;
academic process control research in the 1960s and 1970s is a
typical illustration of this case. A renewed focus on solving
objectively important engineering problems has created a more
balanced approach between the two opposing attitudes. It characterizes the work and activities of PSE at the turn of the 21st
century, and has allowed the ﬁeld to expand into new areas such
as: systems biology; systems chemistry; micro- and nano-processing systems; and integration of legal, regulatory, human, and
processing systems.
1.5. PSE in educational curricula
Today, PSE is well established as core capability in chemical
engineering. Unfortunately, its educational foundation remains
fragmented and a signiﬁcant number of educational institutions
do not recognize it as foundational component of the chemical
engineering curriculum. Teaching of process design, process
dynamics and control, process operations safety, are frequently
‘‘outsourced’’, if they are part of the curriculum at all. As chemical
engineering tries to redeﬁne its intellectual core and disciplinary
cohesiveness, and attempts to discipline centrifugal forces
towards the interface with other disciplines, PSE retains its
quintessential integrative character and provides the core glue
to the development of chemical engineering in the 21st century.
There has been a growing chorus of chemical engineering
academics, whose professional interests have not been in the area
of PSE, who argue that ‘‘systems’’ and ‘‘systems thinking’’ should
be at the core of any future trends of chemical engineering. This
has been the raison d’etre of PSE for a long time. This paper will
attempt to provide a systematic exposition of the historical march
of PSE and how, in essence, it always attempted to provide
solutions to real engineering problems. More speciﬁcally,
Section 2 will offer a brief historical account of process systems
engineering from Solvay (mid-19th century) to the end of the
20th century. Within this 150-years period one can distinguish
the development of PSE in three phases: the Formative Period
(1860s to 1920s); Waiting Period (1920s to 1950s); and the
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Explosive Growth Period (1960s to the turn of the century). Section 2
will highlight the characteristics of each period and link them to the
parallel march in deﬁning, developing and expanding chemical
engineering as an academic discipline and profession. Section 3 will
summarize the state of PSE at the beginning of the 21st century,
while Section 4 will draw the proﬁle of anticipated future trends.
Finally, Section 5 will focus on the role of PSE as the core glue in the
development of future chemical engineering.

2. A brief history of process systems engineering
2.1. 1860s to 1920s: the Formative Period and the emergence
of a discipline
The Lead Chamber process for the manufacture of sulphuric
acid, developed in the 1740s by John Roebuck and the process of
converting common salt into soda ash, devised by Nicholas
Leblanc by 1791, are the most celebrated examples of the early
chemical industry (Perkins, 2003). Production of both the products in 19th-century England rose steadily in response to market
demands and by 1881 had reached 780,000 tons of sulphuric acid
and 480,000 tons of soda ash (Reuben and Burstall, 1973).
However, both processes were batch, dirty, and rather costly,
and almost from their inception attracted the interest of businessmen, scientists, and engineers, who were challenged to develop
alternatives with lower unit production cost, cleaner, and safer. As
scientists and engineers started looking into ways of improving
the economics, safety and environmental impact of these processes, two things became clear very early on: (a) the manufacturing system had to be viewed as a system of interconnected
operations. (b) The components of the manufacturing system, e.g.
the chemistries at the core of the process and the separation
units, were determining the behavior of the system as a whole,
i.e. economics, safety, and environmental impact.
These observations set off the period of PSE that one may call
the ‘‘Formative Period’’, and led to the initial informal delineation
of the elements of what later on we would call, ‘‘Process Development’’, the core element of PSE. It focused on the essential
deﬁnition of the processing system, i.e. chemistries, reactors,
separators, their integration into a productive whole, and the
mechanical design of the equipment where the operations were
taking place.

The most celebrated example of this approach is the Solvay
Process, patented by the Belgian Ernest Solvay (Fig. 1a) in 1861.
Solvay may be seen as the ﬁrst Process Systems Engineer. His
1872 ammonia-based soda production process was a breakthrough. He synthesized the process by integrating distinct
operations of gas–liquid contacting, reaction with cooling, and
separations; he invented new types of equipment for integrating
these operations and carrying them out continuously on a large
scale. He himself dealt with all aspects of an integrated chemical
processing system: the chemistry, the materials handling, and the
engineering of an integrated processing system, such as operating
conditions and the design of speciﬁc equipment.
The Solvay process may be seen as the model process in which
all aspects of PSE are explicitly delineated and directly addressed,
in a fairly systematic and more importantly, system-wide basis.
Solvay went beyond the parts to the whole, as the essence of the
manufacturing system. The result was: a continuous process with
careful integration of chemical and physical operations; use of
recycles for improved yields and reduction of wasted raw materials; reduction of environmental pollution; and signiﬁcant cost
efﬁciency. Skip Scriven in his delightful paper ‘‘On the Emergence
and Evolution of Chemical Engineering’’ (Scriven, 1991), declared
Solvay, a man with no formal university education, as the epitome
of what one would later call ‘‘chemical engineer’’. It is also very
clear from the character of his thinking and the type of the endresult that Solvay was the ﬁrst ’’Process Engineer’’, leading to the
assertion that the original chemical engineers were in fact process
systems engineers. And so it was for nearly 50 years. The scope of
the nascent profession of chemical engineering was being deﬁned
essentially by people who were in essence Process Engineers.
Indeed, in the course of the following 50 years, Solvay’s
essential guidelines for process development and the philosophy
that one should take a process-wide, systemic approach to
process development (Haber, 1958) were adapted by many in
England, Germany and the United States. Among many others, the
following constitute typical examples:
(a) Rudolf Knietz, BASF, in the late 1800s through scientiﬁcally
informed experimentations, delineated the critical process
parameters on a plant-wide basis, for the rational development of the contact process for sulfuric acid;
(b) Herbert Dow’s inventive integration of electrochemistry and
air-blowing processes led to optimized processes for bromide

Fig. 1. (a) Ernest Solvay: The ﬁrst process engineer. (b) Roger Sargent: The father of contemporary Process Systems Engineering.
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(c)
(d)

(e)

(f)

products, sodium hydroxide, chlorine, and many of their
derivatives;
Charles Hall’s process development for the aluminum
production;
Comprehensive starch processes for a variety of products
from corn, potato, rice, integrate chemical and fermentation
operations;
Burton’s (Standard Oil) batch, and Dubbs’ (Universal Oil)
continuous thermal cracking, expanded the cost-effective
production of automobile fuels.
The apex of this evolution during this formative period is the
celebrated Haber–Bosch Process for the manufacturing of
ammonia. While Haber was the inventor of the basic catalyst,
it was Bosch who engineered the development of the process.
He was a mechanical engineer from Leipzig University with a
Ph.D. in industrial chemistry. Through, what we would call
today, ‘‘combinatorial high-throughput screening of alternative catalysts’’ and the diligence of a methodical chemist,
Alwin Mittasch, he tried 20,000 formulations in a systematic
and guided manner. For example, conversions and selectivities resulting from alternative catalysts were directly associated with the structure of the process, which included
material recycles and energy integration to ‘‘optimize’’ the
operation of the high-pressure, and high-temperature tubular
reactor-based process. Haber’s catalysts and Bosch’s process
engineering created a process that is considered to be the
technological development with the highest impact during
the 20th century.

By the late 1910s early 1920s, the process development
experience of the previous 50 years had set the general scope of
the PSE core. A chemical process is a system and its overall behavior
is the coordinated effect of basic ‘‘Unit Operations’’; a concept
introduced by George Davis in his Manchester Lectures in 1888,
and a term coined by Arthur D. Little in 1915 in his report to the
President of MIT. A certain nascent standardization of the process
development methodology started taking form: focus on cost,
environment and safety; evolve from chemistries to processing
systems, from batch to continuous processes; introduce material
recycles and process system-wide management of energy.
Furthermore, unlike any other disciplinary engineering, the
evolving process systems engineers recognized the strong interaction between the design decisions made for the formulation of a
process and the operating characteristics of the resulting system.
They also started recognizing that any further systematization of
the engineering of processing systems relies on better quantitative understanding of the behavior of the process system at large,
which implies better quantitative understanding of the individual
unit operations.
Consequently, during the period 1860s to 1920s, the activities
that today we characterize as Process Development (the core
activity of PSE) deﬁne the central character of what is evolving to
become Chemical Engineering. So, during the Formative Period,
the emerging notion of a Chemical Engineer is closely associated
with the work of a Process Engineer.
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description of their behavior. The foundational 1923 book Principles
of Chemical Engineering by Walker et al. (1923) organizes and
provides elementary quantiﬁcation for physical unit operations,
but omits chemical reactors and, more to our subject, it shies away
from an overall, system-wide view of a chemical process.
With respect to Process Systems Engineering the main developments during the Waiting Period are the following: (a) Process
analysis and design: rudimentary material and energy balances are
introduced and semi-empirical correlations form the basis for the
design of unit operations. A gradually increasing quantitative
sophistication in estimating reaction rates, transport rates, and
thermophysical properties takes hold. (b) Process Development: The
objective, as exempliﬁed by the Dupont team (Chilton, Colburn) was
fast and accurate process design and scale-up. Signiﬁcant expansion
takes place in the number, scope and complexity of new processes:
high-pressure, high-temperature, catalytic, multiproduct processes.
(c) The complexity of the new processes aggravates the trade-off
problems that process designers must solve among cost, operational
integrity, environmental emissions, and safety. The need for quantitative modeling of the processes becomes more acutely visible.
In parallel and outside the disciplinary domain of chemical
engineering, a series of important developments are taking place
and will have a profound effect on the explosive growth of PSE
from the early 1960s to today. These developments are:
(i) Servo-regulator theory is introduced and addresses the
instrumentation needs for monitoring and controlling chemical process operations, which become progressively more
complex. This is the period of the famous contributors, Bode,
Nyquist, Ziegler, and Nichols.
(ii) Books on applied mathematics for engineers started appearing and creating an atmosphere conducive to the development and solution of better models for the description
of physical and chemical operations: Sokolnikoff and
Sokolnikoff (1934); Reddick and Miller (1938); VonKarman
and Biot, 1940.
(iii) The advent of still primitive computational machines is
feeding developments on numerical methods for the solution
of differential and algebraic equations, along with the introduction of academic courses to prepare the students. The
works of Aitken (1926) (the d2-acceleration method in 1926),
Steffensen (1933) (variant of Aitken’s method in 1933), and
Wegstein (1958) (ﬁnal version of Aitken’s method in 1958) in
accelerating iterations for the solution of nonlinear algebraic
equations, will provide an essential tool for later steady state
simulators.
(iv) The foundations of optimization theory are laid: Linear
Programming (Kantorovich, who started the whole area in
1939; Dantzig, who formulated the Simplex algorithm in
1947); Nonlinear Programming (Karush, 1939; Kuhn and
Tucker, 1951); and Integer Programming (Gomory, 1958);
all of which will play a profound role in the next phase of PSE
developments.

2.2. 1920s to 1950s: the Waiting Period or setting the foundations

2.3. 1960s to 2000: the computer-driven period of explosive
expansion and growth

The identiﬁcation of a chemical engineer as a process systems
engineer becomes weaker and more tenuous during the ensuing
period of 1920s to 1950s, which one may call the ‘‘Waiting Period’’.
During this period the focus is on the components of a process, i.e.
Unit Operations, not the overall process as an integrated system.
Continuous deepening in the understanding of the phenomena that
take place in basic unit operations, leads to the invention of new
unit operations and continuous improvements in the quantitative

By early 1960s three factors are aligned to cause the onset of
an explosive growth period for PSE: (1) Chemical industry had
been growing rapidly, worldwide, for more than 10 years, exerting signiﬁcant pressure for less costly and safer processes. (2) A
science-based description of the basic physico-chemical phenomena in unit operations is vigorously pursued, producing more
reliable quantitative descriptions of processing operations.
(3) The computer is entering industrial life in a very rapid and
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determined way and affects all aspects of process engineering.
The large jumps in energy and petrochemical raw materials,
10 years later, would further accentuate the need for better
processes. From the 1960s to the end of the century we witness
a remarkable growth in the quality and number of PSE activities
and practitioners, worldwide.
The term, Process Systems Engineering, is introduced during this
period. As best as we know, its closest forerunner was coined by
T.J. Williams, of Monsanto and Purdue University, in his Schoch
Lectures at the University of Texas in 1959, with the title, ‘‘Systems
Engineering for the Process Industries’’. A book under the same title
was published by McGraw-Hill in 1961 (Fig. 2a). In it, Williams
underscores the natural afﬁnity between the digital computers as
enabling tools with the tasks of process engineering: ‘‘y We can
see the possibility in the CPI of over 150 large-scale computers
being used for repeated plant-optimization studies alone. y
computer applications to plant economics, scheduling and control
may progress to the point where we will have at least trial
installationsyby the end of the decade.’’ But, the introduction
of the term, as it is used today, was made in the title (Fig. 2b) of
the CEP Symposium Series, Volume 59, edited by C.E. Huckaba and
G. Monet, in 1963, where they stated, ‘‘chemical engineers are
primarily interested in process systems in which the systems
approach is employed in the design and operation of chemical
processing plants.’’
It was with the convening of the ﬁrst Process Systems Engineering
Conference in 1982 at Kyoto, Japan, by Professor Takamatsu of Kyoto
University that PSE became ‘‘ofﬁcial’’ and entered the lexicon of
chemical engineers as an accepted term. This conference was
followed by a series of nine more, rotating every 3 years across the
continents of the world; the latest one was held in 2009 in Salvador,
Bahia, Brazil. Four series of periodic conferences evolved from the
PSE community and provided the forum for informative and constructive exchanges: (a) CPC: Chemical Process Control; (b) FOCAPD:
Foundations of Computer-Aided Process Design; (c) FOCAPO: Foundations of Computer-Aided Operations; and (d) ESCAPE: European Symposium on Computer-Aided Process Engineering.
In the early 1960s, PSE was heavily represented by US
academics and industrial practitioners and over time evolved into
a truly international community of researchers and practitioners

that come from more than 100 countries of the world. One
person, whose technical contributions, mentoring of many leaders
in PSE, and administering a preeminent center of PSE, have left a
deep mark in all developments during this period, is Roger
Sargent of Imperial College, London. Today an Emeritus Professor,
he has served as Head of Chemical Engineering and Technology
and was the Founder of the Center for Process Systems Engineering at Imperial College. A Founder Fellow of the UK Royal
Academy of Engineering he was also elected as a Foreign Associate by the US National Academy of Engineering. His pioneering
work from early 1960s covered virtually all areas of PSE: mathematical process modeling, analysis, and numerical simulation;
systematic methods for process design; optimization theory and
numerical methods; and process control. His academic tree
includes more than 550 PhDs, who are in leading PSE positions
in academia and industry around the world. If Solvay was the
historical father of process engineering, Roger Sargent is clearly
the ‘‘Father of Process Systems Engineering’’.
The following paragraphs will focus on the most signiﬁcant
contributions with long-lasting impact on the evolution of
process systems engineering during the period from 1960 to
2000.

2.3.1. Process development and design: analysis and synthesis
In July 1980 the ﬁrst of the FOCAPD conferences took place in
Henniker, New Hampshire. It came to conﬁrm that in just over
ﬁfteen years computer-aided process design had become an
important area of chemical engineering. As underlined in the
Preface of the published proceedings (Mah and Seider, 1981),
‘‘Whether we measure success by the number of adherents and
practitioners, or the number of publications, or the wide-spread
acceptance and application of ﬂowsheeting programs and simulation techniques, or by other measures, the ﬁeld has been growing
rapidly’’. Furthermore, with a sense of pride, personal satisfaction
and excitement, the organizers and editors of the proceedings
expressed the prevailing sentiment with the words: ‘‘It is this
rapid growth, taking place well within the professional life-spans
of many practitioners, which gives vibrancy and excitement to
our ﬁeld. Ours is a ﬁeld in which pioneers can still share the joy of

Fig. 2. (a) Cover of William’s book. (b) The ﬁrst in print appearance of the term PSE
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creation with the newly initiated, practitioners can still discover
important, unexplored problems, and university research can still
have signiﬁcant impact on the direction of industrial practice.’’
The seven conferences of the FOCAPD series mark the evolution of computer-aided process design over a period of nearly
30 years, and have covered a very broad range of topics, such as:
process modeling and simulation; process optimization; computer-aided engineering tools; synthesis of complete processes or
speciﬁc processing subsystems (e.g. reactor networks, separation
systems, energy management systems, mass exchange networks);
operability, controllability, and safety considerations in process
design; design of sustainable processing schemes, and others. Of all
the subjects covered, four stand out as contributions with signiﬁcant
and long-lasting impact on industrial practice and educational
curricula: process simulation; process synthesis; process optimization; planning and scheduling of process operations.
2.3.1.1. Process simulation and analysis. The 1st FOCAPD in 1980
afﬁrmed the tremendous progress that had been accomplished in
the development of simulators for chemical processes, covering
all aspects of advanced modeling and simulation: solution of
nonlinear algebraic equations; ﬂowsheeting programs; computation of thermophysical and transport properties; and modeling
and analysis of reactors and multistage separation systems.
Indeed, from early 1960s chemical engineers can put together
mathematical descriptions of reactions and separations, their
rates, thermophysical properties of pure materials and mixtures,
equilibrium and rate processes, and do all of these as functions of
equipment design parameters and operating conditions. Numerical methods are invoked to deﬁne procedures for the solution of
these large sets of algebraic equations and computers are called to
execute these procedures. The ‘‘Sequential Modular Steady State
Simulator’’ comes to life and spreads very quickly; initially
through in-house developments in major chemical corporations
and subsequently through the marketing of external software and
service companies. Among the early innovators the names of Paul
Shannon (Purdue University), Rudy Motard (University of Houston), Dick Hughes (Shell) and Bob Cavett (Monsanto) stand out
(Evans, 2009). A concise presentation of the solution strategies
and methods investigated can be found in the little book by
Westerberg et al. (1979), tersely entitled, ‘‘Process Flowsheeting’’.
While a number of academic simulators were being developed
at universities in the 1960s, e.g. SPEEDUP (Sargent and Westerberg,
1964), GEMCS (Johnson and Peters, 1979), it was Monsanto’s
FLOWTRAN (Seader et al., 1974; Rosen, 1995) that set the stage
for the deﬁnition of the new technology. Based on Fortran,
FLOWTRAN articulated a paradigm that would become the basis
for subsequent commercial programs by software and service
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companies, and the platform out of which new designs would start
emerging with rapid succession. FLOWTRAN was released within
Monsanto on April 1, 1966. Subsequently two versions evolved, one
for external marketing and one for internal use on Monsanto
processes. Due to the rapid changes in computing technology and
process modeling, modiﬁcations and additions were continually
implemented in both versions. The external version was licensed to
a number of companies, was made available to the MIT/ERDA/
Aspen project and was the basis of the CACHE/University FLOWTRAN project. In an effort to provide future historians material
to understand the early years of chemical process simulation,
Monsanto’s FLOWTRAN system has been archived at the Chemical
Heritage Foundation in Philadelphia. The Foundation is the home of
the Othmer Library of Chemical History and the Beckman Center for
the History of Chemistry.
Steady-state simulators enabled the realization of a dream
that many chemical engineers had been laboring on for
decades, namely, the quantitative description of a chemical
plant’s operation. It is the most visible and tangible technological
outcome of the collective effort of chemical engineering as a
discipline. Sequential modular steady state simulators is where
the output from the unit-operations culture found its place, and
where the continuing advances of chemical engineering science
were incorporated and are still being incorporated up today.
The impact of these simulators for the analysis, design and
subsequent optimization and control of chemical processes
cannot be overestimated. They are everywhere; universities,
research labs, industry. It is the PSE technology with the deepest
penetration to the industrial practice and educational curricula,
and has truly revolutionized process engineering education and
practices.
Currently, at least six commercial simulators are available for
industrial purposes; Aspen Plus, Hysys, PRO/II, ProSim, WinSim, and
ChemCAD, and are used in all phases of the life-cycle of a process
(Fig. 3; from Aspen Technology, 2010): conceptual design and R&D
(analyze process design concepts for safety, operability, and
control, and assess process and economic performance); basic
engineering (model key equipment; develop basic design package;
analyze detailed costs); develop detailed plant design; and operations management (use process models for operational and planning decisions).
2.3.1.2. Process synthesis. The focus on the quantitative description of fundamental physico-chemical phenomena taking place in
unit operations and the associated emergence of ‘‘chemical
engineering science’’, created a culture of analysis, which was well
aligned with the efforts in constructing and deploying computeraided simulators. However, as Sherwood (1961) observed in his

Fig. 3. Sequential Modular Simulators are used in all phases of the lifecycle of process engineering (from Aspen Technology, 2010).
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review of Bird, Stewart and Lightfoot’s Transport Phenomena,
analysis must come within the scope of synthesis, i.e. of the
activity that deﬁnes the context in which analysis can take place
and be meaningful and of value. Referring to the book, he summarized his apprehension as follows:
‘‘This is probably the most important textbook on chemical
engineering to appear in many yearsy The book is timely
because there is currently a great enthusiasm for the analytical
approach, and a helpful text has been wantingy In a sense
this is a dangerous book, for it is so well done that it will
accelerate the trend towards emphasis on analysis in chemical
engineering curricula. The danger stems from the current
situation in engineering education, and is in no way attributable to the authors. Process design and conception generally
are difﬁcult to teach, but analysis is of no use until there is
something to analyze. If perspective is lost through enthusiasm for scientiﬁc and mathematical analysis, the engineer
will be less effective in industry. The book poses a challenge
for someone to produce an equally good text dealing with the
engineering aspects of chemical engineering’’.
Process engineering, since its emergence in the 19th century,
had always focused on the proper deﬁnition of the scope of its
activities, as this was determined by process-wide considerations.
In contrast to the analytical approach of chemical engineering
science, process engineering addresses the synthetic questions
which are associated with the conceptual design of processing
systems, control system conﬁgurations, and effective operating
strategies (Perkins, 2003).
Rudd and Watson’s book on Strategy of Process Engineering (Rudd
and Watson, 1968) was ‘‘y the ﬁrst to recognize (a) that design
was not something picked up by experience, but was a formal
procedure with its own rules, which could not only be learnt by
students but could be taught in a rigorous manner, and (b) that the
chemical engineer needed to know about a whole range of
techniques outside the narrow ever more scientiﬁc approach of
chemical engineering science’’ (Freshwater, 1989). However, it was
the Process Synthesis book of Rudd, Powers and Siirola (1973) that
‘‘y appears to be the ﬁrst text entirely devoted to setting out a
conceptual framework and to providing methods to help students
to engineer new processes from scratch’’ (Perkins, 2003). The
motivation of the authors is made clear in the book’s Preface:
‘Since World War II, engineering education has moved strongly
towards analysis, with courses dealing with individual process
operations and phenomena. Transport Phenomena, Unit Operations,
Process Control, Reaction Engineering, and other engineering
science courses greatly strengthened engineering education by
showing how things are and how they work. Unfortunately, there
was not a parallel development of courses dealing with synthesisy
This deﬁciency has been recognized for years, but the remedy
awaited the development of sufﬁciently general principles of
synthesis about which to organize educational material’’.
‘‘The tension between analysis and synthesis is key to
the health of any engineering discipline, and the existence of
the complementary views of chemical engineering in analysis
(the culture of chemical engineering science) and synthesis (the
re-emergent culture of process engineering; which from the 60s is
referred to as Process Systems Engineering) helped ensure the
vigorous international development of academic chemical engineering in the 1960s and beyond’’ (Perkins, 2003).
A number of books that followed the two pioneering textbooks
of Rudd, adopted, expanded and further systematized the concept
of synthesis in engineering designs (e.g. process, product, water
management systems, control systems, operational strategies,
safety instrumentation systems, and others) as integral component

of undergraduate and/or engineering design experience. Typical
examples are the following: Douglas (1988), Biegler et al. (1997), ElHalwagi (1997), Mann and Liu (1999), Luyben et al. (1999), Doherty
and Malone (2001), Bagajewicz (2001), Seider et al. (2009), and
Turton et al. (2009). The reviews by Stephanopoulos (1980) and
Nishida et al. (1981) summarized the early and pivotal developments in this ﬁeld. Later reviews by Grossmann (1990), Floudas and
Grossmann (1994), and Siirola (1994) sketched subsequent developments in this ﬁeld.
In addition to the impact that the synthesis culture of PSE had
on educational curricula, its contributions to the advancement of
industrial practice have been nothing less than spectacular.
Starting in late 60s, academic research develops systematic
Process Synthesis ideas, which in turn allow process engineers
to begin with given chemistries and end up with quite inventive
process ﬂowsheets. Douglas’ hierarchical approach (Douglas,
1988; Han et al., 1994) to the conceptual design of process
ﬂowsheets offers an unparalleled systematization for the ‘‘invention’’ of processing schemes. Subsequent coupling of Douglas’
approach with formal optimization formulations proposed
by Grossmann and other researchers (Grossmann, 1990;
Grossmann and Hooker, 1999) provided the missing quantiﬁcation and thus the objective ‘‘optimality’’ of the resulting processing schemes. Finally, after nearly 100 years the core activity of
PSE, i.e. process development, can be put into a rational and
systematic framework. The impact of this development on the
industrial practice cannot be overestimated. Now engineers have
a systematic way of ‘‘inventing’’ new processing systems, not
simply analyzing existing ones. Furthermore, they can explicitly
synthesize optimal structures for a variety of processing subsystems, such as: (i) energy management systems, i.e. networks of
heat exchangers and power systems; (ii) separation systems, e.g.
sequences of distillation columns (including azeotropic, extractive, and reactive distillations); (iii) mass exchange networks,
which allow the generalization of separation sequences with any
type of separation method; (iv) reactor networks; (v) integrated
networks of separations and energy management systems,
(vi) biochemical processes, etc. During the period 1975–1985
the number of industrial projects involving the synthesis of heat
exchange networks and more generally the synthesis of optimal
energy management systems explodes. The consumption of
energy in large commodity chemical plants per unit of product
is reduced by more than 30%. Systematic synthesis of mass
exchange networks (El-Halwagi and Manousiouthakis, 1989)
leads to the design of optimal water management systems
(El-Halwagi, 1997), and Doherty and Malone’s (2001) systematic
synthesis of distillation systems includes azeotropic, extractive
and reactive distillation columns, in addition to the conventional
ones. The systematization of the synthesis is based on scientiﬁc
arguments, which are quantiﬁed for optimal decisions.
Eastman Chemical’s new methyl acetate process is one of the
most celebrated examples (Agreda and Partin (1984). It is a
remarkable feat and its success depended on the ‘‘ingenious’’
integration of many elementary chemical engineering tasks.
Fig. 4(a) shows the old processing scheme, while Fig. 4(b) depicts
the single-column process that resulted from a systematic application of process synthesis ideas. This column has integrated reaction
steps, reactive and extractive distillations, along with plain distillation tasks. It is a remarkable feat and its success depended on the
ingenious integration of many elementary chemical engineering
tasks, such as: design of the appropriate solvents; multi-effect
distillation columns; thermodynamic residue curves for extractive
operations; thermodynamics and separations of non-ideal mixtures. The realization of this novel process was possible because
of parallel advances in process control technology. The results were
remarkable: a 400,000 tons/year single-column plant with capital
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Fig. 4. (a) The former process for methyl acetate and (b) the single-column process.

investment 1/5 of the previous plant’s and 1/5 of its energy
consumption (Siirola, 1996).
2.3.2. Process control takes off
Process control came to chemical industry from the developments of the servo-regulator theory and practice in other engineering domains; mechanical engineering, electrical power engineering.
It served the needs of the industry well, as long as the processing
units were simple and interactions among them were mild. However, with increasing process complexity (e.g. introduction of
multiple material recycles, energy integration) these interactions
became very pronounced. With increasing process complexity the
limits of the servo-regulator theory became acutely apparent:
strong interactions among control loops; convoluted override logic
for controlling output constraints; ineffective process optimization.
In addition, the fact that minimum production cost is realized when
the units operate near feasibility constraints raised serious issues of
operational safety and integrity.
In response to these challenges, process control becomes more
‘‘process’’-centered, it started using the rapidly expanding knowledge about unit operations, and started exploiting the availability
of reliable process models for making critical decisions on the
control structure. Three important developments shape the content and practice of industrial chemical process control and of the
associated academic control research during the latter half of the
20th century: the rapid introduction of digital computers and
digital technologies; model-predictive control; and increasing
focus on plant-wide control.
2.3.2.1. From analog to digital process control. In the 1950s all
controllers were analog. By the end of the century, almost all
controllers in substantial chemical plants were digital. The digital
technology explosion permitted the deployment of sensors with
self-assessing functions, controllers with clear logical overrides,
adaptive controllers, multivariable controllers, and optimizing
controllers. It also provided the needed technological support for
integrating the management of planning and control actions, as
well as the integration of monitoring and diagnosis functions
throughout a chemical process (see Sections 2.3.4 and 3.3).
2.3.2.2. Model-predictive control. In the 1960s and most of 1970s
the academic research in process control focused on the

fashionable optimal state estimation and control theories, which
had been established in response to the challenges of the space
program. The ﬁrst voices of concern appeared in the mid 1970s,
starting with Foss’ brilliant ‘‘Critique of Chemical Process Control
Theory’’ (Foss, 1973), which was followed by Lee and Weekman’s
(1976) view from industry and Kestenbaum et al.’s (1976) lucid
statement of the foundational concepts for process control. These
concerns were also addressed in the ﬁrst of a very successful
series on Chemical Process Control (CPC) (Denn and Foss, 1976).
These three critiques underlined the presence of a serious gap
between the prevailing process control theories and the industrial
practice, and contrary to the stipulated belief, they argued that it
was the control theory that was behind the point it should be, in
order to meet the needs of the industrial practice. The most
important lessons drawn from this soul-searching exercise can be
summarized as follows:
(a) Integrated view of process design and process control: The
dynamics of a process are directly inﬂuenced by its design,
and thus the control system designer’s sphere of responsibility inherently intersects that of the process designer. This
did set off a series of academic research initiatives leading to
the incorporation of process control considerations (operating
objectives, constraints, available measurements and manipulations) in early stages of the process design.
(b) Synthesis of the control system conﬁguration: The conception
(or, invention) of the control system conﬁguration is a very
crucial step: which variables should be measured; which
inputs should be manipulated; and what links should be
made between these two sets? This problem was considered
by many to be the most important problem encountered by
designers of chemical process control systems. It was certainly the most prevalent.
(c) Modeling process dynamics for control purposes: The representation of the process dynamics alone is a major task. Despite the
considerable number of investigations of chemical process
dynamics in the previous years, there was still no practicable
method for formulating low-order models of large multivariable processes, other than the hand wrought construction long
of service to process control engineers. Associated with process
modeling is the problem of state and parameter estimation.
Estimates of measured and unmeasured states, needed for
control purposes, require some sort of process model.
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(d) Objectives of industrial process controllers: Economic incentives
dictate the fate of multivariable advanced controllers. Without an improvement in the ability to predict the best
(economically) operating point and take the process operation
to that point and keep it there, until a new change is
necessary, there was not going to be any progress in advanced
control systems. Lee and Weekman also indicated that the
optimal operating points were located at the intersections of
various feasibility constraints, thus imposing an additional
requirement; achieve optimality while you are preserving
feasibility and thus the safety of the process.
(e) Control theorists must start from real problems: Unlike natural
sciences, control is a man-made scientiﬁc discipline that has
produced most of its notable and long-lasting contributions,
when it was addressing and solving real-world problems. This
truism had been lost, but in the late 1970s the process of
recovery started.
In response to these questions, in the late 1970s, a series of
papers appeared with multivariable control strategies, using
explicitly dynamic models, and addressing several of the issues
that had been laid out for consideration. Among them, the Model
Algorithmic Control (Richalet et al., 1978) and Dynamic Matrix
Control (DMC; Cutler and Ramaker, 1980) stand out as the
forerunners of contemporary model predictive control, with
DMC considered a milestone in the development of modern
chemical process industrial control algorithms.
‘‘y One technique for obtaining a feedback controller synthesis from knowledge of open-loop controllers is to measure the
current control process state and then compute very rapidly for
the open-loop control function. The ﬁrst portion of this function is
then used during a short time interval, after which a new
measurement of the process state is made and a new open-loop
control function is computed for this new measurement. The
procedure is then repeatedy’’. This is what Lee and Markus
(1967) had suggested in their pioneering book on the Foundations
of Optimal Control Theory, and this is what the practitioners of
Model Algorithmic Control and Dynamic Matrix Control discovered on their own in order to solve real-world problems, and in
doing so the practical Model Predictive Control (MPC) was born.
‘‘The essence of MPC is to optimize, over the manipulated
inputs, forecasts of process behavior. The forecasting is accomplished with a process model, and, therefore, the model is an
essential element of an MPC controllery, models are not perfect
forecasters, and feedback can overcome some effects of poor
models, but starting with a poor process model is akin to driving
a car at night without headlights; the feedback may be a bit late
to be truly effective’’ (Rawlings, 2000). Furthermore, the resulting
MPC control law is nonlinear, since the inputs are constrained by
physical limits, and it was not until the appearance of a landmark
publication by Mayne et al. (2000) that the issues of stability and
optimality were put in a formal framework. The number of MPC
research publications grew exponentially during the 1980–2000
period, and several reviews and books have been published over
the last 20–30 years: Lee and Cooley (1997), Mayne (1997),
Morari and Lee (1999), Rawlings (2000) and Camacho and
Bordons (2007).
Several chemical companies established in house technologies
for the implementation of model predictive control strategies,
mostly based on variants of the DMC algorithm. However,
the major proliferation of the technology is due to the product
development, marketing, sales, and consulting efforts of technology and service companies in the general area of process operations and control. In 1995 the list of such companies included a
large number of players; Adersa, CCI, DMCC, DOT Products, Honeywell, Litwin, NeuralWare, Pavillion, Predictive Controls, Proﬁmatics,

Setpoint, Treiber Control, and Dynamic Matrix Control Corp., but by
2001 the consolidation of the industry had led to AspenTech,
Pavillion Technologies, Invensys, Honeywell, Adersa and ABB.
The number of model predictive control industrial applications
is in the thousands (Qin and Badgwell, 1997, 2003) with the large
majority in the areas of reﬁning, petrochemicals, and commodity
chemicals. Speciﬁcally, there have been more than 1000 MPC
implementations in ethylene manufacturing (petrochemical complexes), ensuring signiﬁcant increases in on-spec products, and
reductions in energy utilization and overall production cost. For
Dow Chemical’s 13 ethylene plants, the economic beneﬁts over a
6-year period were approximately half a billion dollars (Starks
and Arrieta, 2007). Smaller, but growing numbers of applications
are in the areas of pulp and paper, food processing industries,
cement, electric utilities, and metallurgical plants.
The ability of MPC’s framework to handle, set-point regulation; constraints on inputs (both in terms of absolute value and in
terms of differential steps) and on outputs; static and dynamic
control objectives; measured and unmeasured external disturbances; and various types of control objectives, has allowed the
creation of a uniform and internally consistent framework, which
is being now used to integrate the control and optimization
functions of a chemical process at different temporal scales (see
Section 3.3).
Along with the reshaping of the process control research landscape and the advent of MPC, the educational curriculum in process
control and the associated textbooks were also rejuvenated.
Stephanopoulos’ (1984) textbook introduced a new paradigm of a
process control book, which was adopted by a series of subsequent
textbooks. It took a decisively process-centric view of process
control and distanced itself to a certain degree from the servoregulator inheritance of process control. However, the contribution
that revolutionized the understanding of what feedback control
loops are and what they do, was the concept of ‘‘Internal Model
Control (IMC)’’ introduced by Morari and his students (Garcia and
Morari (1982a, 1982b)). IMC focused the attention on a very simple
concept, which underlines the design of any feedback controller, and
can be paraphrased as follows: Any optimal regulator involves (i) an
approximate inverse model of the dynamic system, and (ii) uses a direct
dynamic model (estimate) of an unknown external input. An analogous
concept had been suggested as Internal Model Principle by Francis
and Wonham (1976).
Morari’s concept of the IMC loop revealed these two items very
clearly and provided the most effective medium for teaching
feedback control. Old empirical rules on how to tune PID controllers and how to design other feedback systems, suddenly they
lost their magic and were explicitly related to the stipulated
process dynamic models, and the assumed dynamics of the
unmeasured external disturbances. Within the context of IMC,
the design of a controller must be carried out by someone who
understands the processes, i.e. a process systems engineer, and
who is in a position to construct the most appropriate model for
the process because he/she understands the physical, chemical,
and/or biological phenomena taking place in the process. The
more recent textbooks in process control have included the IMC
structure and the associated design rules, as well as the DMC
version of model predictive control: Brosilow and Joseph (2002),
Bequette (2003), and Seborg et al. (2010).

2.3.2.3. Focus on plantwide control. Page Buckley’s book Techniques
of Process Control introduced the ﬁrst comprehensive discussion on
plantwide control (Buckley, 1964). The chapter entitled, ‘‘Overall
Process Control’’, introduced the main questions on plantwide control and offered a systematic approach, which was very sensible and
intuitively very appealing to industrial practitioners. As a result,

G. Stephanopoulos, G.V. Reklaitis / Chemical Engineering Science 66 (2011) 4272–4306

Buckley’s approach shaped industrial practice on plantwide control
for many years to come.
Taking a decisively process-centric position, Buckley introduced a series of concepts, which should guide the strategic
design of plantwide control systems, such as: material balance
control (in feedforward direction with the production ﬂow, or in a
feedback direction opposite to the production ﬂow), production
rate control, product quality control, buffer tanks as low-pass
ﬁlters to absorb low frequency disturbances, indirect control of
process outputs, and open-loop operational optimization. He also
discussed material recycles’ control and the associated need to
purge impurities in order to control their levels of accumulation.
The academic community in process control did not take on
the plantwide control design problem until the mid-1970s, and it
did so in response to Foss’ critique on process control theories
(Foss, 1973). Stephanopoulos and his collaborators (Morari et al.,
1980; Morari and Stephanopoulos, 1980a, 1980b; Arkun and
Stephanopoulos, 1980, 1981) approached the problem within
the scope of control structure design, including the following
questions: (a) selection of controlled outputs (what variables to
control at setpoints or within speciﬁed constraints); (b) selection
of manipulated inputs (they would deﬁne where valves or other
actuators should be placed); (c) selection of measurements (to
provide direct or model-based inferential assessment of controlled outputs); (d) selection of the control conﬁguration (the
structure that would connect measurements to manipulated
inputs); and (e) selection of the control law (the function that
would relate the measurements to the manipulations, e.g. PID,
decoupling elements, dead-time compensators, etc.).
However, as Skogestad and Larsson (1998); Larsson and
Skogestad, 2000 observed in a very instructive review on plantwide
control, ‘‘y One could regard plantwide control as the process control
version of control structure design, but this is probably a bit too
limiting. In fact, Rinard and Downs (1992) refer to the control
structure design problem as deﬁned above as the ‘‘strict deﬁnition of
plantwide control’’, and they point out that there are other important issues such as the interaction with the operators, issues related
to startup, changeover and shut-down, fault detection and performance monitoring and design of safety and interlock systems. This is
more in line with the discussion in (Stephanopoulos, 1982). Maybe a
better distinction is the following: Plantwide control refers to the
structural and strategic decisions involved in the control system
design of a complete chemical plant (factory). The systematic
(mathematical) approach to solving this problem is called control
structure design.’’
Indeed, in follow up work, Ng and Stephanopoulos (1989)
focused on the strategic decisions for structuring the plantwide
control system. Following the hierarchical decomposition
approach, proposed by Douglas (1988) for the synthesis of process
ﬂowsheets, they considered the plantwide control structuring
decisions at various levels of plant abstraction as the determination of pathways for the effective rejection of external disturbances.
The guiding framework for these decisions was similar to those
articulated by Buckley’s approach, i.e. materials balance control,
production control, product quality control, etc. At each level
of abstraction, the control structure design problems was
solved within the framework of Modular Multivariable Control
(Meadowcroft et al., 1992), a variant of model predictive control
that achieves multivariable control in a speciﬁc hierarchical
ordering of the control objectives. Particular care was taken to
maintain consistency among the control structures at different
levels of abstraction.
The number of research publications in plantwide control
during the period 1980–2000 is signiﬁcant, and any critical
review of them is beyond the scope of this article. The interested
reader may consult the following articles for more guidance on

4281

the published literature: Stephanopoulos (1982), Rinard and
Downs (1992), Ogunnaike (1995), Skogestad and Larsson (1998),
and Skogestad (2004). The instructional curricula started also to
include plantwide control material. Stephanopoulos (1984) introduced Plantwide Control in his textbook and today this subject is
a stable ﬁxture of undergraduate/graduate process control curricula. Luyben et al. (1999) published a book on plantwide control,
underlining the signiﬁcance of the subject, and which is an
excellent reference for studying the practical considerations of
plantwide control.
While the synthesis of plantwide control structures is uniformly recognized as the central control design question, the
industrial practice had not materially changed from the approach
articulated by Buckley in 1964 until the end of the 20th century
(Ogunnaike, 1995). One of the reasons may have been the fact
that the MPC technology was so successful that MPC deployments
could cover almost entire plants, e.g. 300 controlled outputs with
100 manipulated inputs, rendering the structuring of plantwide
control systems, mute. Nevertheless, an army of highly sophisticated process control graduates inﬂuenced profoundly the application of Buckley’s basic ideas, as these started interacting with
the advancing MPC technology and the integration of control
strategies (see Section 3.3).

2.3.3. The practice of optimization becomes ubiquitous
There are two classes of engineering problems: The problems
of the ﬁrst class, the class of rating problems, can be solved
through direct (or, forward) solution of the modeling equations
that describe the system, i.e. compute the values of the states
(outputs), given the values of all input variables (decision variables, inﬂuence of the surrounding environment). These problems
are easier and can be readily solved through the existing simulators, preferably the equation-oriented simulators, even for fairly
large systems involving 1,000,000s of equations and variables.
In the problems of the second class, the class of design
problems, the state variables characterize the desired outcome of
an engineering problem and have given values. The input variables are the degrees of freedom, which must take on appropriate
values to yield the desired outcome. Thus, the problems of this
class are solved through an inversion (or, backward solution) of the
modeling relationships, i.e. compute the inputs that produce
desired outputs. These inversions are almost always non-unique
and are carried out within the framework of a formal optimization formulation, whose solution allows the selection of the
‘‘best’’ of the many possible inversions.
Almost all the problems in process systems engineering belong
to the second class and thus can only be solved through judicious
inversions of the modeling relationships within the scope of a
formal optimization problem: process design; product design;
planning and scheduling of operating procedures; design of
control systems; identiﬁcation and diagnosis of process faults;
identiﬁcation of chemical or/and biological networks; synthesis
of metabolic networks for optimal production of chemicals or
pharmaceuticals; denovo design of peptides; identiﬁcation of
folding pathways of proteins; robust fabrication of nanostructures; design of experiments and generation of models; design of
molecules with desired properties; design of catalysts; selection
of solvents for solvent-based reactions or solvent-based separations; design and operation of supply-chain management systems; production, distribution and consumption of electricity, or
petroleum-based fuels; gas and oil production and distribution
networks; and many other.
The foundations of optimization theory were in a good state at
the beginning of the 1960s. The essential theoretical frameworks
for Linear Programming (Kantorovich, 1939; Dantzig, 1947),
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Nonlinear Programming (Karush, 1939; Kuhn, Tucker, 1951); and
Integer Programming (Gomory, 1958) Programming had been set
and computational methodologies had started to proliferate. ‘‘In
1980, optimization on engineering problems beyond linear programming was often viewed as a curious novelty without beneﬁt.
Now, optimization applications are essential in all areas of process
systems engineering including design, identiﬁcation, control, estimation, scheduling and planning’’ (Biegler and Grossmann, 2004).
Indeed, during the 30-year period (1970–2000) there was an
explosion in the ﬁeld and signiﬁcant progress took place in the
development of effective algorithms for linear, nonlinear, and
combinatorial optimization. Chemical engineers in increasing numbers became involved as practitioners and developers of new
methodologies. Academics through a series of valuable textbooks
provided the educational impetus. Notable among the early contributions were Wilde (1964), Himmelblau (1972), and Reklaitis
et al. (1983), while more recent important texts included, Floudas
(1995, 2000), Edgar et al. (2001), and Biegler (2010). The practice of
optimization spread very rapidly and by the beginning of the 21st
century its presence is quite ubiquitous throughout a large variety of
PSE activities: process design; process control; planning and scheduling of process operations; supply-chain management; development of models from data; product design; metabolic engineering;
oil and gas production.
A detailed exposition of all theoretical and methodological
contributions in optimization for process systems engineering
is beyond the scope of this paper. The interested reader should
consult the very instructive ‘‘Retrospective on Optimization’’
by Biegler and Grossmann (2004) in which the authors ‘‘y
provide a general review on optimization, emphasizing the
strategies that have been applied or studied more extensively’’
from the late 70s.

2.3.4. Planning and scheduling of Process Operations
Process Operations is the subarea of PSE, which deals with the
models, methods and tools that support the technical decisions
associated with the safe, efﬁcient and reliable execution of
the manufacturing functions of a process industry enterprise.
Whereas the design subarea is focused on deﬁning the characteristics of the products to be manufactured and the unit operations
and equipment speciﬁcations of the processes in which their
manufacture will occur, the operations area takes these designs to
be given and seeks to employ the plant and other enterprise
resources in the most effective manner while meeting market
demands and constraints. Whereas the control subarea focuses on
models and techniques for insuring that a unit operation or set of
such operations track desired set-points or desired operational
proﬁles in the presence of common cause disturbances, the
operations area seeks to address and remedy disturbances beyond
the scope of regulatory control and to conduct higher level
functions such as updating of set-points or target proﬁles,
scheduling and planning of resource allocations and assignment,
and coordination with supporting functions such as customer and
supplier logistics. Process Operations is the youngest of the three
key PSE subareas whose development was stimulated in part by
progress in computer integrated manufacturing which was
achieved in other manufacturing industries, such as discrete parts
or assembly operations, especially in the automotive, aircraft and
consumer appliance sectors beginning in the mid-80’s (Pekny
et al., 1991). The ﬁrst Foundations of Computer-Aided Process
Operations was only held in 1987 and the series has continued
with the sixth to be held in January 2012.
Although some of the speciﬁcs of models and methods may
differ depending on whether the manufacturing system is of a
batch or continuous nature, the hierarchy of process operations

decision levels is quite similar for all processing modes (Reklaitis
and Koppel, 1996), speciﬁcally, regulatory control, supervisory
control, scheduling and planning. The ﬁrst level was discussed in
Section 2.3.2. The supervisory control level includes two key
functions: process monitoring and diagnosis and real time process optimization. The former consists of methods for tracking
and identifying disturbances or incipient failures that may arise,
which the regulatory control systems are not designed to reject or
correct, as well as implementing corrective measures which may
mitigate or circumvent those failure. The real time optimization
(RTO) function, which may be steady state or dynamic, serves to
readjust some or all of the process set points in response to
environmental, feedstock or equipment performance changes so
as to assure that the process continues to operate in an optimal
manner from an economic perspective. The RTO layer typically
includes supporting methodology such as process data reconciliation under which process measurements, which may be subject to
biases or random errors are adjusted to obtain the best estimates
of the state of the process. The RTO layer also may include
methodology for re-estimating the parameters of the real time
process model which may change or drift with time and thus
need to be updated from plant measurements. The scheduling
level consists of models and methods that serve to determine the
assignment, sequencing and timing of the use of key shared
resources in the plant while the planning level consists of models
and methods for setting manufacturing targets and making
resource allocation, which then serve as constraints on schedule
execution. Both levels inherently require making decision over
time. While in much of the earlier work, a discretized representation of time is employed which inherently leads to signiﬁcant
combinatorial complexity, more recent work has been towards
alternative continuous time representations. In the next section
we brieﬂy review the approaches proposed for addressing the
decision problems arising at the scheduling and planning levels.
These methods are particularly relevant in production environments, batch or continuous, in which the enterprise manufacturing resources must be shared across multiple products.
While the hierarchical levels are most immediately applicable
to individual processes and associated equipment, in many cases
the scheduling and planning activities may encompass multiple
processes either at the same or at different sites. The former arises
in chemical processing complexes consisting of a suite of different
processes and plants that share water, steam, electricity, waste
treatment, industrial gas and other resources. The safe, robust and
economic operation of such complexes requires that the interactions among the plants of the complex through shared material
and energy ﬂows be taken in to account at the RTO, scheduling
and planning levels and thus leads to decision problems and
models of very large scale. The latter multiprocess instances
consist of geographically dispersed production facilities, supported by distribution networks and linked to supplier and
customer organizations and sites. This class of multisite networks
is called supply chains and their effective operation became a very
active area of research and application in the 1990s.

2.3.4.1. Planning and scheduling. Planning and scheduling techniques have been employed in the process industries since the early
1940s (Shobrys, 2001), even before the ﬁrst computers appeared.
Indeed the oil industry was one of the early adopters of planning
methods based on the formulation and solution of linear programming models, with applications already reported in the late
50’s. Since the early 1980s in particular, the issues associated with
planning and scheduling have been the focus of numerous papers
in the process systems engineering literature, (see for example,
Reklaitis, 1996; Shah, 1998). At that time, major chemical
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companies began to realize that they were becoming limited in
their ability to offset decreasing proﬁt margins with improvements in the design and control of their manufacturing process
and began to scrutinize capital equipment and inventory utilization. As the economic advantages of implementing scheduling
and planning tools became evident, BASF, DOW and Du Pont
began more intensive use of in-house developed tools for their
planning and scheduling (Shobrys and White, 2000). These tools
were largely based on the use of general purpose commercial
linear and mixed integer linear programming solvers supplemented by heuristic methods and rules. The key technical limitations of the use of these tools were the high dimensionality and
combinatorial complexity of problems requiring solution. The
focus of the academic community was primarily focussed on
model formulation strategies to allow more efﬁcient solution
using these tools and to some extent on the engineering of
algorithms to efﬁciently address speciﬁc features of problem
classes (Pekny and Reklaitis, 1998).
At a conceptual level, the problem of what, where and how to
produce can be viewed and thus attacked at different levels of
detail. The level of detail can be characterized in terms of two
dimensions: time and physical scale of aggregation. The various
activities of any manufacturing process occur with different
dynamics and thus choices can be made about the characteristic
time scale that will sufﬁce to describe those dynamics. Likewise
production resources can be considered at different levels of
aggregation: the individual equipment, process unit, production
line level or entire plant level. In the traditional view the two
layers of planning and scheduling are used to capture the
decisions relevant to a single plant. The planning level typically
represents production resources at the level of major process
units or production lines and uses a time scale measured in weeks
or months. The objective of the planning exercise is thus to set
goals to be achieve within that time scale. At the scheduling level
the production resources are typically represented at the equipment level and decisions are made using a time scale of hours or
days. However, in general, planning decisions must be made at
the enterprise, site or plant levels while short-term scheduling
can be reduced to the production line or level of main equipment
items and thus conﬁned the start and stop of operations on
speciﬁc items so as to meet planning goals.
The decomposition between scheduling and planning on the
basis of time scale has been a convenient way to reduce problem
complexity. As in all decompositions strategies the challenge has
been how to link these two decision levels in a consistent fashion.
The approach widely adopted in the 80’s and 90’s was to use the
rolling horizon strategy, (Baker, 1977; Dimitriadis et al., 1997)
Under this strategy, a plan is developed over a longer multiperiod
planning horizon, but then a more detailed schedule is generated
and fully implemented for only the ﬁrst period of the planning
horizon. At the end of the ﬁrst period, the demand forecasts and
other operational parameters are updated, the planning horizon
shifted forward by one period, the plan recomputed and a
schedule developed and implemented for the ﬁrst period. The
limitations of this strategy, which parallels that of the basic logic
used in MPC, has been and remains the subject of continued
research and analysis (Shobrys and White, 2000).

2.3.4.2. Supply chain management. As noted above, planning and
scheduling decisions can also be characterized by the physical
level of detail or scope of the entity that is under scrutiny, While
much of the early work focused on single production facilities,
beginning in the 1990s the perspective of research expanded
beyond single production facilities to include the supporting
entities required to manage the network, extending from the
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supply of feedstocks to the production resources to the delivery of
the products to customers. This extended view of process operations has been called supply chain management. Speciﬁcally, it
involves the purposeful control of material and information ﬂows
between feed stock suppliers, manufacturing facilities, distribution centers and customers, so as to achieve some suitable economic outcome, while meeting desirable customer service levels
(Applequist et al., 2000). The design of a new supply chain, the
retroﬁtting of an existing supply chain through the addition or
deletion of products; expansion or shut-down of production
facilities; or the planning of the operation of the chain to meet
ever-changing market conditions, can all be posed as a large scale
dynamic decision problem. In the context of chemical industry
applications, the technical challenges posed by such problems
arise not only from the physical scale and temporal scale but also
from the degree of uncertainty. The broad range of physical scales
are due to the need to consider the system at several physical
aggregation levels: globally dispersed entities, production lines
within a manufacturing site, and even individual equipment
items. The wide temporal scale arises because of the different
dynamics of the entities and operations such as: distribution
logistics, which may involve weeks; equipment residence times,
which involve hours; and individual processing steps, which may
involve minutes. The high degree of uncertainty is due to the fact
that key factors such as the market parameters of product
demands, feed stock availability, and their prices, technical
parameters such as product yields, product qualities, and processing times/rates, and facilities parameters such as reliability/
availability, all have signiﬁcant stochastic components. As a result
of these problem characteristics, the translation of the composite
decision problem to a mathematical form results in a very large
scale and complex optimization problem (mixed-integer nonlinear programming problem), which involves a temporal
dimension represented by both discrete and continuous variables,
as well as embedded functional representations of the stochastic
components/variables. The computational challenges posed by
these problem features have been receiving increased attention
both in the operations research literature and in the process
systems engineering community (Subrahmanyam et al., 1994;
Petkov and Maranas, 1997; Ahmed and Sahinidis, 1998; Bok,
et al., 1998; McDonald, 1998).
The management of a supply chain at root involves enterprisewide decisions and thus the decision support models must be
constructed and used from an enterprise level perspective. This
perspective requires integration of the logistics and manufacturing aspects with strategic business and ﬁnancial decisions. Two
key issues arise when the problem is viewed from this perspective: coordination of the enterprise’s decisions with its supply
chain entities and partners and management of the ﬁnancial risks,
which the enterprise must face. Both of these issues in principle
involve introducing decision criteria (objective functions) and
constraints which are different from those traditionally employed
in the context of design and planning of chemical plants under
uncertainty. Optimization based planning models implicitly
assume centralized control of all materials and information ﬂows.
The actions of all entities and the associated information ﬂows are
synchronized and assumed to operate under the same shared
objective function. Clearly the reality is that the entities operate in
a decentralized and asynchronous manner. Entities (plants, suppliers, customers and shippers) have mainly their own but also
some shared decision variables. The actions of entities are related
through constraints. Each entity may have its own performance
function, not commensurate with those of others and makes
decisions on its own natural time-scale. Thus management of a
supply chain really involves the coordination of the activities of
semi-autonomous entities with overlapping decision spaces.
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The issues of coordination and design of information and organizational structures under which best to manage such coordination has only received limited attention in the literature. Indeed
consideration of these aspects may require substantial reformulation of the models currently being investigated. The interested
reader is invited to pursue references such as, Androulakis and
Reklaitis (1999), Bose, et al. (1999), Tsiakis et al. (2001),
Papageorgiou (2005), and Ferio and Wassick (2008) for some
reports of initial progress in this domain.
The second key issue is that of management of the ﬁnancial risks
associated with the design and planning of supply chains. Given the
enterprise-wide scope of these problems and the levels of uncertainty under which these systems must operate, it is appropriate to
treat the supply chain problem using the same criteria which are
used in making investments in ﬁnancial instruments. From the
perspective of the stockholders and thus of corporate management,
an investment in a supply chain is but an alternative use of the
corporation’s capital with its attendant risks and rewards. This
more extended enterprise view began to be recognized towards the
end of the 90’s and is discussed further in Section 3.3.

3. PSE at the beginning of the 21st century
3.1. Commodity chemicals
At the beginning of the 20th century, PSE is fully embedded in
all engineering activities surrounding large commodity chemicals
processes (e.g. reﬁneries, petrochemicals, organic and inorganic
intermediates): from the early stage of synthesizing the conceptual processing scheme and the strategy of plantwide process
control, to detailed process design, engineering and construction;
to start-up, operation, optimization, and supply-chain management; to subsequent process revamps and capacity expansions,
continuous improvement for process safety and quality control;
and to its ﬁnal decommissioning.
The impact has been staggering. Over a period of 30–40 years,
the scale of plants has increased by a factor 5 to 10 times; the
capital cost per ton of product per year has been decreased by a
factor 3–6; the energy consumption per ton of product has been
decreased by 30–50%; the volume of efﬂuents, harmful to the
environment, has been reduced by very large factors, from 10 to
100. Fig. 5 shows the evolution in plant capacity and unit capital
cost for a representative product of this category, the puriﬁed
terephthalic acid (PTA), an essential component in the ﬁbers
industry. The net result was a continuous compression of production costs and prices for essential industrial chemicals. This
progress has fueled an unparalleled growth in commodity chemicals, especially in developing countries.
During the period 2000–2010, PSE activities for large commodity chemical plants have been focusing on the following

issues, in an effort to further decrease production cost and
requisite capital, and render cleaner and safer processes:
(a) Process intensiﬁcation: ‘‘The term ’Process Intensiﬁcation’ refers
to technologies that replace large, expensive, energy-intensive
equipment or processes with ones that are smaller, less costly
and more efﬁcient, or that combine multiple operations into
fewer devices (or a single apparatus).’’ (Tsouris and Porcelli,
2003). The single column methyl acetate process (Fig. 4b) of
Eastman Chemical Co. is a typical result of process intensiﬁcation. Tsouris and Porcelli (2003) have provided an instructive
overview of the various efforts in Process Intensiﬁcation, since
the term was coined by ICI in the late 1970s, and a critical
analysis of the reasons that justify the interest in process
intensiﬁcation, such as: novel products; improved chemistry
(novel reactors with better control of reaction environment);
enhanced safety (due to in-process inventory reduction of
hazardous chemicals); improved processing (especially for batch
production of pharmaceutical and ﬁne chemicals); energy and
environmental beneﬁts (see reduction of energy cost in the
Eastman Chemical Co.’s methyl acetate column, Fig. 4b); capital
cost reduction (integration of several processing units into one,
e.g. Fig. 4b); low inventories of materials (inherently safer
plants); enhanced corporate image (claims for lower emissions,
safer processes, doing more with less); and value to the customer
(implementation of just-in-time manufacturing). The barriers
to the implementation of process intensiﬁcation are signiﬁcant
and stem from both technological and market conditions
(Stankiewicz and Moulijn, 2002; Ramshaw and Rogers, 2003;
Tsouris and Porcelli, 2003), but PSE is perfectly positioned to
make signiﬁcant inroads in this area.
(b) Multi-plant integration: In an effort to further improve chemicals and energy utilization efﬁciencies, companies expand
integration of process operations across plant boundaries and
quite often across companies boundaries. Typical examples can
be found in the integration of reﬁneries and nearby petrochemical naphtha crackers and complexes of intermediates.
(c) Dynamic optimization of operations: The advances in multivariable model predictive control (see Section 2.3.2.2) have
allowed the effective integration of regulatory control with
optimal planning and scheduling of process operations, which
in turn allows the operation of a plant to track very closely the
time-evolving patterns in the supply of raw materials and the
market demand of products for optimal proﬁtability. More on
this subject we will discuss in Section 3.3.

3.2. Manufacturing of pharmaceuticals and specialty chemicals
Batch production of chemicals is by far more widely practiced
and much older than continuous processes, which have dominated the activities of PSE for nearly a century. In the period

Fig. 5. The evolution of PTA plant capacity and associated capital cost (from J. Trainham).
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1980–2000 we witnessed a resurgence of interest in batch
processes from two distinct points of view: The ﬁrst view
attempts to integrate the various phases of batch process development and deployment, while the second attempts to change
the batch processes to equivalent continuous ones with the same
or improved economics. The reasons for this development were:
the sharp increases in the demand of pharmaceuticals, agricultural and specialty chemicals, on one hand, and the liberalization
of the process protocols by US-FDA.
As the batch production of chemicals underwent a continuous
specialization, to address the diversifying needs of the marketplace, the economic opportunities for ‘‘being ﬁrst in the market’’
became very attractive. In addition, the continuous evolution of
product-recipes implied a much shorter life-cycle for a growing
number of chemicals, than had been traditionally the case, leading
to a perpetual product/process evolution. In the presence of these
economic dictates, the rational and systematic approach as well as
the rapid execution of the chain of tasks, ‘‘product development –
process development – process design and engineering’’ became the
pivotal elements of what chemical producers refer to as their
competitive edge in the market place. Researchers have responded
to industry’s renewed interest in the area of batch processing by
increasing their efforts in this area. This trend is clearly visible
through the reviews of the literature in the area of batch processing: Rippin (1983), Reklaitis (1990), and Rippin (1993).
The surge of interest in batch processing has led to work in all
aspects of batch processing. There are many studies discussing one
or more of these aspects such as, the scheduling of batch processes,
the use of intermediate storage, the sizing of processing equipment
and the construction of task networks given a complete process
recipe and set of operations. All types of plants have been
considered, from the single process dedicated plant, to the multiproduct plant, to the multipurpose plant. However, while published
work in batch process scheduling and the design of batch plants has
grown exponentially, there has been very little work in the area of
conceptual design or process synthesis for batch processes. Sharratt
(1997) has underlined that ‘‘yAcademia has recognized the opportunity to contribute, but seems unclear as to what is required. Industrial
research and development is also fragmented.’’. In a series of articles,
Basu and his collaborators (Basu, 1998; Basu et al., 1997, 1998)
have articulated very concisely the nature of process development
and have made a very compelling case for the need of further
improvements in pharmaceuticals process development.
The task of determining the minimum cost for a batch process
is much more complicated than that for a continuous process.
This stems from a fundamental difference between the batch
process and the continuous process. The development of continuous processes is generally performed from an equipment-centered approach with a one-to-one mapping between operations
and equipment. In batch processes, on the other hand, the same
piece of equipment is employed to perform many operations,
leading to an operations-centered view for synthesizing, evaluating
and deploying a batch process.
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3.2.1. Phases of batch process development
The traditional development of the batch process proceeded
through a series of phases before its implementation, e.g. it went
from chemist to process developer, to process engineer. At each of
these phases, the process was reviewed in order to insure a
feasible design and, generally, once a design left a particular
phase, that portion of the design was considered complete. Minor
iterations and backtracking did not substantially change this
mode of conception, development and engineering of a batch
process. This approach was not conducive to allowing changes to
the previous levels of design. Ideally, the system of process
development should allow for the rapid iteration between the
process developers, engineers and chemists, facilitating rapid
communication between the groups and rapid revisions of design
alternatives (Fig. 6).
In principle, batch process development goes through the
following stages: (1) Molecule Discovery, during which a molecule
with desired properties is identiﬁed, synthesized in lab-scale facilities, and tested for function. Whether this is the best molecule for
the intended market function or not, is not examined until much
later. At the beginning simple feasibility is sufﬁcient. (2) Selection of
the Reaction Pathway that will produce the desired molecule from
economically available raw materials. During this phase, process
chemists do explore a limited number of alternative pathways, but
the pressure of process development outweights a more extensive
search. It is possible that an ill-conceived set of reactions may lead
to an unacceptable process, an outcome that will not be visible until
later on. (3) Synthesis of Conceptual Processing Schemes, an activity
which proceeds in parallel with the lab-scale production of the
desired molecule. Reaction conditions, product separation and
puriﬁcation operations, reaction solvents and catalysts, mass separating agents, are all integral elements of the process deﬁnition.
Rudimentary economics and materials’ assessment from an environmental, health, and safety point of view are normally considered
to avoid major pitfalls of the evolving process. For pharmaceuticals,
agricultural chemicals and other specialties, which are subject to
efﬁcacy testing, toxicity and other health hazards assessment, this
stage of process development doubles as a production phase for the
molecules to be tested. (4) Selection of Treatment Options, to process
and dispose the wastes generated by the evolving manufacturing
scheme. Neglect of these issues early on may lead to premature
abortion of the speciﬁc batch process development activities, or
rejection of the resulting process due to high cost in ensuring
acceptable environmental impact and health risks. (5) Allocation of
Manufacturing Facilities, where the processing concept is implemented on an existing multi-purpose or new dedicated plant. This
decision is very closely linked with major decisions regarding the
time-table of product manufacturing and, thus, to capacity planning
decisions and, ﬁnally, the planning and scheduling of the production
facilities. Consequently, allocation of a batch process to speciﬁc
facilities creates an inherent integration of the process under
development with the rest of the processes employed by a given
company.

Fig. 6. The interaction between chemists and chemical engineers in deﬁning optimal processing schemes for batch processes.
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As the process moves from Stage-1 to Stage-5, the ‘‘added value’’
or ‘‘lost opportunity’’ decreases by several orders of magnitude.
Indeed, an ‘‘optimally’’ selected set of reactions offers far greater
value than an ‘‘optimal’’ process based on a complex and cumbersome reaction pathway, which employs a large number of solvents
and catalysts. Similarly, judicious selection or complete absence of
solvents would lead to far more economical process than an optimal
facilities allocation of a poorly conceived processing scheme. Chemical companies, especially pharmaceutical companies, recognized
this argument and attempted to overcome it by introducing
management practices and computer-aided process systems engineering tools, which would tighten the integration among the
various phases of process development.
Stephanopoulos and his collaborators created at MIT the
‘‘BatchDesign-Kit’’(BDK) (Linninger et al., 1995a,b, 1996, 1997) as
an integrated set of software components, which addressed the
needs of batch process development, outlined above. BDK pioneered some new metaphors for the description of batch processes: the Process_Sequence_Diagram, a two-dimensional
depiction of the material ﬂows in time and among processing
facilities; the BatchSheet, a textual description of the recipe with
the various operations in a batch process; the Materials_Model,
which constitutes the basis for the state-task network of materials transformations occurring in a batch process, etc. Fig. 7 shows
the essential components of BDK, which were designed to offer
the following capabilities in support of batch process development: (a) Production Route Planner, which assists in the formulation and early economic evaluation of alternative production
routes for a particular chemical. (b) Process Synthesizer, the facility
that implements a systematic synthesis of conceptual batch
processing schemes (production recipes). (c) Simulator-Evaluator,
which implement the operations-oriented language of BDK for
the deﬁnition and simulation of production recipes, and their
evaluation in terms of overall process economics, waste generation, batch cycles, and facilities allocation. (d) Materials Selection,
the component that encompasses the methodologies for the
selection of solvents for chemical reactions and separations. (e)
Materials Assessment, an integrated set of expert systems, which
encompass the US Federal regulations for the environmental,
health and safety considerations by a chemical process. It provides an early warning of high-risk or unacceptable situations,
during the evolution of a processing scheme. (f) Facilities Allocation, which implements feasible allocations of production

equipment and estimates the corresponding batch cycles and
costs. (g) Databases, in relational forms, which capture the
information used by the various facilities of BDK, e.g. chemicals,
their properties, reactions, plants, equipment, solvents, regulations, etc. The architecture of BDK was emulated by a series of
commercial products that came to the market for the support of
batch process development activities.
3.3. Integrated management of process operations
Fig. 8 shows the classes of engineering tasks involved in the
operation of a chemical plant. They are organized into two
groups: Control and optimization; Diagnosis and adaptation.
The ﬁrst includes the three classical levels of (a) regulatory
control, (b) dynamic optimization (short-horizon scheduling of
operations), and (c) static optimization (longer-horizon planning
of process operations). The temporal multi-scale ﬂow of information is from the top (largest scale) to the bottom (smallest scale),
i.e. through a successive reﬁnement of the corporate strategies
into operating plans, into schedules of operations and ﬁnally into
control actions. The information ﬂow for the second group of
tasks is the reverse. Short time-scale information from sensors
and actuators is used to diagnose any faults in the sensors,
actuators, or control laws. Filtering of data over longer time scales
provides the information for diagnosing the onset of process
faults, or process model deteriorations. Finally, ﬁltering of the
data over longer time scales allows the assessment of production
plans and the identiﬁcation of any potential faults in their
implementation.
The picture of Fig. 8 is old (Stephanopoulos, 1988) and its
industrial implementation in its complete form an elusive mirage.
There are many reasons for this. On the control/optimization side,
progress has been controlled by the maturation of the MPC-based
technologies and the level of comfort engineers and operators
developed with the integration of operating tasks over a broad
range of time horizons. Today, all three levels can be fully
deployed in an integrated manner through very effective technologies. At the core are: Linear MPCs, replacing traditional
multiloop PIDs for regulatory control; Dynamic servo implementation of MPCs (with potential model adaptation), setting the
trajectories of setpoints over short time horizons; real-time
optimizers (RTO), which set the new optimal steady-state operating levels. Questions on taming the inherent complexity of the

Fig. 7. Overview of BDK’s structure.
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Fig. 8. Integrated system of process operations related tasks.

integrated deployment of control and optimization have been
considered since 1970s (Findeisen, et al., 1980; Singh, 1980), but
with little success in industrial practice. However, advances in the
MPC and RTO technologies have been signiﬁcant (Bartlett et al.,
2002; Kameswaran and Biegler, 2006), and led to commercial
products with consulting and service support for industrial
applications.
Academic research in the second group of tasks has been going
on since 1970s, but the industrial practice has not adopted these
developments, with the exception of few isolated cases. Certainly,
advanced sensors incorporate in their design self-checking functions for the identiﬁcation of certain types of failures, but even
simple data reconciliation for sensor drifts, using checks on
material balances, is not a broadly used technology. Several
accidents would have been avoided if data reconciliation was
running silently in the background. Operators rely on their own
observation capabilities to detect when material balances are
indicating increases or decreases in material inventories over
certain sections of the plant. This function is not always supported
by well-designed display conﬁgurations, which confound the
operators. The absence of advanced technologies becomes more
critical at the middle level of tasks; process fault identiﬁcation and
diagnosis, as well as model adaptation for MPC. While the theory
of hazards and operability analysis (Vaidhyanathan and
Venkatasubramanian, 1995) and of fault detection and diagnosis
(Venkatasubramanian et al., 2003) has advanced signiﬁcantly, the
industrial implementations have been lagging signiﬁcantly behind.
Dash and Venkatasubramanian (2000) and Venkatasubramanian
(2011) have addressed some of the challenges in the industrial
applications of fault diagnosis systems. However, the real bottleneck has been and still remains the human management of the
complexity of the underlying system (see Section 3.7).
3.4. Supply-chain management
Since its appearance in the 1990s, the conception of SCM has
evolved from the initial idea, which was to align demand forecasting, distribution and manufacturing processes within a single entity.
Nevertheless, the original mission and essence, which is to break
down ‘‘walls’’ between these functional areas, remains and continues to expand (Hameed, 2007). Recently, the term Integrated
Supply Chain Management was introduced by Varma et al. (2007) to

encompass both strategic and tactical decisions in a uniﬁed manner,
including raw material procurement contracts, routing to plant sites,
capacity planning and lead time management, routing of ﬁnished
products, warehouse positioning, network inventory management
and marketing strategies.
Thus, Integrated SCM seeks to expand the traditional concept
by integrating decision-making across three dimensions:
(a) Geographically distributed facilities and organizations.
(b) Hierarchical levels of decision-making (strategic, tactical and
operational). (c) Business functionalities (e.g. operations, marketing, ﬁnances, R&D, and environmental management).
Furthermore, effective SCM in a global market must consider
the dynamics of a rapidly changing market environment, including variability in demand, cancellations and returns and balance it
with the dynamics of internal SC operations, such as processing
times, production capacity pitfalls and the availability of materials. Clearly market dynamics, uncertainty and internal business
operations require that an integrated framework must include the
explicit treatment of SC uncertainties and dynamics. The challenge to the PSE community has been to integrate all these
aspects into an effective SC decision support system. It is fair to
say that it is a work in progress but indeed signiﬁcant progress
has been made.
SC performance is an outcome of the decisions that are made
to synchronize materials, information and cash ﬂows among the
SC partners. The decisions include aspects of the following
elements: (i) Location. These decisions involve determining where
to place new SC facilities. (ii) Capacity changes: These types of
decisions determine where, when and how much to expand or
reduce SC capacity (i.e. equipment, technology or workforce).
(iii) Flow magnitudes: These decisions determine the volume
of the purchasing, production and distribution of each material.
(iv) Allocation: These decisions involve allocating resources to SC
tasks (i.e. assignment, sequencing, and timing). (v) External links:
These decisions deﬁne which external suppliers should be utilized
or phased out. They also include outsourcing decisions. (vi)
Inventories: These decisions determine the inventory control
policies and safety stock levels.
The feasibility of the these decisions are limited by mass
balances, SC capacity constraints, technological constraints (e.g.
product recipes, product sequencing, unstable and perishable
materials), budget limitations, supplier capacity, market demand
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and competition, and customer satisfaction requirements, among
others. Additionally, beyond these constraints, the decisions must
be coordinated and at least in concert with corporate level goals
and constraints in multiple domains:
(1) Environmental, including coordination of environmental
impacts of SC activities, related to sourcing, manufacturing
and distribution (Puigjaner et al., 2009)
(2) Financial including consideration of working capital, cash ﬂow
and corporate value (Laı́nez et al., 2009)
(3) Capacity planning, including potentially investments in additional manufacturing or distribution facilities (Papageorgiou
et al. 2001)
(4) Product development, including decisions on which products
in the corporate R&D portfolio to pursue and when and where
to introduce them into the SC (Maravelias and Grossmann,
2001)
(5) Marketing, including investments in marketing avenues which
impact manufacturing and distribution decisions. (Laı́nez
et al., 2010)

Failure to coordinate these aspects into SCM have been cited as
key factors leading to signiﬁcant overall enterprise inefﬁciencies
(Shapiro, 2006). The PSE literature has addressed all of these
aspects at least to some initial depth. Additionally, given the
uncertainties to which a SC is subjected, approaches to SCM must
accommodate uncertainty and provide metrics by which the risk
associated with making decisions under uncertainty can be
addressed. A number of proposals have been advanced to address
uncertainties, including scenario approaches and multistage stochastic programming formulations (Grossmann, 2004), adaptation of MPC concepts from control theory (Puigjaner and Laı́nez,
2008), and simulation-based optimization strategies (Jung et al.,
2008; Varma et al. 2008). Finally, while much of the literature has
focused on a centrally controlled enterprise, there has been a
growing body of work on distributed decision making across the
distinct entities acting in the integrated supply chain (see for
example, Ydstie 2004)
Two key methodological components of supply chain management are scheduling and planning technologies. As noted by
Henning (2009), while the academic pse community has made
great strides in developing new representations and formulations
for scheduling of speciﬁc processing conﬁgurations and has
implemented novel and very promising solution strategies, the
adoption of this methodology into industrial practice in the form
of Advanced Planning Systems has lagged considerably. This has
occurred for several reasons: a failure to consider the information
systems context within which such tools must be used in practice,
the expertise required to build and maintain the underlying
mixed integer models, and inadequate consideration of the
business process workﬂows within which the methodology must
ﬁnd a home. This critique points to important opportunities for
future research to develop high level but ﬂexible representations
of scheduling problems which are accessible to the plant level
personnel responsible for these functions. The opportunity also
exists for developing innovative graphical representations which
allow ‘‘optimized’’ solutions to be readily understood and adapted
by the decision makers.
In the last decade, the SCM literature addressing many aspects of
the extended and integrated supply chain has proliferated much
beyond what can be covered here. The references cited only are
intended as a sample of that literature. The interested reader is
directed to several reviews of the area including Grossmann (2004)
and Papageorgiou (2009) for insights on developments. The constructive criticism offered by Henning is also recommended.

3.5. Computer-aided modeling languages and simulation
The Sequential Modular Simulators ushered PSE into the
modern, computer-aided era, but, although still extensively in
use and very valuable both in the industrial practice and education curricula, they are quite inﬂexible in addressing contemporary needs. Their successors, the Equation-Oriented Simulators, have
made computer-aided modeling and simulation truly ubiquitous
activities over a very broad range of engineering problems and
systems: from processing equipment (continuous or batch), to
control systems and operating procedures, to structured products
like batteries, fuel cells, drug delivery systems, HVAC devices,
personal care products, and others (Pantelides and Urban, 2004).

3.5.1. Modeling languages and computer-aided environments
Unlike academic groups, where modeling is primarily the task
of individuals or very small groups for speciﬁc purposes with little
reusability, in industrial engineering and R&D departments,
models are developed by different groups over extended periods
of time, and could continuously expand in order to address more
complex tasks. In short, in industry there exists a model-supply
chain, with that shown in Fig. 9 being a representative example
(Pantelides and Urban, 2004).
Pantelides and Urban underlined three requirements as essential
for the correct and efﬁcient implementation of a supply chain, as
that of Fig. 9: First, at each node of the supply chain, it must be
possible and efﬁcient to develop correctly the desired model from
lower-level modeling components and/or additional ﬁrst principles-based knowledge. Second, the resulting model should be
sufﬁciently general to be re-usable within the multiple scopes of
higher-level models. Third, the model constructed must contain
sufﬁcient information to allow its correct and efﬁcient use as a
component within a higher-level system model. For a thorough
discussion of the lifecycle of process modeling the reader is
encouraged to consult the very instructive article of Marquardt
et al. (1999).
The parallel works of Stephanopoulos et al. (1987, 1990) and
Piela et al. (1991) introduced a new way of constructing models
that had addressed the above requirements. They emphasized the
necessity for high-level languages in constructing equationoriented descriptions of processing models. For example, in
Model.La. (Stephanopoulos et al., 1990) the modeling language
allows the user to describe the physical and chemical phenomena
occurring in a processing unit through an English-like syntax. In
addition, Model.La. allows for the construction of clear hierarchical models with consistent interrelationships. For example,
within Model.La. one could see a distillation column in any
of the following distinct hierarchical views: overall column;
a structured system of ﬁve subunits, i.e. rectiﬁer, stripper, feed
tray, condenser and reboiler; a set of N trays with a reboiler and a
condenser. Within each view Model.La would construct and
maintain distinct sets of equations describing material and energy
balances, thermodynamic equilibrium and hydraulic relationships, as needed. The modeling relationships in two distinct
views, i.e. the models of two distinct views were consistent with
each other.
Subsequent efforts by other researchers, e.g. Marquardt, 1996;
Bogusch et al. (2001), expanded the scope of modeling languages,
enriched their vocabulary with ever increasing number of chemical
engineering concepts, e.g. kinetic mechanisms, mechanisms of heat
and mass transport, thermodynamic equilibrium models for a variety
of physical systems, and various types of control systems. Furthermore, a series of numerical algorithms provided tremendous ﬂexibility in analyzing the set of modeling relationships and identifying
early on problems with the evolving model: degree-of-freedom
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Fig. 9. The model supply chain (from Pantelides and Urban, 2004).

analysis and the identiﬁcation of inconsistent sets of speciﬁcations;
identiﬁcation of redundant subsets of modeling relationships;
determination of consistent initial conditions for dynamic systems.
Today, modern equation-oriented simulators, such as gPROMS
(http://www.psenterprise.com/gproms/index.html) and Jacobian
(http://www.numericatech.com/jacobian.htm), are equipped with
versatile modeling languages, advanced graphic user interfaces that
ease tremendously the deﬁnition of new models, very efﬁcient
algorithms for identifying errors and inconsistencies in the modeling
relationships, and powerful algorithms for solving very large sets of
differential-algebraic equations’ (100,000s to 1,000,000s), analyzing
the sensitivity of the solutions to parameter variations and avoiding
numerical failures, or recovering gracefully from them.
The ﬂexibility of these modeling environments has been
enhanced further with multi-scale features, covering the range
from atoms, to molecules, to meso-, to macro-scale descriptions,
consistently. Interfaces with external computer-aided modeling
packages, such as, Monte Carlo simulations, or Computational
Fluid Dynamics, allow the use of the best tools within the scope of
one, consistent modeling environment.
Modeling is the sine qua non for process systems engineering.
Consequently, a modeling environment which allows engineers to
draw from different available computer-aided modeling tools with
high degrees of transparency on what the models can or cannot do
is essential. To overcome differences in computer languages and
platforms and allow distinct modeling software to be used consistently within the scope of speciﬁc engineering projects, an Open
Software Architecture has been in development for more than 10
years with speciﬁed standards that encompass the use of most
available tools, industrial and select academic. CAPE-OPEN standards aim at providing exactly such an open environment for
computer-aided process modeling. The CAPE-OPEN Laboratories
Network (CO-LaN; http://www.colan.org/index.html) is the internationally recognized user-driven organization for the testing and
management of the CAPE-OPEN standard.

3.5.2. Modeling for discovery and technological innovation
Scientiﬁc discovery has been mostly driven by experimentation
and technological innovation has always required the external
objective conﬁrmation of an experiment. However, both can be
enhanced by the efﬁcient construction of judicious models, which
guide the experimental work. With the advent of modern modeling

environments, the time-to-effective models has been reduced
considerably, and the transparency of the modeling assumptions
allows the parametric analysis of the results produced by various
engineering methodologies, which use these models.
However, technological risk is an unavoidable consequence of
innovation, stemming from the imperfect understanding of the
physical, chemical, and/or biological phenomena underlying the
technology in question. Therefore, any model-based engineering
techniques always lead to technological risk. This risk can be
reduced with a commensurable increase in the cost for carrying
out the necessary experiments. Pantelides (2007) has posed three
questions, whose answers deﬁne the scope of model-induced
technological risk: (1) Given a certain level of model accuracy,
what is the resulting uncertainty in the key performance indicators (KPIs) of a process or product designed using this model?
(2) If the risk associated with this uncertainty is unacceptable,
which are the critical model aspects on which further R&D efforts
need to focus? (3) If the risk is, in principle, acceptable, then what
is the best design that can deal with the residual model uncertainty? Fig. 10 summarizes the basic steps for a systematic
analysis of risk management in technological innovation and the
critical role that modeling plays. With model generation and
implementation not the real bottleneck, models guide and establish the quantitative trade-off between fundamental R&D in
process/product development and the technological risk at the
deployment stage.
Uncovering new scientiﬁc knowledge goes through a similar
process, and an efﬁcient modeling environment could guide and
optimize the inevitable interplay between modeling and experimentation (Fig. 11). In fact, most of the present-day academic
discoveries in systems biology (e.g., transcription control, adaptive immunity, structure and dynamics of signaling pathways) are
based explicitly or implicitly on the discovery cycle of Fig. 11.
Having modeling environments that allow fast and effective
assembly of new models, at any level of detail, that describe the
evolving ideas about the unknown system, could speedup tremendously progress in these ﬁelds and others.

3.5.3. Equation-free modeling and simulation
To account for the multi-scale connections between macroscopic,
continuum-based descriptions and simulations of products and
processes, and their underlying atomistic/molecular phenomena
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Fig. 10. Integrated methodology of model-based risk management in technological innovation (from Pantelides, 2007).

Fig. 11. The model-based discovery process (from Pantelides, 2007).

and simulations (such as, molecular dynamics, kinetic Monte Carlo,
Brownian dynamics or agent-based simulators), Kevrekidis and his
collaborators (Kevrekidis et al., 2004; Bold et al., 2007; Erban et al.,
2007; Kevrekidis and Samaey, 2009) established a distinct framework of analysis and simulation that they called, equation-free
computations. This framework circumvents the derivation of closed,
macroscopic equations, and allows microscopic simulators to perform systems-level tasks directly. Applications of this approach
range from the long-time dynamics and thermodynamics of peptide
fragments to complex ﬂuids (liquid crystal rheology, micelle formation), computational materials science, lattice gas models of surface
reactions, chemotaxis, epidemiology and more. Beyond direct
simulation, the approach can be used to accelerate tasks such as
parametric/stability analysis, optimization and controller design.
The ﬂexibility of the equation-free approach is one of its major
attractiveness, and its ability to answer macroscopic questions on
design, diagnosis, control, or optimization, using microscopic
descriptions offers a long-sought after path for the expansion of
PSE into non-traditional areas of biological systems and materials.

3.5.4. Is a picture worth 1000 words? Modeling at higher levels
of abstraction
Mathematical representations of processing systems can be
reduced to sets of differential-algebraic equations (DAEs) with
integer and real-valued variables. These sets represent the ﬁnest
level of representational abstraction and can capture all pertinent
forms of knowledge about any system (static or dynamic, lumped
or distributed, deterministic or stochastic, with discrete or continuous variables). They are, however, not the most effective way
of representing knowledge for the development of methodologies
to carry out certain process systems engineering tasks, such as:
modeling temporal trends of process operations by capturing
their essential features (increasing, decreasing, oscillating, presence of steps or spikes, etc.); identify faults in a processing
system and diagnose their source; representation of complex
schedules which allows recognition of resource conﬂicts and
graphical editing of conﬂict resolution, etc.
The repertory of knowledge representations for process systems
engineers does not include alternative models like, Petri nets, rulebased systems, semantic networks, ontologies, agents, and so on
(Venkatasubramanian, 2011). Thus, at the beginning of the 21st
century, process systems engineers by and large are limited to
models that are inherently weaker in deploying available knowledge
for certain PSE problems. For example, the absence of qualitative
descriptions has handicapped process systems engineers in making
far more substantial contributions to the issues of Process Safety
than they have. What is important to recognize is that a qualitative
piece of knowledge is captured equally fully by the rule of an expert
system or a set of numerical inequalities on integer variables. The
only difference is that the second is much harder to deploy in a
process safety system that requires, linguistic description of the
reasoning for reaching a conclusion.
Stephanopoulos
and
Han
(1995a,
1995b)
and
Venkatasubramanian (2009) have discussed alternative models
for capturing knowledge at different levels of abstraction and how
they can be used in developing methodologies that are more
transparent and far more effective in solving a variety of PSE
problems in product or process designs. If PSE research embraces
more levels of abstraction in representing knowledge, then we
may expect faster progress in areas that are presently lagging
signiﬁcantly, as that of process safety.
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3.6. From a Process-Centered to a Product-Centered
During the period 1980–2000 we witnessed a gradual shift of
emphasis from a Process-Centered chemical industry to a ProductCentered one. In the former, the products were rather simple
molecules, e.g. petrochemical intermediates, and were produced
from simple and well-deﬁned raw materials. As a result, the focus
of industrial R&D was on the process that converted the given raw
materials to the speciﬁed products: selection of the chemistry;
design of catalysts; synthesis of conceptual processing schemes;
optimization of process design; process operability, safety, and
control.
Table 2 (Nakagawa Report, 2004) summarizes the expectations
of global growth in sales for various product groups. The growth
in petrochemicals and commodity chemicals is expected to be
7–10% per year (for the period 2004–20150 and will be localized
primarily in Asia. The other product groups in Table 1 are
structured products, quite different from the simple molecules
of the commodity chemicals, indicating that the classical
approach to industrial R&D will not be satisfactory. Indeed, as
Fig. 12 indicates, in a product-driven chemical industry one starts
with an analysis of the social needs, as expressed in Market
Trends, which in turn deﬁne the scope of the Product Speciﬁcations,
in terms of desired functionality and acceptable cost. The product
speciﬁcations are subsequently reﬁned into Speciﬁcations of Components and Subsystems, which the ﬁnal product will be composed
of, and which in turn specify the Design of Chemicals and Materials
that are needed, as well as the Design of the Manufacturing System
that will be employed to produce them. It is also clear from
Fig. 12, that any adjustments in the design of chemicals, materials, and/or the manufacturing systems, will propagate backwards
and affect the stipulated speciﬁcations of the desired products,
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which in turn may have an effect on the products’ degree of
acceptance and market penetration. In short, the R&D activities in
a Product-Centered chemical company are far more complicated
than in the process-centered one.
The complications increase when one considers the fact that
the manufacturing of the ﬁnal product, components/subsystems,
and primary chemicals and materials are carried out, quite
commonly, by different industrial enterprises which belong to
different market clusters: e.g. the supply chain of an LED backlit
LCD TV involves the TV manufacturer, the manufacturers of the
display components, and the producers of the chemicals that are
incorporated into the LED and LCD layers.
To address the shifting new challenges, a series of articles and
books focused the academic discussion on product design:
(Cussler and Moggridge, 2001; Cussler and Wei, 2003; Wei,
2007). In addition, the international conference on the Foundations of Computer-Aided Process Design was convened in 2005 at
Princeton University with the overarching theme: ‘‘Discovery
through Product and Process Design’’. The conference participants
recognized that the notion of a product covers a fairly broad range
of entities: simple small molecules; functional molecules, such as,
dyes, drugs, solvents, refrigerants, ﬁre suppressants, and fuel
additives; mixtures of molecules and simple formulations; products for which their manufacturing processes are of essence, e.g.
polymers, block copolymers, chiral molecules, crystal polymorphs, and others; structured products, which perform certain
functions, e.g. LED-based lights and displays, LCD displays, batteries, organic photovoltaics; and products which are closely
connected to cultural and emotional disposition of humans, e.g.
clothing, personal care, decorative supplements and others.
The PSE researchers have been pursuing different approaches
to address the systematization of product and associated process

Table 1
Growth expectations in a product-centered chemical industry.
Product group

Growth rate (%)

Information/Electronics/Telecommunications
Medical
Safety, Security, Protection
Life Amenities (Home, Ofﬁce)
Transportation
‘‘Solutions-to-the-Customer’’

Semiconductors; Displays; Inks; Specialty polymers; Energy devices
Diagnostic, Packaging, Fabrics, Surgical supplies
Diagnostic, Protective Materials
Materials/Components/Products for cleaner, healthier environment; Personal care
Material components; Functional Components; and energy devices for automobiles & airplanes
Integration of technological services, chemicals, materials

Fig. 12. The interacting phases in the chain of product deﬁnition and development.

10–15
6–10
6–10
5–8
5–7
10–15
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design. Most of the efforts on product design have been centered
on the optimal synthesis of molecular structures, which satisfy a
set of desired speciﬁcations, expressed as sets of inequalities on
the values of the physico-chemical properties of a molecule. This
formulation was introduced in the early 1990s by Joback and
Stephanopoulos (1989, 1995) and has been adopted by many
researchers, who have been experimenting with various alternative numerical methods in estimating the desired physicochemical properties and solving the underlying optimization
problem. Typical examples are the contributions in the volume,
Molecular Design: Theory and Practice (Achenie et al., 2003).
Goodyear’s AssuranceTM TripleTredTM tire is the ﬁrst product
developed entirely using simulation-based science and engineering, and it was the most successful product in Goodyear’s history.
Fig. 13 shows the imaginative interplay of many simulations, with
very few predictive tests, and one (!) road test. This is certainly
the way to the future, and the question is: how should process

Fig. 13. Interplay of simulations, predictive tests and ﬁnal road test in the design
and development of a new product.

systems engineering formalize the path and deﬁne the tools that
would accelerate this trend?
It is commonly accepted that, as the number of technologies
integrated into one product increases, the differentiating value and
sustaining power of the product in the marketplace increases superlinearly. The complexity of the associated R&D efforts increases with
the same rate. Fig. 14 shows the technologies involved in the
commercial realization of solid-state, light-emitting diodes for the
manufacturing of lighting supplements and displays, based on ZnO
and GaN. The number of possible options that one can generate from
the combination of different technologies can overwhelm even the
most disciplined and effective R&D groups: (a) select only ZnO or GaN
as the basic material for the design of substrates and crystallize them
out of solution; (b) select ZnO as template-substrate for the epitaxial
growth of GaN from solution; (c) produce GaN with hydrothermal or
ammonothermal growth; (d) create alternative optical path designs
for LEDs; (e) design alternative materials for the encapsulation of the
LED with low water and oxygen permeability; (e) generate alternative
phosphors with high efﬁciencies in all three primary colors,
(f) generate alternative combinations of all the above.
Process systems engineers have excelled in synthesizing,
constructing, and operating processing systems. They do not have
a record of accomplishments in molecular designs. So, the natural
question arises as to whether they are well suited for the task.
Clearly, the design of some products which are simple mixtures of
ﬂuids is not a difﬁcult task, as long as the thermophysical
properties of the constituent components can be modeled with
satisfactory accuracy. But, for products which involve complex
functionalized molecules, such as pharmaceuticals, or are complex structured entities of many components, such as the LED for
displays or white light, the answer is not as easy. The reason is
simple: these products are associated with a very large space of
alternative designs, whose physical and chemical properties are
not well described by the available mathematical models.
However, the ultimate success of a commercial product is a
strong function of its price at the market place and thus of its
manufacturing cost; with the possible exception of specialized

Fig. 14. Integration of alternative technologies in the development of solid state lighting and displays.
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life-preserving pharmaceuticals. The landscape of academic and
industrial research and development projects is overcrowded
with the unsuccessful commercialization of scientiﬁcally brilliant
conceptual designs. Thus, the integration of Product and Process
Design is essential.
As the number of research efforts in Product and Process
Design, both in academia and industry has been increasing,
researchers are still concerned with the following central questions, which were asked in the course of the FOCAPD-2004: (a) Is
there a comprehensive, systematic approach to chemical product
synthesis? (b) What computer-aided tools are needed as enablers
of product design? (c) What is the differentiating competitiveness
of process systems engineers in relationship to e.g. chemists,
material scientists, physicists, or biologists, for product design?
(d) What do process engineers need to understand about business, markets, ﬁnance, y.? (e) What changes must be incorporated in the educational curricula, in order to enhance the
students’ ability for more effective product design?

inﬂuence the outcome of the processing operations, e.g. dissolution and bioavailability, as shown in Fig. 16.
The second problem, represented in Fig. 17, is a multistage
planning and resource allocation problem in which the key
decisions are the selection of candidate products to advance to
development, the early stage toxicity and efﬁcacy test, the
scheduling and resource allocation decisions associated with the
sequence of clinical trails, the parallel product and process
development steps and the product manufacturing siting/outsourcing decisions and ﬁnally the decision to launch. At multiple
places in this development life cycle failures may occur and
decisions to terminate may be appropriate. This type of decision
process occurs with every product, pharmaceutical or otherwise,
but given the high risks of failure and high costs associated with
drug product clinical trials, the use of pse decision support tools
such as planning, scheduling and simulation can be particularly
impactful. (Hynes, 2009) A key challenge is the multistage
stochastic nature of this decision problem.

3.6.1. Product development in the pharmaceutical industry
The development of pharmaceutical products has attracted
special attention by the members of the PSE community
(Subramanian et al., 2003;Colvin and Maravelias, 2008; Zhao
et al. 2006; Suresh et al., 2010a, 2010b) in terms of two distinct
problems: First, how to select the necessary ingredients that will
supplement the therapeutically active component and processing
unit operations, so that they can provide the desired crystalline
morphology, bulk powder properties, properties of blends, dissolution dynamics, and eventual bioavailability (see Fig. 15).
Second, how to manage the development process, including the
clinical trials, in order to maximize the probability of success at
the lowest possible cost. The ﬁrst problem has all the characteristics of a product design problem, as discussed earlier, but these
characteristics are also intimately coupled with the associated
processing steps. The choice of the additives is governed by
multiple factors: the desired performance properties of the active
in vivo, the manufacturing operations required to produce the
product, and the stability of the product on the shelf. So, we do
have an integrated product-process design problem, and one
needs to solve it by taking into account the fact that the degrees
of freedom (e.g. the supplementary components) affect the
properties of the product (e.g. crystalline morphology, porosity)

3.7. Risk management and process safety
In the 1960s through 1980s a series of environmental devastations (Table 2) expanded the scope of active process systems
engineering interests to include, in addition to the efﬁciency and
economic objectives, aspects of risk management and process
safety. Very early on it became clear that ‘‘while traditional
reliability engineering techniques are often effective in increasing
reliability, they do not necessarily increase safety. In fact, their
use under some conditions may actually reduce safety. For
example, increasing the burst-pressure to working-pressure ratio
of a tank often introduces new dangers of an explosion or
chemical reaction in the event of a rupture’’ (Levenson, 2005).
Process Systems Safety is primarily focused on identifying,
evaluating, eliminating or controlling the effects of process
hazards. In the case of the rupture tank, while reliability engineering would look at failure of engineering components, process
safety would be also be concerned with the interactions among
various process systems components that may lead to the hazard.
In short, Process Systems Safety adopts a system-wide view of the
process and the development of potential hazards is seen as an
emergent property that arises at the system level through the
interaction of the various process components, e.g. processing

Fig. 15. Characteristics of a pharmaceutical product development (First Problem).
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Fig. 16. The cycle of drug design and development process.

Fig. 17. Pharmaceutical product development pipeline.

Table 2
High-proﬁle accidents in the processing industries from the 1960s to 1980s.
Year

Place

Process

Mortalities

1966
1974
1979
1982
1984
1986
1988
1988
1989

Feyzin, France
Flixborough, UK
Bantry Bay, Ireland
Ocean Ranger, Canada
Bhopal, India
Chernobyl, USSR
Piper Alpha
Norco, USA
Pasadena, Texas, USA

LPG Bleve
Cyclohexane plant
Crude unit
Oil production platform
Isocyanate plant
Nuclear power plant
Oil production platform
Propane unit
Ethylene/Isobutane units

18
28
50
84
3000þ ; 150,000
100þ
167
7
23

units, control systems, safety instrumentation systems, design
weaknesses and errors, and human actions.
Furthermore, as Lederer (1986) observed, system safety should
also include non-technical aspects of paramount signiﬁcance in
assessing the risks in a processing system: ‘‘System safety covers
the entire spectrum of risk management. It goes beyond the
hardware and associated procedures to system safety engineering.

It involves: attitudes and motivation of designers and production
people, employee/management rapport, the relation of industrial
associations among themselves and with government, human
factors in supervision and quality control, documentation on the
interfaces of industrial and public safety with design and operations,
the interest and attitudes of top management, the effects of the legal
system on accident investigations and exchange of information, the
certiﬁcation of critical workers, political considerations, resources,
public sentiment and many other non-technical but vital inﬂuences
on the attainment of an acceptable level of risk control. These nontechnical aspects of system safety cannot be ignored’’.
Rasmussen and Svedung (2000) captured Lederer’s scope
into a true system-wide hierarchical model that includes both
technical and non-technical aspects (Fig. 18). As one can
easily see, Rasmussen and Svedung’s model focuses on two
primary actions at each level of the hierarchy: monitoring and
control of the regulated quantities at each level of the hierarchy.
Failure of the control loops at any level seeds the potential for
failure and increases the risk in process operations. Levenson,
2005 has taken the systems approach one step further by
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Fig. 18. Rasmussen’s socio-technical model for risk management.

developing a pure systems-theoretic model of accident causation
called STAMP (Systems-Theoretic Accident Modeling and Processes). In many ways, STAMP is a return to the original roots of
early System Safety, but it extends the scope of what can be
handled to include the new factors common to engineered
systems today.
In the system-centered view of Rasmussen and Svedung, and
of Levenson, ‘‘accidents are not viewed as resulting from component failures, but rather as a result of ﬂawed processes involving
interactions among physical system components, people, societal
and organizational structures, and engineering activities. Safety is
treated as a monitoring and control problem: accidents occur when
component failures, external disturbances, and/or dysfunctional
interactions among system components are not adequately monitored and handled’’ (Levenson, 2005; Perrow, 1984).
In other words, as Levenson (2005) has argued, ‘‘y Instead of
viewing accidents as the result of an initiating (root cause) event
in a chain of events leading to a loss, accidents are viewed as
resulting from interactions among components that violate the
system safety constraints. The control processes that enforce
these constraints must limit system behavior to the safe changes
and adaptations implied by the constraints. Preventing accidents
requires designing a control structure, encompassing the entire
socio-technical system, which will enforce the necessary constraints on development and operations’’. Fig. 19 shows a generic
hierarchical safety control structure.
Accidents result from inadequate enforcement of constraints
on behavior (e.g., the physical system, engineering design,

management, and regulatory behavior) at each level of the
socio-technical system. Inadequate control may result from missing safety constraints, inadequately communicated constraints, or
from constraints that are not enforced correctly at a lower level.
Feedback during operations is critical here. For example, the
safety analysis process that generates constraints always involves
some basic assumptions about the operating environment of the
process. When the environment changes such that those assumptions are no longer true, the controls in place may become
inadequate.
So, it is really surprising and curious for the reasons that led to
it, that Process Safety and Process Control, were not, until
recently, subjects addressed by the same group of academic
researchers. In fact they were handled by people belonging in
two distinct groups with no joint research conferences, meetings,
or any other form of intellectual exchanges. In fact, it is in the
next cycle of two major international conferences, which are
organized by the two groups of researchers, i.e. CPC-2012 (Chemical Process Control) and FOCAPO-2012 (Foundations of Computer-Aided Process Operations), that a joint effort to coordinate
their activities is formulating overlapping schedules with joint
sessions. Hopefully, this ﬁrst step will eliminate ill-conceived
notions of academic turfs or gradations of intellectual content,
and focus on the solution of real problems.
In the aftermath of the Bhopal disaster, leaders of the chemical
industry ‘‘yasked AIChE to lead a collaborative effort to eliminate
catastrophic process incidents by advancing state of the art
technology and management practices; serving as the premier

4296

G. Stephanopoulos, G.V. Reklaitis / Chemical Engineering Science 66 (2011) 4272–4306

Fig. 19. General form of a model of socio-technical safety control (from Levenson, 2005).

resource for information on process safety, supporting process
safety in engineering, and promoting process safety as a key
industry value. And so began the industry response to the tragic
event’’ (History of Center for Chemical Process Safety, CCPS;
http://www.aiche.org/CCPS/About/History.aspx). From 17 charter
members in 1985, CCPS has grown to an organization with more
than 100 members. It has published over 100 books, organized 21
successful international conferences, has cultivated process safety
in chemical engineering education, but most important of all, it
has systematically cultivated a culture focused on Process Safety
and has helped chemical companies introduce, sustain, and
expand such culture in their own organizations.
‘‘yThe results have been heartening, but also sobering. Since
1984, there has not been another accident having as strong an
industry-wide impact or receiving as much global attention as
Bhopal. According to the US Occupational Safety and Health
Administration, since 1992 onsite fatalities from process safety
incidents have dropped by over 60%. Fatalities, when they occur,
have been contained to the plant site, and when off-site releases
have occurred, emergency procedures have kept injuries low. On
the other hand, the US Chemical Safety Board has identiﬁed 167
incidents in the last 25 years based on chemical reactivity alone;
mostly at smaller manufacturers and companies whose main

business was not chemistry. Nearly all of these incidents could
have been prevented had basic process safety guidelines and
references been consulted’’.
As a result of the comprehensive system-wide view, the
mindset on process safety has shifted from ‘‘React and Fix’’ to
‘‘Predict, Detect, Prevent’’. In addition, at a technical level, a
comprehensive process safety management approach deﬁnes a
series of new engineering and management challenges, which can
be grouped into the following three classes:
(1) Inherently Safer Process Designs, through the incorporation of
control, operability, and safety considerations into the earlystage conceptual and subsequently detailed engineering
design of processing schemes.
(2) Advanced Monitoring, Diagnostic, and Hazards Mitigating Systems,
including system-wide rational synthesis of safety instrumentation systems (SISs) and layers of protection (LOPAs); sciencebased operations monitoring and diagnostic systems, and
hazards and operability analysis (HAZOP); and knowledgeand model-based risk registers.
(3) Process Safety Management through Continuous Improvements,
impacting the structure and culture of work processes
and management through various strategies of continuous
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improvement, such as, Total Productive Maintenance (TPM),
5S, six-sigma, lean manufacturing, and others.
4. Where to next? Future trends
There exist three areas of potential contributions in which PSE
activities are expected to turn their attention and intensify their
future efforts. They are:
(a) Continue the development of numerical methods for the
solution of larger and more complicated design, control,
diagnostic and optimization problems for products and
processes.
(b) Expand the ‘‘boundaries’’ and the ‘‘scope’’ that deﬁne the
‘‘System’’, and apply classical approaches for solving a series
of very important and pressing problems, such as: enterprisewide management for products and manufacturing systems;
cyber infrastructure for smart manufacturing and collaborative technology development; policy, energy, and the environment; integration of humans and engineered systems in
smart process manufacturing, collaborative technology development, or continuous improvement in manufacturing operations, and others.
(c) Formulate new classes of problems, especially in new areas
such as; systems biology, systems chemistry, materials/products design, nanoscale process engineering, and others.
In all three areas work is presently under way and a number of
interesting ideas are shaping a brilliant and very exciting future.
In the following paragraphs we will sketch the directions of
developments in these areas.
4.1. Continuous expansion of the computer-aided systems
engineering capabilities: modeling, control, diagnosis, and
optimization
Presently, existing techniques can handle systems which are
described by mixed types of modeling relationships; algebraic,
ordinary differential equations, partial differential equations in
space and time, inequalities, logical propositions (including
undirected or directed graphs). The variables in these relationships may be boolean, integers (including the class of the so called
categorical variables that deﬁne qualitative attributes, such as,
‘‘very high’’, ‘‘high’’, ‘‘average’’, ‘‘low’’, ‘‘very low’’), and/or realvalued, and could be deterministic or stochastic. The combination
of different types of modeling relationships and variables has
created an enormous variety of classes of numerical problems,
and almost for all of them there exist numerical methods to solve
them. The effectiveness of the existing computer-aided solution
methodologies varies for different classes of problems and is a
strong function of the problem size, since most of the problems
are NP-hard.
In modeling and simulation four activities will continue to
attract attention:
(1) Further enrichment of modeling languages and environments in
order to: render higher-levels of linguistic capabilities for the
description of the systems that humans want to model
mathematically; expand the scope of available information,
by incorporating into a common cyber-infrastructure ever
expanding sets of databases, physical properties models, and
self-standing engineering methodologies; and maintain and
expand the models humans develop in collaborative groups.
(2) Streamlining and automation of the tasks involved in ‘‘discovery’’
and ‘‘assessment of technological risk’’ (see Section 3.5), since
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these two activities offer the promise of major breakthroughs
in science and technology development. Such automation
includes further streamlining of existing capabilities, e.g.
sensitivity analysis to model parameters.
(3) Expansion in the size of differential-algebraic systems (DAEs)
that can be solved with hybrid sets of variables, i.e. integer and
real-valued. DAEs have a central role in modern process
systems engineering, since every combination of modeling
relationships can be reduced to a set of DAEs, thus standardizing the set of equations that need to solved.
(4) Modeling environment facilities to accommodate equation-free
modeling and simulation. Of distinct signiﬁcance would be
advancements in the equation-free modeling and simulation
of systems, which are very complex to describe with an
explicit set of continuum physics based DAEs. Such systems
tend to integrate multi-scale physical, chemical, and/or biological phenomena, and thus their complexity is usually
manifested as distinct emergent behavior at various spatial
or temporal scales. These technologies are of particular value
in the analysis, diagnosis, or design of complex biological
processes and materials.
(5) Modeling environment facilities to accommodate alternative
models of abstraction. In Section 3.4 we argued that PSE has
been lagging signiﬁcantly behind in espousing alternative
models for the representation of knowledge at different levels
of abstraction. As a result, the practice of process fault
identiﬁcation and diagnosis, response to the onset of unsafe
conditions and other aspects related to Process Safety, have
been seriously handicapped. It is high time that the community followed the needs of the problems and adopted the best
ways forward. If this turns out to be the case, then the
modeling environments must contain facilities that can
accommodate the representation of knowledge at different
levels of abstraction. One promising approach to large scale,
especially, socio-technical systems, lies in multi-paradigm
modeling frameworks using aspects of agent-based technology. Such frameworks allow a variety of system components
each with its own representation, whether DAE, discrete
event, MILP, or qualitative, to be assembled into integrated
system models. (Sarjougian and Huang, 2005)
In optimization, the following two areas will continue attracting attention, because they enable the solution of problems from
a broad range of applications in materials design and processing,
systems biology, and nanotechnology:
(1) Global optimization of stochastic and deterministic systems,
described with integer and real-valued variables. There is a
growing number of problems in nanoscale technologies,
protein engineering, RNA engineering, polymer engineering,
and other material design problems that involve such formulations. Approaches to multistage stochastic optimization
problems are particularly relevant in enterprise level optimization applications in which decisions are not made once and
for all but occur at points in time, possibly driven by outcomes realized at those time points.
(2) Multi-level optimization formulations, which arise when constraints on an optimization problem are determined by the
solution of inner optimizations. These formulations have
attracted a lot of attention for the solution of optimal designs
of systems involving phase equilibria (Mitsos et al., 2009;
Bollas, et al., 2009), nanoscale guided self-assemblies (Solis
et al., 2010a, 2010b), and others.
In the area of process diagnosis and control, technologies that
enhance the integration of plantwide control/optimization and
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diagnostic/adaptation functions (see Section 3.3) will continue to
be of high interest for the next phase of automation in manufacturing operations. In terms of foundational issues research
emphasis will be driven by real-world problems with characteristics from the following three classes:
(1) Model-based monitoring, diagnosis, and control of large-scale
systems, with the primary aim to tame the inherent complexity
of the underlying problems and their solution as the size of the
system increases. Questions on hierarchical decomposition,
decentralized diagnosis and control will continue to attract
attention, although they are quite old problems (Findeisen,
et al., 1980; Singh, 1980). However, the model predictive control
culture has induced many changes, which make revisiting these
old problems and methodologies a very attractive and productive proposition (Rawlings and Stewart, 2008; Stewart, et al.,
2010; Bemporad et al., 2002). Furthermore, as the scope of the
industrial problems expands, e.g. enterprise-wide management,
supply-chain management, the industrial needs will justify
focus on these problems more than they ever did in the past.
(2) Diagnosis and control of mixed logical dynamic systems, which
are described by interdependent physical laws, logic rules,
and operating constraints, denoted as mixed logical dynamical (MLD) systems (Bemporad and Morari (1999a, 1999b)).
These systems are described by dynamic equations subject to
inequalities involving real and integer variables. MLD systems
include linear/nonlinear hybrid systems, ﬁnite state
machines, some classes of discrete event systems, constrained
linear systems, and nonlinear systems which can be approximated by piecewise linear functions. As such they are candidates for modeling, analyzing, diagnosing, controlling, and
optimizing a broad range of processing systems, which go
beyond the traditional chemical processes, and include: a
variety of biological systems (gene expression networks,
signal transduction pathways, catalytic RNA pathways, etc.),
guided self-assembly of nanoscale systems, real-time manufacturing systems controlled by embedded controllers, and
others.
(3) Identiﬁcation, diagnosis, and control of dynamic systems at
multiple resolutions. As PSE activities address problems at
the micro- and nano-scales, effective dynamic models, which
can be used for prediction, characterization, and eventually
control of the processes or product characteristics are indispensable. The behavior of the processing systems may vary in
space and time, and may be characterized by different
patterns at different resolutions/scales. Such problems have
been appearing in a variety of applications involving, catalytic
reaction networks, self- and cross-replicating reaction systems in living cells, and freely of guided self-assembled
molecular or supramolecular systems. Viewing these systems’
behavior at various resolutions is essential for uncovering
their underlying mechanisms and designing them for speciﬁc
purposes.

4.2. Continuous expansion of the boundary that deﬁnes the ‘‘System’’
The network of processing unit operations deﬁned the scope of
the early process systems engineering activities. Later expansions
of the scope included the following systems: (a) control systems;
(b) safety and reliability systems (e.g., redundant sensors and
actuators, SISs, LOPAs); and (c) sequences of operations (e.g.,
start-up, shut-down, change-over, optimizing). Thus, the boundary of process design, process operations monitoring/diagnosis/
identiﬁcation, or process operations planning/scheduling/control,
kept expanding.

This trend was continued by later expansions to include in the
scope of the problems other plants (multi-plant integration, see
Section 3.1). The reason for this expansion is always the same: the
more considerations you integrate, the higher the potential for
improved economics and efﬁciencies is. It is expected that the
expansion of the boundary that deﬁnes the system of interest will
continue, with the following being the most likely options.
4.2.1. Expansion to include enterprise-wide management
Historically, PSE has dealt with products and the manufacturing systems that produce them. However, it has been broadly
recognized that
pðproject business successÞ ¼ pðtechnological successÞ
pðstrong market presenceÞ  pðstrong business positionÞ

ð1Þ

where, p(a), represents the probability of, a. Therefore, one
needs to integrate non-technical considerations into many technological projects that lead into innovative products-processes,
and this need leads to an enterprise-wide management of business innovation. To ensure success in market positioning, customers and competitors need to be understood very well, and to
establish strong business positioning, the impact of governmental
regulations, ﬁnancial markets, suppliers, competitors and others
needs to be well quantiﬁed and analyzed. These requirements
enlarge the scope of a technological project and quite often an
integrated analysis reveals very counter-intuitive technology
development projects: e.g. license external technologies rather
than develop your own; develop conceptual patents through
judiciously designed R&D projects and enter a market by dominating critical areas of technology. The role of PSE researchers
and practitioners is essential in the rational analysis of such
broadly ranging interactions.
4.2.2. Expansion to include trade-offs among economics,
sustainability, energy use and the environment
The networks of chemicals and energy production, distribution, and consumption represent a very large integrated system,
whose complete scope is necessary in order to evaluate the tradeoffs among various objectives, such as, economics, generation of
efﬂuents and their impact on the environment (air, water, land),
and thus establish the frameworks for acceptable policy strategies. Process systems engineers have stepped into the fray of
social concerns and politics. They have been carrying out a
signiﬁcant number of such studies in order to establish the
requisite trade-offs and inform decision- and policy-makers. The
following constitute only a small sample: (1) The impact of
integration of wind and solar electricity generation technologies,
electricity storage alternatives and electric or plug-in hybrid
electric vehicles into electric grids (Hodge et al. 2011; Huang,
et al., 2011); (2) Biorenewables production, processing and their
role in a sustainable future chemical industry and energy infrastructure (Marquard et al., 2010; Agrawal et al., 2007, 2009);
(3) The role of solar energy in meeting the demands of a
sustainable future chemical and energy economy (Agrawal and
Mallapragada, 2010); and (4) Innovation in chemical products and
processes and impact on industrial ecology and sustainability
(Clift, 2010; Bakshi et al., 2011). Fig. 20 from Agrawal and
Mallapragada, 2010) is typical of the extensive expansion in the
boundary of the system considered by such studies. Similar
activities will proliferate in the future, as strains among economics, technologies, and social concerns become more pronounced.
PSE are expected to contribute signiﬁcantly in these efforts, by
providing a critical view in the proper formulation of the
problems and especially establishing solution methodologies that
render quantitative answers, sensitivities, and trade-offs.
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Fig. 20. Integration of biomass production, conversion, and distribution systems (from Agrawal et al., 2009).

Fig. 21. Systems’ interactions to meet demand for fuels and chemicals in solar energy driven world (from Agrawal et al., 2009).

4.2.3. Expansion to include interactions among humans, software
and engineered systems
Two representative examples will be described to sketch the
trends in this area of integration: Smart Process Manufacturing
(SPM), and Collaborative Technology Development.
SPM is a dramatically intensiﬁed, knowledge-enabled industrial enterprise in which all business and operating actions aim to
achieve substantially enhanced performance from an energy,
sustainability, safety, and economic points of view (Davis et al.,
2009). Figs. 21 and 22 depicts the extensive integration of
humans, technologies, and manufacturing processing operations
that it requires. PSE researchers and practitioners are perfectly
poised to address the issues surrounding the development and
deployment of SMP. However, the critical point in the success of

this enterprise is not going to be the requisite technology, which
is far from trivial, but the effective engagement of humans in a
rather complex system of models, informatics, and corporate
management structures.
It is commonly accepted that the larger the number of technologies integrated into a product and/or process, the higher the value
of the product or process, and the higher its differentiating
competitiveness, which determines its long-term robustness in
the pressure of the market place. Therefore, setting up effective
frameworks for collaborative research and development is highly
desired and many efforts are currently under way to create such
systems. Two examples characterize the efforts in this area: The
nanoHUB (nanoHUB.org), and the pharmaHUB (pharmaHUB.org).
Both hubs are cyberinfrastructures for scientiﬁc research, education,
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Fig. 22. The Smart Process Manufacturing functional model integrates the scopes of manufacturing process operations, enterprise management (humans and business
decisions), and supporting technologies.

and collaboration, and represent web-based communities of contributors and users, who share resources and tools. They provide
support for uploading resources, offering reviews and ratings,
asking questions, and forming collaborative groups to pursue
common goals. nanoHUB, created under NSF’s Project, ‘‘Network
for Computational Nanotechnology’’, promotes sharing of nanoelectronics design, simulation, and educational resources developed
via extensive federal funding programs. All top 50 US engineering
schools and 333 international universities, represented more than
91,000 users, who accessed 1600 items in the nanoHUB from 610
contributors, and more than 7100 users who run more than
400,000 simulations, in a period of 12 months. The second was
also funded by NSF to create a resource for sharing scientiﬁc
knowledge and engineering technologies for innovative drug development and manufacturing (Kuriyan et al., 2009). In both cases, the
focus has been on sharing knowledge and creating the conditions
for innovative collaborations that are generated by individual
initiatives. In the future, we expect the emergence of more such
collaborative environments, both within the scope of individual
institutions (corporations, or universities) and across boundaries of
institutions.
4.3. Continuous expansion into new areas: the cases of systems
biology and systems chemistry
Process Systems Engineering for the chemical industries
exploded in growth and impact when the requisite knowledge
about the constituent unit operations and the physico-chemical
phenomena taking place in them was advanced by the work of
chemical engineering science. Similarly, the sequencing of DNA
for many species (more than 15 mammals; hundreds of microbes
and plants), the avalanche of new data (microarray analyses of
gene expressions, proteins, metabolites) and many years of
research on the speciﬁc steps of essential biological processes
(transcription of genes, translation of mRNAs, control of gene
expression, folding of proteins, mechanisms of action of speciﬁc
proteins, signal transduction pathways, etc.) have generated
sufﬁcient knowledge so that one can start studying the ‘‘system

as a whole’’. Thus, Systems Biology was born to complement the
reductionist approach of scientiﬁc inquiry and has become a
sweeping reality in the world of Biology (new departments,
institutes or centers on Systems Biology, many textbooks and
edited volumes).
Process Systems Engineers are best positioned to harvest the
opportunities that systems biology, including its subarea of
Bioinformatics, offers. They possess the right attitude: The interest
is in the ‘‘behavior’’ of the system as a whole, and the emphasis is
on studying how the components of the system and their
interactions contribute to the overall ‘‘behavior’’ of the system.
They are also equipped with the full tool-kit of systems methodologies; modeling, simulation, identiﬁcation, diagnosis, control,
optimization. The only knowledge they lack is the details of the
biological processes; at a sufﬁcient depth to allow them formulation of real biological problems.
For a process systems engineer, it is not a question of ‘‘what
method to use’’ but a question of ‘‘what problem to solve’’. Indeed,
when chemical engineers, with no bragging rights of a process
systems engineer’s skills, became seriously involved (almost like
biologists) in systems biological questions, they produced
remarkable contributions in elucidating mechanisms and producing knew knowledge in immunology, signal transduction pathways, gene regulation, protein folding, design of therapeutic
proteins, and other areas. In approaching systems biology, process
systems engineers need to focus, again, on the real problems, by
becoming apprentices of those who are experts in the details, but
have no disposition or aptitude in addressing or solving systemwide questions.
Similar movement has been recently observed in the discipline of
chemistry, and Systems Chemistry was born (Ludlow and Otto, 2007)
with its ﬂagship journal of the same name (http://www.jsystchem.
com/content/1/1/1). Its range of interests is broad and include the
following: complex molecular networks; catalytic, autocatalytic,
self-replicating and self-reproducing systems; dynamic combinatorial chemistry; emergent phenomena in molecular networks; information processing by chemical reactions; bifurcation and chiral
symmetry breaking; bottom up approaches to synthetic biology and
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chemical evolution; chemical self-organization inspired by the
origin and synthesis of life; the conjunction of supramolecular,
prebiotic and biomimetic chemistry, theoretical biology, and complex systems physics.
For chemical engineers some of these questions are old and
have been tackled by early pioneers of chemical engineering
science (e.g. Aris, Dankwerts, Amundson) and younger academics
(Ramkrishna, Kevrekidis, Klein, Neurock, Feinberg, Hudson, Green,
and others). However, most of the above problems are new and
offer a range of vast opportunities for process systems engineers
in making long-lasting contributions in unraveling fundamental
knowledge on: the creation of self-sustained and self-replicating
reaction networks, the foundation of living cells; the principles for
engineering nanoscale processes and products; new processes for
energy and chemicals production from biomass; and/or novel
processes to manufacture a variety of new products. Furthermore,
by centrally positioning themselves, through their work, in the
community of Systems Chemistry, process systems engineers can
take the lead to pull together disparate research efforts, at the
interface of chemical engineering with other disciplines (e.g.
chemistry, biology), and produce a justiﬁable whole. This is a
grand challenge with very attractive promises.

4301

nanoscale process, they indicate the feasibility of the proposition.
When appropriately designed, these networks can function as
nanoﬂuidic systems to study single-molecule dynamics, enzymecatalyzed reactions, single-ﬁle diffusion, single-molecule sequencing and synthesis, as well as gain an understanding of materials
transport and reactions in biological systems.
With the proposition of ‘‘nanoscale factories’’ as the next
frontier of processing scales, PSE must offer new theories and
tools to handle the design, simulation, operation and control of
active processing systems with the following distinguishing
features: (a) The ‘‘unit operations’’ are self-assembled supramolecular structures at the scale of a few nanometers. (b) The spatial
topology of the ‘‘process ﬂowsheets’’ is guided by molecular
scaffolds and the unit operations are positioned in space through
directed self-organization mechanisms of independent units.
(c) The operation of such ‘‘supramolecular factories’’ is driven
by pre-programmed information encoded in the design of the
system itself, and is robustly controllable through local feedback
loops with no evidence of centralized coordination mechanisms.
Stephanopoulos et al. (2005) have offered a blueprint for the
roadmap of research questions that need to be addressed and
resolved, before the concept of a nanoscale supramolecular factory
is realized. They involve the following:

4.4. From macro- to micro- and nano-scale PSE
At the start of the 21st century, Process Systems Engineering
(PSE) as an area of academic chemical engineering research has
effectively solved all the major technological problems associated
with simulation, design, control, diagnosis, scheduling and planning of operations for large-scale continuous and batch chemical
processes. As the focus of research moved in scale from cubic
meters to cubic millimeters, the design, simulation, control and
programmed operation of ‘‘plants or labs on a chip’’ (Chow, 2002;
Jensen, 2001; Mitsos et al., 2004) beneﬁted from the accumulated
PSE technologies, since the underlying physico-chemical phenomena could still be handled under the same assumption of effective
continuous media. Thus, while novel deployments of fabrication
techniques (e.g. photolithographic pattern deﬁnition, etching,
deposition, diffusion) have been implemented for the construction of micro-processes, the scope, theory and tools for ‘‘microscale process engineering’’ have remained essentially unchanged.
Current basic research though has pushed the scale of processing operations to molecular and supramolecular levels of a few
nanometers. Creative exploitation of hydrogen bonding, p-stacking, electrostatic and/or hydrophobic-hydrophilic interactions has
led to deliberate and purposeful molecular tectonics (Hosseini,
2005; Michl and Magnera, 2002), yielding a fast growing repertory of supramolecular structures with exquisite precision and
functionalities, which can and have been used as molecular
reactors, separators, molecular tubes, motors, shuttles or pumps for
the transport of materials, molecular gates or channels for the
selective propagation of molecules, etc. Two recent special issues
(Stupp, 2005; Reed, 2005) offer an informative panorama of
research trends in designing molecular architectures and synthesizing functional nanostructures.
Integration of functional nanoscale units into a coherent
process with speciﬁc overall functionality and behavior has not
yet started in earnest, and has only been mentioned in passing as
a future goal and justiﬁcation of current research. The absence of
a concise process systems theory for the engineering of such
integrated supramolecular factories compounds the inherent
physical and chemical difﬁculties of their design and fabrication
and deprives current research efforts of purposeful direction.
Construction of various conﬁgurations of nanotube-vesicle networks (Jesorka and Orwar, 2008) are among the ﬁrst examples of
integrated nanoscale units. While they do not ﬁt the proﬁle of a

(a) Conceptual synthesis of the integrated nanoscale process.
(b) Design and fabrication of the supporting scaffold and of the
unit operations in the process ﬂowsheet.
(c) Synthesis of the molecular network that supplies the energy
sources and sinks for energy dissipation.
(d) Synthesis of the molecular network that implements the
signaling paths for monitoring and control of the process.
While the end product, a nanoscale processing system for
commercial purposes, is not of immediate and high priority, the
questions that need to be resolved are, since they will have an
impact on all current activities in the area of structured nanotechnology, systems biology, and systems chemistry.
4.5. From ‘‘complicated’’ to ‘‘complex’’ systems engineering
For design purposes, chemical processes at the macro- or
micro-scale can be ‘‘complicated’’ but never ‘‘complex’’ systems
(Ottino, 2003). The behavior of each unit operation can be
modeled quite effectively and the interactions among the unit
operations can be modeled effectively as well. Then, it is only a
question of whether we are able with the given algorithms and
computer hardware to solve the associated equations and optimize the design with respect to the degrees of freedom. Consequently, Process Design is a ‘‘complicated’’ problem and requires
advanced computer-aided tools (e.g. simulators, optimizers) that
can handle the complication that results from its size. On the
other hand, from an operational point of view, a chemical process
is a ‘‘complex’’ system, as it can be seen in Figs. 17 and 18 from
the interaction of humans, legal and regulatory institutions, with
the processing systems. In this case, ‘‘work processes’’, ‘‘regulatory monitoring and control processes’’, ‘‘company policies’’, and
other elements, although quite clearly speciﬁed, introduce subtle
differences in interpretation and thus implementation, that affect
materially, and in unexpected ways, the operation of a plant,
leading to ‘‘unexpected’’ or ‘‘complex’’ operating behavior. Thus,
aspects of process operations, such as Process Safety, correspond
to ‘‘complex’’ problems, and can be solved only when one
develops effective methods for understanding the origins of and
handling complexity.
As PSE moves from macro-scale systems to micro- and nanoscale processes, the number of ‘‘complex’’ systems that it
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encounters increases substantially. Manufacturing systems of
structured materials through freely assembled molecules or
supramolecular structures correspond to typical examples of
complex systems (Ottino, 2003). Most of the substantial systems
considered in Systems Biology and Systems Chemistry (see
Section 4.3) are complex systems (Ludlow and Otto, 2007).
Finally, as PSE integrates various computer-aided engineering
functions to achieve higher levels of optimality, it creates the
necessary conditions for the appearance of complexities in the
behavior of the overall computer-aided engineering system.
Typical examples involve: (1) Integration of control and optimization with diagnostic and adaptation functions in the computeraided operation of a plant. Complexities are manifested in the
unpredictability of operations and the onset of unsafe operating
regimes. (2) Integration of atomistic and molecular simulations
during the design of structured self-assembled systems. In this
case, complexities are manifested in the abrupt transition of
geometric structures of the ﬁnal product, caused by inaccuracies
in model parameters.
In short, there exist three groups of ‘‘Complex Systems’’ in the
general area of PSE, whose complexity is caused by distinctly
different factors:
Group-I: Real-world operating chemical processes and manufacturing systems. The causes of complexity are lack or erroneous
monitoring and control of human-based processes. The result
is unpredictability in operations and the onset of unsafe
operations.
Group-II: Reaction networks and self-assembled molecular systems. The reasons of complexity are statistical physics and
nonlinear chaotic dynamics. The result is unpredictability in
the resulting structure of the process, material, or other
construct.
Group-III: Integrated computer-aided engineering tools. The
reasons of complexity are variations in system parameters.
The result is unpredictability in the resulting ﬁnal design.
With very few exceptions, questions of complexity in any of
the above three groups of systems have not drawn the attention
of PSE researchers. This is bound to change as all three classes
of systems become more prominent in the research agenda of
future PSE.

5. Systems engineering as the integrative/interconnective
core element of a discipline
Academic research in science and technology is obsessed with
uncovering new fundamental knowledge about nature (science)
and new understanding of natural phenomena or man-made
constructs that lead to novel technologies (science and engineering). However, study after study have demonstrated that the rate
with which academic research leads to technologies with successful business outcome is extremely low, about 1%. This is an
alarming evidence of engineering’s failure to meet its primary
mission, i.e. satisfy societal needs with cost effective products and
processes. While one may invoke many reasons to explain this
low rate of success, for the purposes of this article one reason
stands out as an essential weakness of academic (and to a large
extent, corporate) research, namely, the absence of a substantive
system’s view that justiﬁes the raison d’etre of the research that is
being carried out. This is even more surprising for chemical
engineering, a discipline which for more than 100 years has
developed around the concept of a ‘‘processing system’’.
What makes the situation even more curious is the fact that
present research efforts across all areas in chemical engineering

claim to aim at uncovering new understanding, and thus new
technologies, for products or processes, both of which are integrated (and quite often) structured systems. Granted, quite often
researchers will argue in support of their research by invoking the
scope of a tentative system (biomass conversion products as
automobile fuels or feedstocks for chemical industry; a bewildering variety of carriers as drug delivery vehicles; another bewildering variety of materials, simple or composite, as components of
organic microelectronics, e.g. transistors, LEDs, or components of
regenerative medicine; inorganic nanoscale materials as components of specialized sensors; novel catalysts for hydrogen production processes through the thermochemical decomposition of
water, etc.). However, upon closer examination one can easily
recognize the tenuousness of the argument: the description of the
reference system is incomplete, non-quantitative, and in many
cases violates essential engineering principles, e.g. a real-world
process using well publicized novel catalyst for the production of
hydrogen from water would require more energy input than the
energy delivered by the produced hydrogen. In many cases, a
more complete, systems-view of the market context in which the
proposed technology component must function shows that the
technology is not only non-competitive without subsidy but
also has unanticipated negative consequences(e.g., corn-based
ethanol).
At the very core of the above described weaknesses lies the
inability, or lack of interest, of the researchers to carry out the
scientiﬁc research following the model of Fig. 11, i.e. through a
system-driven interplay of modeling and experiments. Modeling
is seen by many experimentalists as a distraction, and if modeling
is part of the research program, systems-oriented methodologies,
such as, determining model’s range of applicability, computing
model’s sensitivity to parameters, designing model-based experiments to maximize the amount of extracted knowledge, are not
employed in assessing the value of the research results, i.e. of the
product or process designs.
To be fair, this picture does not represent the efforts of all
researchers, but it does represent that of the large majority. Many
research efforts involving continuous or batch manufacturing
processes, e.g. biorenewables for fuels and energy, pharmaceuticals manufacturing, micro-processing schemes, polymers processing, novel separations, etc., do follow the model of Fig. 11.
However, many research projects at the interface with other
disciplines, biological, biomedical, nanotechnology, novel materials, do not. So, as chemical engineering explores new opportunities in new areas, it has left behind it the essential strength that
provided the discipline with cohesion and excitement for over
100 years.
The systems-based view of PSE has already been used in
uncovering fundamental knowledge of tremendous signiﬁcance
for the development of practical technologies and solutions in
biological systems, e.g. impact of metabolic networks on diabetes,
structure of immunological responses, mechanisms of cell motility, circadian clock architectures, ultrasound-based transdermal
drug delivery, and others. Similarly, one can point to a number of
analogous successful efforts in designing complex polymers with
a set of desired properties, novel catalysts for petrochemical
processes, denovo peptides, and other simple or structured
materials. In short, the systems-based approach in research works
with impressive results.
PSE can enrich educational curricula in chemical engineering
with two strengths of major consequences: First, it can arm future
academic researchers and industrial practitioners with the culture
of a systems-based thinking for problem-solving, as a necessary
condition in any product or process development and design
project. Second, it can provide the methodological skills that
allow the effective invocation of a systems-based view.

G. Stephanopoulos, G.V. Reklaitis / Chemical Engineering Science 66 (2011) 4272–4306

If many would readily agree with the imperative of a systemsbased education, as many would ask: ‘‘what are the essential
systems-based principles to teach and where are the textbooks to
support such an educational effort?’’ Present curricula in process or
product design, or process dynamics and control, provide a
foundation for cultivating speciﬁc forms of a systems-based
culture, but do not advance systems skills, in a generalizable
manner. So, the challenge is there in the open: New ideas are
needed for the construction of an educational experience and the
authoring of a deﬁning textbook, that puts process systems engineering at the center, as the core element of chemical engineering
education, and which provides the necessary cohesiveness with the
requisite excitement at both the undergraduate and graduate levels.

6. Epilog
Process Systems Engineering started with Ernest Solvay,
deﬁned the early period of chemical engineering’s emergence as
a profession and maintained the framework within which it
became an academic discipline with internal cohesion. During
the last 60 years it revolutionized the economics of the commodities industries and set the foundations for the explosive growth
of the biochemical and environmental industries. Its contributions have started transcending the boundaries of the classical
chemical processing systems, making signiﬁcant inroads on how
products are designed, complex chemical and biological systems
are studied, and how one may resolve complex trade-offs among
conﬂicting objectives in economics, resource utilization, and
environmental impact. The process systems-view is still the only
core element that can underpin the various components of
modern chemical engineering into a cohesive whole. Unfortunately, the educational framework and material to realize this
imperative has not yet emerged in a generalizable form.
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Having provided a broader perspective of PSE in terms of the
chemical supply chain and having discussed the nature of the

research in this area, we note the following major drivers for future
research in the PSE area (Grossmann and Siirola, 2000).
Globalization of trade and competition will lead to low margins,
increasing the competitive importance of technological advantage
and efficient operation. Increased investor pressure will create
demands for improved earnings performance from both commodity and specialty product manufacture. Internet and electronic commerce will require lightening-fast decision-making, shifting the
power to the customer and requiring flexible manufacture for custom specification within a tight schedule. New environmental pressures will increase, including carbon dioxide emission considerations and restrictive waste disposal. New chemistries will require
new processes that can handle changing feedstock availability, less
gas condensate, temporarily more naphtha and coal, and greater
ultimate use of renewable and recovered feedstocks. All of these
drivers will demand new discoveries and developments in PSE that
should cover all length and time scales of the subsystems involved
in Figure 1.
Based on these drivers, the following are some of the likely topics that will emerge as major challenges in the PSE area over the
next decade.
Process and Product Design. In order to move towards the
molecular level, traditional process design will be expanded to
include product design, with particular emphasis on design of new
molecules. The major difference here will be the need to develop
predictive capabilities for properties of compounds and mixtures of
compounds, ranging from fluids to structured materials, and the
systematic generation of alternatives in order to apply methodologies developed previously for structural decisions in process
design (e.g., hierarchical decomposition, superstructure optimization). Within the commodity chemicals industry, a major challenge
that will be addressed is process intensification—e.g., by discovering novel unit operations or microsystems that integrate several
functions and that can potentially reduce the cost and complexity
of process systems. Another major challenge that will remain is the
design of sustainable and environmentally benign processes. Areas
that are likely to receive increased attention due to the growth in
new industries include molecular design, synthesis of microchips
and bioprocess systems, and design and analysis of metabolic networks. This trend may in principle give rise to design problems
that have not received much attention (e.g., separation of very
dilute systems).
Process Control. The considerable developments that have
taken place in process control will be aimed towards a tighter integration between design and control, and expanded towards new
applications such as bioprocesses and biomedical devices that are
likely to require the use of nonlinear control concepts. For the commodity chemicals industry, there will be increased need for synthesizing plantwide control systems and effective application of
plantwide model predictive control in order to provide a seamless
integration with business planning and supply chain management.
Another trend will be to integrate discrete events and safety functions fully in the regulatory process control. One promising avenue
to achieve this goal is new developments in hybrid systems, an area
that is concerned with simulation and optimization problems
involving continuous and discrete states in dynamic systems. At
the other extreme, the rapid improvement of sensors, that may
themselves be miniature processes, will be coupled with powerful
miniature computers and will remake what we can sense and react
to locally.
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cerns lie largely in the middle and upper part of Figure 1. The
“value growth” industry must discover new products and be agile
and fast to market, concerns PSEis only now beginning to address.
These concerns lie both in the lower and higher ends of Figure 1.

Nature of PSE research and accomplishments
While largely driven by industrial needs, it is important to understand that PSEresearch also deals with fundamental theoretical
issues. Science views as its intellectual challenge the discovery and
rationalization of natural phenomena. In contrast, the intellectual
challenges for the PSE area are the discovery of concepts and models for the prediction of performance and for decision-making for an
engineered system. Science strives to unravel the underlying mechanisms that explain the behavior of a system. Again, in contrast,
PSE research strives to create representations and models to generate reasonable alternatives, and then select from among them a solution that meets constraints and ideally optimizes an objective. In
science-based areas, with few exceptions (e.g. astrophysics), experiments are a key step for validating a hypothesis. The PSE area can
also have validation through experiments for physically existing
systems, but, in most cases, PSE has only “virtual” systems in the
form of models (e.g., in the conceptual phase of a design). One can
test the models, ideally by proving and disproving theorems about
them, but, more often, one can only prove mathematically some
useful properties or empirically demonstrate that the proposed
model works for a set of example problems.
Computational efficiency is also an intellectual challenge in the
PSE area. While areas of science such as molecular simulation, bioinformatics, and computational-fluid dynamics share this concern, most
areas of science do not. Solution efficiency arises in the PSEarea for
two reasons. First, the selection problems that we generate (decisionmaking as opposed to analysis) are often NP-hard (see Garey and
Johnson, 1978), which means that in the worst case the computation
increases exponentially with problem size. Therefore, we can easily
challenge and will continue to challenge our best computers for reasonably sized engineering problems. Second, we may be using our
models in a real-time environment in which computations, to be of
use, must be completed within tight time windows.
From the above discussion, we note that the PSEarea is closely
tied to mathematics, operations research, and computer science. It is
a “human-made” science, which deals with objects created by
humans such as a chemical process, a model of a physical system, or
an algorithm. These objects are not found in nature. As in mathematics, models may not have closed form solutions, which in fact is
typically the case. As in operations research, developing good problem representation for the alternatives is central to the development
of PSE models. Lastly, as in computer science, the model typically
manifests itself as a piece of software, often a very complex one.
Developing novel representations and models that capture nontrivial features, as well as developing computationally efficient
solution methods and software tools that provide new capabilities,
are all considered to be original contributions in PSE. Lacking
space, we list in Table 1 only a few of the major accomplishments
that have occurred in the past three decades in this area.

Future challenges
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dynamic, and/or distributed to model synthesis and planning and
R&D and Process Operations. The area of process operations,
scheduling problems more effectively. There is need of improved
which has a shorter history than process design and control, will
methods to determine global optima for arbitrary functions and
expand upstream to R&D and downstream to logistics and product
improved real-time optimization methods to handle extremely
distribution activities. To support the expansion to R&D, optimal
large nonlinear models involving millions of variables. Improved
planning and scheduling for new product development will receive
tools for accommodating heuristic reasoning and hierarchical comincreased attention to coordinate better product discovery, process
putations for conceptual design will also be required. Information
development, and plant design in the agrochemical and pharmaceutimodeling tools will become increasingly important for supporting
cal industries. For downstream applications, areas that will receive
integration problems and for problem solving by large and globalincreased attention at the business level include planning of process
ly distributed teams. The other application of information modelnetworks, supply chain optimization, real-time scheduling, and invening and data mining will be in the area of bioinformatics.
tory control. At the plant level, areas of interest will include process
verification and synthesis of operating procedures, both of which
Advances in computing will help to realize some of the supportimpact the safety of plant operations. Applications will be aimed at
ing tools described above. While parallel computing is likely to
large-scale continuous
continue to have an
processes, commonly
impact in specialized
Table 1. Significant Accomplishments in PSE in the Past Three Decades
found in commodities,
applications, it is also
Process
Design
Process Operations
and to small-scale batch
likely that it will rely
processes, commonly Synthesis of energy recovery networks
less on specialized users
Scheduling of process networks
found in specialties.
since many parallel
Synthesis of distillation systems (azeotropic) Multiperiod planning and optimization
functions are likely to
Modeling. In PSE, Synthesis of reactor networks
Data reconciliation
become
automated
modeling is of para- Hierarchical decomposition flowsheets
Real-time optimization
through advanced softmount importance. In Superstructure optimization
Flexibility measures
ware and distributed
order to be able to model Design multiproduct batch plants
Fault diagnosis
computing. We can conall the various aspects
Process Control
Supporting Tools
tinue to except a higher
involved in the chemical
Sequential modular simulation
number of cycles and
supply chain of Figure 1, Model predictive control
Equation based process simulation
more flexible modeling Controllability measures
larger memories, which
AI/Expert systems
environments will be Robust control
will help in addressing
Large-scale nonlinear programming (NLP)
required that can accom- Nonlinear control
larger problems. A new
Optimization of differential algebraic equations (DAEs)
modate a greater variety Statistical Process Control
capability,
whose
Mixed-integer nonlinear programming (MINLP)
of models, ranging from Process monitoring
impact is still somewhat
Global optimization
molecular level to Thermodynamics-based control
difficult to predict, is
macroscopic systems.
wireless
computing.
This implies being able
One area that is likely to
to pose from the simpler algebraic to the more complex partial differbenefit is in the integration of measurements, control and informaential algebraic models, both in pure equation form and with mixed
tion systems. Wireless computing may also create new needs for
procedures. Furthermore, for discrete/continuous optimization, the
effectively supporting teamwork by diverse and distributed specialcombination of quantitative and qualitative models expressed through
ists. Finally, there are new potential applications from software and
equations and logic will be increasingly important. The capability of
internet-based computing. The demand for software development
automating problem formulation through higher level physical
may increase as chemical engineering moves to new areas in which
descriptions should also be an area of potentially great impact.
there are no standard software packages. Internet-based computing
offers the exciting possibility of more readily sharing new software
Integration. The integration of several parts of the chemical
developments directly from the developers and of integrating these
supply chain in Figure 1 will give rise to a number of challenges—
more rapidly with existing software packages.
such as multiscale modeling ranging from molecular dynamics, to
integration of planning, to scheduling and control (internet
In summary, it is clear that there are plenty of intellectually chalbased)—and the integration of measurements, control, and inforlenging problems in PSE that are awaiting solutions from individmation systems. The concept of life-cycle modeling will also be
uals with creative minds. We believe that by broadening the definexpanded as a way of integrating all the major phases that a prodition of Process Systems Engineering, as we have outlined with the
uct goes through, from discovery through process development,
concept of the chemical supply chain, we can reduce the gap
design, manufacturing, distribution, and disposal.
between science-based and systems-based research. This will be
Supporting Methods and Tools. To make progress in most of
essential if chemical engineering is to remain a vibrant profession
the above areas will require a number of new supporting methods
that is of relevance to industry.
and tools that currently are not available. These include large-scale
differential-algebraic methods for simulating systems at multiple
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Computational Needs of the Chemical Industry,” Impact of
also in its infancy. Another important capability will be advanced
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Process Systems Engineering is a relatively young area in chemical engineering. The first time that this term was used was
in a Special Volume of the AIChE Symposium Series in 1961. However, it was not until 1982 when the first international
symposium on this topic took place in Kyoto, Japan, that the term PSE started to become widely accepted. The first textbook
in the area was Strategy of Process Engineering by Dale F. Rudd and Charles C. Watson, by Wiley (1968). The Computing
and Systems Technology (CAST) Division, Area 10 of AIChE, was founded in 1977 and currently has about 1,200 members.
CAST has four sections: Process Design, Process Control, Process Operations and Applied Mathematics. The first journal
devoted to PSE was Computers and Chemical Engineering, which appeared in 1977, with the late Richard Hughes being the
editor. The current coeditors are G. V. Reklaitis, Manfred Morari, and Jack Ponton. The Foundations of Computer-Aided
Process Design (FOCAPD) conference held in Henniker in 1980 was one of the first meetings in a series on that topic in the
PSE area. It is now accompanied by the successful series on Control (CPC), Operations (FOCAPO), and the worldwide series
entitled Process Systems Engineering. The CACHE Corporation (Computer Aids for Chemical Engineering), which organizes
these conferences, was initially launched by academics in 1970, motivated by the introduction of process simulation in the
chemical engineering curriculum. There are currently about 80 academics in the PSE area in the U.S., and a list of these faculty can be found in http://cepac.cheme.cmu.edu/pse1.html. A very large fraction of the faculty in the PSE area can be
traced back to Professor Roger Sargent from Imperial College, one of the pioneers in the area. PSE is an active area of
research in many other countries, particularly in the U.K, several other European countries, Japan, Korea, and China. Since
1992, Europe hosts the annual ESCAPE meeting (European Symposium of Computer Aided Process Engineering). Each produces proceedings—e.g., see Comput. Chem. Eng., Vol. 21 Supplement (1997) for the Proceedings of the joint PSE
’97/ESCAPE 7 meeting held in 1997.
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a b s t r a c t
Process systems engineering (PSE) has been an active research ﬁeld for almost 50 years. Its major achievements include methodologies and tools to support process modeling, simulation and optimization (MSO).
Mature, commercially available technologies have been penetrating all ﬁelds of chemical engineering in
academia as well as in industrial practice. MSO technologies have become a commodity, they are not a
distinguishing feature of the PSE ﬁeld any more. Consequently, PSE has to reassess and to reposition its
future research agenda. Emphasis should be put on model-based applications in all PSE domains including
product and process design, control and operations. Furthermore, systems thinking and systems problem
solving have to be prioritized rather than the mere application of computational problem solving methods. This essay reﬂects on the past, present and future of PSE from an academic and industrial point of
view. It redeﬁnes PSE as an active and future-proof research ﬁeld which can play an active role in providing
enabling technologies for product and process innovations in the chemical industries and beyond.
© 2008 Elsevier Ltd. All rights reserved.

1. Introduction
Process systems engineering (PSE) is a largely mature and wellestablished discipline of chemical engineering with roots dating
back to the 1950s (Anonymous, 1963). The systems approach (e.g.
van Bertalanffy (1950, 1968), van Gigch (1991), Klir (1985), Simon
(1981)) has been successfully adapted and reﬁned to address the
needs of designing, controlling and operating chemical process systems in a holistic manner. PSE has been evolving into a specialized
ﬁeld at the interface between chemical engineering, applied mathematics and computer science with speciﬁc model-based methods
and tools as its core competencies to deal with the inherent complexity of chemical processes and the multi-objective nature of
decision-making during the lifecycle of the manufacturing process
of chemical products. PSE has been successfully implemented as a
discipline in its own right in research, industrial practice as well as
in chemical engineering education.

This paper assesses the status and the future perspectives of
PSE from an academic as well as from an industrial point of
view. It cannot and will not aim at a comprehensive review of
the numerous scientiﬁc achievements. Its objective is to rather
assess: (i) the overall progress made with respect to the formation of a self-contained and independent scientiﬁc discipline and
(ii) the concrete contributions and impact in industrial problem
solving. Furthermore, it will reﬂect on the future perspectives
and the potential impact of PSE on research and industrial practice.
The paper is organized as follows. Section 2 gives an introduction
into the nature of PSE emphasizing its roots in general systems engineering. The academic achievements and their impact on industrial
practice are discussed in Section 3 to prepare for a look into the
future. Clearly visible emerging trends are identiﬁed in Section 4.
Furthermore, desirable extensions of the scope of PSE and a route
for further development of the ﬁeld are given in Section 5, before
we summarize and conclude in Section 6.
2. The nature of process systems engineering
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The nature of PSE can be only fully appreciated if it is put into
the context of related lines of research. We therefore brieﬂy review
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the foundations of general systems theory and systems engineering
before we address PSE.
2.1. General systems theory
General systems theory has been created as a scientiﬁc discipline in the 1930s by L. v. Bertalanffy, a biologist, aiming at a
set of generic problem solving methods and tools to represent,
analyze and synthesize complex systems comprising many interacting parts in general, regardless of the context they occur in. van
Bertalanffy (1950) gives the following deﬁnition:
. . .a new basic scientiﬁc discipline which we call General Systems Theory. It is a logico-mathematical discipline, the subject
matter of which is the formulation and deduction of those principles which are valid for systems in general.
The creation of such a meta-science was intended to overcome the progressing segmentation of the sciences on the one
and to efﬁciently deal with systems complexity on the other hand
(Simon, 1981). Obviously, this motivation is of even higher relevance today given the explosion of the scientiﬁc literature, the
continuously progressing specialization in science and engineering,
and the increasing complexity of socio-technical systems.
A large number of monographs have been published in the last
50 years including those of van Bertalanffy (1968), Klir (1985) or
van Gigch (1991) to elaborate on the basic concepts of general
systems theory. These authors characterize a system to constitute
“an assembly or a set of related objects” (van Gigch, 1991) that
“interact in a non-simple way” (Simon, 1981). A system is any
material or abstract entity which is distinguished by its boundary
to delimit it from its environment. Its properties are deﬁned by a
set of attributes. These attributes are chosen to characterize the
entity under consideration such that all information which is of
interest to the observer is captured. Hence, the representation of
a system is a model in the sense of Minsky (1965)—it does not
capture reality but is conﬁned to a certain perspective of reality
which is considered relevant in the context the model is supposed
to be used in. A system interacts with its environment by means
of inputs and outputs. The inputs represent the inﬂuences of the
environment on the system while the outputs reveal information
on the properties and the state of the system to reﬂect its behavior.
Systems can be decomposed or aggregated to form smaller or
larger systems. In such complex systems “the whole is more
than the parts, not in an ultimate metaphysical sense, but in the
important pragmatic sense that, given the properties of the parts
and the laws of their interaction, it is not a trivial matter to infer
the properties of the whole” (Simon, 1981).
The aggregation and decomposition of a system across a hierarchy of appropriately chosen levels as shown in Fig. 1 is a key concept
of general systems theory to deal with complexity: it facilitates
and guides systems problem solving, namely: (i) systems analysis aiming at an understanding of the behavior and function of a
(natural or artiﬁcial) system and (ii) systems synthesis comprising
the design and implementation of an (artiﬁcial) system according
to given requirements.
The basis for systems problem solving is a system representation
of an adequate degree of formality which may range from natural
language to semi-formal information models or ontologies (Bunge,
1979; Gomez-Perez, Fernandez-Lopez, & Corcho, 2003; Uschold &
Grüninger, 1996) and ultimately to mathematical process models
(Hangos & Cameron, 2001).
2.2. Systems engineering
While general systems theory established the systems paradigm
conceptually on an abstract level (van Gigch, 1991), systems engi-

Fig. 1. Decomposition and aggregation of systems.

neering addresses all practical aspects of a multi-disciplinary
structured development process that proceeds from concept to
realization to operation (Bahill & Gissing, 1998). Wymore (1993)
gives the following formal deﬁnition:
Systems engineering is the intellectual, academic and professional discipline, the principal concern of which is the
responsibility to ensure that all requirements for a bioware,
hardware or software system are satisﬁed throughout the lifecycle of the system.
It is worth emphasizing that this deﬁnition interprets a technical
system as being composed of hardware (i.e. the process plant and
its equipment), of software (i.e. the operation support systems), and
bioware (i.e. the plant operators and management). Only a proper
design of these three interacting subsystem will implement the
desired function of the system according to the speciﬁed requirements (Schuler, 1998). Multiple business and technical objectives
have to be considered to generate alternative solutions, to assess
their performance and to ﬁnally provide a quality product which
meets the users’ requirements. Systems engineering is in the ﬁrst
place a methodology to solve systems design problems in a coordinated and well-understood systematic design process (Braha &
Maimon, 1997; van Gigch, 1991). Bahill and Gissing (1998), for
example, have developed the SIMILAR process which is widely
accepted in the systems engineering community. It comprises
seven coarse-granular tasks which refer to the letters in SIMILAR:
(1) State the problem: identify the requirements the system must
satisfy.
(2) Investigate alternatives: generate alternatives which meet the
requirements and deﬁne a multi-criteria decision-making process to identify the most promising alternative.
(3) Model the system: analyse promising alternatives and ﬁnd the
as is and determine the to be by any kind of system model which
can be processed and interpreted.
(4) Integrate: connect the designed system to its environment to
optimize the function of the overall system the designed system
is embedded in.
(5) Launch the system: implement the system, run it and produce
output.
(6) Assess performance: measure the systems performance against
the requirements in the design problem statement.
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(7) Re-evaluate: continuously monitor and improve the performance of the system during its whole lifecycle.
General systems theory and systems engineering methodologies such as the SIMILAR design process are powerful instruments
to deal with complexity on a conceptual level but are necessarily weak when it comes to concrete problem solving in a speciﬁc
domain. The generic principles and design tasks have to be reﬁned
and enriched by speciﬁc domain knowledge to be successful, covering the scientiﬁc foundation and the engineering paradigms of a
given technological ﬁeld.
The rapidly evolving computing technology has initiated a radical change in the way systems engineers have thought about their
problem solving capabilities shifting from manual to automated
design by means of computers. This expectation has been built
on the working hypothesis that an algorithmic procedure can be
found, implemented in software and executed by a computer, if the
problem statement can be cast into a sound formal representation
(Hill, 1967). Such formal problem representations and algorithmic problem solving approaches have not really resulted in design
automation but have rather contributed to effectively support at
least part of human problem solving. Any computer-aided support is built on formal systems representations building on logic
expressions or on mathematical equations. Such a mathematical
formalization has been pioneered in the ﬁeld of control engineering where a theory of linear dynamic systems in continuous and
discrete time can be traced back to the 1950s (Gertler, 2006). A formal mathematical treatment of more general systems problems has
been centred around the theory of discrete-event systems. Wymore
(1993) presents a very general formal framework for systems representation and design with an exempliﬁcation for discrete systems
which is based on set and function theory. Formal methods have a
long tradition in software engineering (Clarke & Wing, 1996). Their
objective is the design and implementation (or more precisely the
speciﬁcation and veriﬁcation) of a piece of software, a special kind
of artiﬁcial system.
2.3. Process systems engineering
PSE follows the systems engineering paradigm and targets at the
analysis and synthesis of (chemical) process systems. Its objectives
have been deﬁned by Takamatsu (1983) as follows:
PSE is an academic and technological ﬁeld related to methodologies for chemical engineering decisions. Such methodologies
should be responsible for indicating how to plan, how to design,
how to operate, how to control any kind of unit operation, chemical and other production process or chemical industry itself.
Hence, PSE is all about the systematic and model-based solution of systems problems in chemical engineering (Ponton, 1995).
The outreaching deﬁnition of Takamatsu (1983) is emphasized by
Fig. 2, which is reprinted here from his original paper. It already has
a multi-scale ﬂavour including physical phenomena on the mesoscale, unit operations, whole processes and the socio-economic
system they are embedded in. Furthermore, the scope is explicitly not restricted to chemical process systems but also mentions
energy systems and biomedical systems, two systems problem
classes which have received signiﬁcant interest in recent years. The
multi-scale perspective already proposed by Takamatsu (1983) has
been emphasized more recently by Grossmann and Westerberg
(2000). They interpret the role of PSE as a set of methods and
tools to support decision-making for the creation and operation
of the chemical supply chain constituting of the discovery, design,
manufacturing and distribution of chemical products. Hence, PSE
is more than computer-aided process engineering (CAPE) since its

Fig. 2. The nature of process systems engineering, reprinted from Takamatsu (1983).

core business is not merely the use of computers to assist problem solving – or more speciﬁcally engineering design processes –
which has been the original scope of CAPE (Motard, 1989; Winter,
1990). PSE rather addresses the inherent complexity in process systems by means of systems engineering principles and tools in a
holistic approach and establishes systems thinking in the chemical
engineering profession. Mathematical methods and systems engineering tools constitute the major backbone of PSE. However, it has
to be mentioned that there is some terminological confusion in the
scientiﬁc community, since some authors, e.g. Kraslawski (2006),
have used CAPE and PSE synonymously in the recent literature.
The ﬁeld of PSE has been rapidly developing since the 1950s
reﬂecting the tremendous growth of the oil, gas and petrochemical industries and their increasing economical and societal impact.
Though, the roots of this ﬁeld can be traced back to the UK and
to the US (Anonymous, 1963; Sargent, 1967, 1972), it has also
been picked up very early on in the eastern part of Germany with
a ﬁrst book publication in German language in 1976 (Gruhn et
al., 1976). The PSE series of conferences has been established in
1982 with a ﬁrst event in Tokyo (Japan) and follow-up conferences
in Cambridge (United Kingdom, 1985), Sydney (Australia, 1988),
Montebello (Canada, 1991), Kyong-ju (Korea, 1994), Trondheim
(Norway, 1997), Keystone (USA, 2000), Kunming (China, 2003)
and Garmisch-Partenkirchen (Germany, 2006). Related conference
series are the European Symposia of Computer-Aided Process Engineering (ESCAPE) with general emphasis on computer-applications
in process engineering and the International Conferences on Foundations of Computer-Aided Process Design (FOCAPD), Foundations
of Computer-Aided Process Operations (FOCAPO) and on Chemical
Process Control (CPC) focusing on design, operations and control,
respectively.
The appreciation of PSE as an independent scientiﬁc discipline also becomes apparent in the dedicated centres of excellence
which have been established at universities and in industry. For
example, the Centre for Process Systems Engineering has been
established at Imperial College, London, in 1990 to promote and
focus research in PSE in one central location in the United Kingdom, while the Lehrstuhl für Prozesstechnik has been founded at
RWTH Aachen University in 1992 by a joint initiative of industry
and academia to broaden the scientiﬁc base of this ﬁeld in Germany.
Many chemical companies started their own R&D activities focusing on process ﬂowsheeting software during the late 1970s and the
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Fig. 3. Model-based product or process design.

1980s (Marquardt, 1999) and extended their attention later to more
general PSE topics. For example, a department “Systemverfahrenstechnik” (Process Systems Engineering) has been established at
Bayer AG in 1992.
There are two major paradigms in PSE – analysis and synthesis –
which are schematically depicted and illustrated from a product as
well as from a process perspective in Fig. 3. Both paradigms assume
the availability of a suitable process or product model (cf. centre of
Fig. 3) which describes either the behaviour of the process or the
properties of the product. The direct or analysis problem assumes
that the process ﬂowsheet, the equipment and operating data (or
the molecular structure and morphology) are given. The model
is then used to predict the performance indicators of the process
and the structural, morphological and functional properties of
the product by means of simulation studies. If – in contrast – the
speciﬁcations are given as process performance indicators (or as
physical properties of the products) the inverse or synthesis problem
has to be solved either by a search in the space of the decision variables by means of repetitive simulation or by rigorous numerical
optimization algorithms which automate the search for the best
alternative.
Modeling, simulation and optimization (MSO) of large-scale
(product or process) systems is a core technology to deal with
the complexity and connectivity of chemical processes and their
products on multiple scales (Grossmann & Westerberg, 2000;
Pantelides, 2001). These technologies have to be implemented into
easy-to-use software systems to render them accessible to problem
solving practitioners. The systematic (explicit or implicit) generation and evaluation of a comprehensive set of design alternatives is
considered to be a key to success. Integration of different problem
formulations in the lifecycle and across multiple scales of chemical,
spatial and temporal resolution is desirable to drive a design to a
true optimum (Marquardt, von Wedel, & Bayer, 2000). This attempt
for integration links PSE tightly with its traditional focus on complete plants to both, process intensiﬁcation (Moulijn, Stankiewicz,
Grievink, & Gorak, 2008) and to chemical product design (Gani,
2004). While the meso-scale kinetic phenomena are systematically
exploited to develop compact, highly efﬁcient and multi-functional
equipment, product design aims at a quantitative understanding of
the micro-scale molecular phenomena to tailor chemicals, materials, fuels and the like to display desired properties in some context
of application. Model-based process control and operations (Edgar,
2004; Ydstie, 2002) as well as supply chain and enterprise-wide
optimization (Grossmann, 2004; Varma, Reklaitis, Blau, & Pekny,
2007) together with their links to information technology, to operations research and management sciences complement the various
research tracks of PSE. PSE is obviously a cross-sectional topic form-

ing the interface of chemical engineering to mathematics, computer
science, management science and economics.
3. The past and present
This section will give a short and selective overview on the past
and present of PSE. We distinguish the achievements in the research
community on the one and in industrial practice on the other hand.
It is not possible to adequately acknowledge the contributions of
the many successful PSE researchers but limit ourselves to a few
representative publications.
3.1. Early research efforts
The early years of academic research in the 1950s and 1960s
have been largely focused on mathematical modeling, simulation
and optimization to design selected unit operations. These early
works have been exemplarily exploring the potential of mathematical analysis and numerical algorithms implemented on a computer
to deal with the mathematical complexity of the nonlinear and
fairly large process models. Emphasis has been on individual unit
operations like adsorption (Acrivos, 1956; Amundson, 1948), distillation (Acrivos & Amundson, 1953; Amundson & Pontinen, 1958;
Mah, Michaelson, & Sargent, 1962) or chemical reactors (Aris, 1960;
Blakemore & Aris, 1962; Davidson & Shah, 1965; Gilles & Hofmann,
1961; Youle, 1961) but also on complete processes (Brambilla,
Diforino, Celati, Kardasz, & Nardini, 1971; Frank & Lapidus, 1966).
The models were surprisingly sophisticated and covered spatially
(Gilles, Lubeck, & Zeitz, 1970) as well as substantially (Valentas
& Amundson, 1968; Zeman & Amundson, 1965) distributed systems. These and other early results on modeling, mathematical
and simulation-based analysis and optimization not only revealed
a more profound understanding of these processes but also demonstrated the opportunities of employing mathematical concepts and
algorithms in chemical engineering problem solving. These new
methods have been recognized to help substituting crude design
heuristics and avoiding time-consuming manual calculation procedures. Considering the very limited capabilities of analogue or
digital computers at the time, the lack of understanding of process
modeling and the non-existence of modeling languages and simulation tools, those early applications were extremely ambitious and
in many cases far ahead of time.
3.2. Recent progress in academic research and development
Research has been developing along many lines. A very
recent and quite comprehensive monograph edited by Puigjaner
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and Heyen (2006) documents important research areas and the
progress made.
Most importantly, methods at the interface to mathematics and
computer science have been (further) developed and tailored to
satisfy the needs of process systems problem solving. Mathematical modeling, numerical algorithms and a variety of software tools
have been emerging. Scalability of all these methods, algorithms
and tools to large-scale process systems has always been an important issue since the quality of a design crucially depends on the
choice of the system boundary. This choice has to be controlled by
the degree of interaction between subsystems rather than by the
capabilities of methods and tools in dealing with problem complexity. In the ﬁrst phase of research, the scope of a unit operation
has been widened to whole processes; later the site and even the
supply chain have been covered in addition.
The scope has not only been widened to cover larger spatial
and coarser temporal scales, but also to cover an increasingly
higher phenomenological resolution which opens up the spatial
and temporal scales towards meso-scale and molecular microscale phenomena. Initially only mass and energy balances were
considered with the assumption of thermodynamic equilibrium
between co-existing phases. Reaction and transport kinetics, particle population dynamics, ﬂuid dynamics and more complicated
transport phenomena in complex geometries even with simultaneous chemical reactions and transport across phase interfaces have
been gradually added to render the mathematical models more
sophisticated. These models have always been used to formulate
problems in design, control and operations which rely on these
models.
Furthermore, the type of problems studied has been steadily
evolving from steady-state and spatially lumped to dynamic and
spatially distributed modeling and simulation, from an analysis of
some design to systematic methods for process synthesis, from simple monitoring and control to model-based control and real-time
optimization, from production planning to supply chain and logistics management. Accordingly, problem formulations have been
getting more and more integrated to overcome the potential loss
of proﬁt by breaking a system into parts and necessarily neglecting
the interactions and interdependencies between the (sub-)systems
of the integrated whole—the plant, the Verbund at a site, the
whole enterprise or the supply chain spanning several companies and geographical regions. Examples include control-integrated
design, integrated product-process design, green designs accounting for all aspects of sustainability, the integration of process, supply
chain and market, and last but not least complete life-cycle assessment.
These attempts towards an increased scope of integration also
opened up the interfaces of PSE:
• To the natural sciences to extend the scope of phenomena considered from the ﬂowsheet to the molecular level.
• To economics and management sciences to shift the attention
from the operation of a single process in isolation to the process
as part of its supply chain and even of the global market, and last
but not least.
• To mathematics and computer science to keep track of the latest
developments in new methodologies, concepts, algorithms and
software.
3.3. Modeling, simulation and optimization for synthesis and
design
The research of the last roughly 50 years has lead to a number
of areas where a very high level of expertise is available. This is
particularly true for steady-state and dynamic modeling of ﬂuid-

phase unit operations and single- as well as multi-phase reactors,
of ﬂowsheets of large continuous or batch plants, the Verbund at a
site or even the supply chain at varying degree of detail determined
by the target application.
Simulations with models comprising some 100,000 to even
1,000,000 algebraic or even differential-algebraic equations, some
10 partial differential-algebraic equations in two space dimensions
or a few such equations in three space dimensions are routinely
solved today not only by expert users. Though fairly large optimization models can be solved with high-performance numerical
algorithms, this technology is not yet widely used by non-experts
in chemical engineering research and development.
Expert users solve nonlinear programs with some 100,000
equality constraints, some 100 inequality constraints and some
1000 decision variables, optimal control problems with about
10,000 differential-algebraic constraints, some 10 inequality path
or end-point constraints and 10 control variables or even optimization problems with a few PDE constraints in two space dimensions
possibly with state constraints with a fairly large number of decision variables. While very large mixed-integer problems with linear
constraints and objectives are solved routinely, the solution of nonlinear problems or even of mixed-integer dynamic optimization
problems is still a challenge if reasonable sized models need to be
tackled. These rough estimates assume deterministic mathematical
programming algorithms which only lead to local results. Though
there has been signiﬁcant progress in deterministic algorithms for
global optimization in recent years, practically relevant problems
can only be solved by means of stochastic methods requiring massive computational resources.
The most important achievements of the PSE research community are related to the development and deployment of mature and
reliable methods and tools for steady-state and dynamic modeling, simulation and optimization of processes described by strongly
nonlinear large-scale process models. Those methods and tools provide support for design and analysis. They are indispensable in
today’s industrial practice and have proven to be proﬁtable and
reliable in a very broad range of applications (Bausa & Dünnebier,
2006).
Nowadays, in the area of large-scale (petro-)chemical processes,
there is no serious process design and development activity in
industry not heavily relying on modeling and simulation technology. While the direct model-based solution of the (inverse)
process design problem by means of optimization methods (cf.
Fig. 3) is more rigorous and exact from a systems engineering point of view, today’s industrial practice mainly features a
pragmatic solution of the design problem by educated guesses,
supported by an iterative solution of the process simulation and
an experience-based analysis of the respective simulation results.
Process synthesis methodologies relying on rigorous optimization
(Grossmann, Caballero, & Yeomans, 2000) are rarely used in industrial practice. This statement even holds for special cases such as
heat exchanger network design or distillation column sequencing
and design but even more for the treatment of integrated processes.
Despite signiﬁcant achievements and numerous success stories in the ﬁeld of model-based process design and development,
some limitations still exist from the practitioner’s point of view.
For example, we still have no adequate modeling and simulation methods and tools to deal with solids and biotechnological
processes, to efﬁciently formulate very large-scale models and
design problems, or to document, maintain and reuse models across
the lifecycle of the plant in an efﬁcient and economical way. A
further challenge in the area of modeling and simulation is to
properly and efﬁciently match models and their parameters to
lab- or pilot-scale experiments and to existing production plants,
accordingly.
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Fig. 4. Typical key performance indicators of a process.

3.4. Process control and operations
A very successful application of PSE methods and tools in industrial practice is the implementation and utilization of performance
monitoring systems (see e.g. Bamberg et al., 2002; Dünnebier &
vom Felde, 2003; Qin, 1998; Soderstrom, Edgar, Russo, & Young,
2000). Here, on-line process data, process models and engineering knowledge are combined to assess the actual process status by
calculation, visualization, and monitoring of so-called key performance indicators (KPI). A selection of typical process KPI is shown
in Fig. 4.
The methods and tools for the calculation of the respective KPI
range from purely data driven approaches to completely rigorous
modeling based on ﬁrst principles (cf. Fig. 5). In this context, socalled hybrid models (Agarwal, 1997; Mogk, Mrziglod, & Schuppert,
2002; Schuppert, 2000) got increasing attention in recent years.
Regardless of the utilized approach, the crucial factors for successful performance monitoring applications are the identiﬁcation of
the economically relevant KPI and tailor-made monitoring concepts
for the speciﬁc process and plant. PSE methods and insights are
indispensable to address these problems.
Signiﬁcant progress has also been made in control and operations. Model-based predictive control (Qin & Badgwell, 2003) and
real-time optimization (Marlin & Hrymak, 1997) have reached a
reasonable level of maturity. Commercial linear model predictive
control packages forged ahead and resulted in numerous practical
applications. These methods are nowadays more or less standard

Fig. 5. Performance monitoring methods and tools (KPI = key performance indicator; NN = neural nets; PCA = principal component analysis; SPC = statistical process
control).

for advanced control in the petrochemical industries. In contrast,
nonlinear model predictive control and real-time dynamic optimization (Binder et al., 2001) has indeed been a very active area in
academic research but still is on the fringes in industrial practice.
There are numerous examples for the successful application of
modern control techniques in industrial practice and a comprehensive review of those would go far beyond the scope of this
contribution. A very impressive and economically very attractive
example is the combination of model-based control with modern
online analytics (Dünnebier & Bamberg, 2004). Fig. 6 sketches the
application of such a concept to the concentration control of a distillation column, separating an isomeric mixture. Here, the close
boiling points require inline concentration measurements by near
infrared spectroscopy, because the temperature sensitivity is not
sufﬁcient for the realization of a properly working advanced control system. The proposed combination results in a very reliable
and robust control system for this application on the one hand and
short payback times and a high economic impact on the other hand.
The consistent improvement in the area of dynamic process simulation and the steadily increasing computational power gave rise
to the increasing use of operator training simulators (OTS) in the
chemical and petrochemical industry in recent years (Schaich &
Friedrich, 2004). A detailed dynamic simulation model of the plant,
covering not only the standard operational regime but also startup and shut-down as well as other extreme operating situations
(e.g. caused by equipment malfunctions and/or operating errors),
is connected to an emulation of the original process control system and a trainer station. Beyond its use as a training tool, an OTS
is the ideal platform for testing and improving the control system,
developing and assessing advanced control strategies, and analyzing any malfunctions of the process response. Furthermore, the
optimization of the process design and its operation can be signiﬁcantly supported by an OTS. The integration of an OTS system
and an advanced process control system has proven to be extremely
beneﬁcial for the commissioning and start-up of new plants. Several successful projects show that both start-up time and start-up
errors can thus be reduced signiﬁcantly. Similar industrial experience has been recently reported by Cox, Smith, and Dimitratos
(2006).
While on the one hand production units often become more
integrated but on the other hand the whole production process
including the supply chain becomes more and more complex and
networked due to today’s dynamic business environment, production planning and management including the coverage of complex
logistics is a matter of particular interest and in an advanced state of
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Fig. 6. Advanced concentration control for a distillation column.

development. However, there are many more open issues in control
and operations than in design from an industrial perspective.
3.5. Actual shortcomings and open issues
Most of the PSE methodologies and computational methods
have not been developed without a concrete application-oriented
objective. A variety of sophisticated methodologies have been
suggested which link problem formulation, modeling and computational methods to a problem solving strategy which results
in high quality solutions at limited engineering effort. However,
these PSE methodologies have unfortunately not penetrated industrial practice to the extent possible. This is largely due to a lack
of commercial software which packages these methodologies into
user-friendly tools which are easily accessible to the industrial practitioner on a steep learning curve. For example, the integration
of design and control is a crucial issue for process development
and operation, both from a technical and an economic perspective. State of the art approaches either employ controllability
measures or rigorous model-based optimization techniques (see
Sakizlis, Perkins, & Pistikopoulos, 2004 for a survey or Chawankul,
Sandoval, Budman, and Douglas, 2007; Gerhard, Marquardt, and
Mönnigmann, 2008; Grosch, Mönnigmann, and Marquardt, 2008
for more recent approaches). None of them has actually penetrated
into industrial practice to a reasonable extent, because they are
either limited to a speciﬁc problem class (e.g. continuous processes,
linear models), or because the available methodologies result in
complex problems the solution of which requires excessive computational effort. In any case, though limited in coverage, the proper
application of the methods proposed in the literature requires a systems engineering skill level which is typically not prevalent among
industrial practitioners.
Despite the numerous successful applications of PSE methods
and tools in industrial practice, it is still a challenge in many cases

to realize economically attractive projects with model-based applications using currently available methods and tools, which have
to offer short pay-out times to successfully compete with other
projects. PSE applications in the process industry are often unique.
Thus, they are like a tailor-made suit and costs usually cannot be cut
down by quantity. Obviously, the main driver for industrial application is not only the mere existence of a certain problem solving
method in academia, but also the availability of these technologies in robust software tools and more importantly its proﬁtability
in routine industrial problem solving. Unfortunately, PSE methods
and solutions often are considered to be just “nice-to-have” and not
to be essential for stable and economic production. In addition, the
beneﬁt of their application is usually difﬁcult to quantify in exact
numbers. The systems thinking and holistic problem treatment of
PSE is clearly one of its greatest advantages. Thus, PSE experts often
integrate many disciplines and solution approaches within a certain
process optimization project and contribute signiﬁcantly to the feasibility and economics of a plant design, but it is quite difﬁcult to
allocate, e.g. exact cost savings to the application of a certain PSE
methodology or tool.
Maintenance and sustainability of PSE applications is not for free
and often a problematic issue. This aspect has rarely been addressed
so far both in academic development and in industrial practice,
but is of utmost importance in order to guarantee the economic
efﬁciency of the implementation in the longer range.
Current research and development concentrates on application
areas with high proﬁtability, in particular on large-scale, continuous production processes. The extension to small-scale and often
multi-purpose production facilities has yet not been successfully
established, but is absolutely essential for ensuring reasonable
development and payback times and for tapping the full potential of PSE in the life science area. For example, the paradigm shift
initiated by the PAT initiative of the US Food and Drug Administration (FDA) forces the pharmaceutical manufacturers to ensure
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ﬁnal product quality by timely measurement and control of critical quality and performance parameters. Dünnebier and Tups
(2007) have shown that industry has accepted this challenge and
that PSE methods and solutions can make a substantial contribution.

on a line) aiming at the discovery and discrimination of competing mechanistic models. Systems engineering methods including
the model-based design of experiments can be favorably applied to
obtain valid models at minimum experimental effort (Marquardt,
2005).

4. The future

4.1.3. Sustainable process synthesis
Optimization-based process synthesis (Grossmann et al., 2000),
though a classical topic of PSE, has not received sufﬁcient attention in an industrial environment. Educated guesses and intensive
simulation studies still dominate industrial practice. Easy to use
model-based process synthesis methodologies, not only for largescale continuous plants but also for small-scale batch plants and
even for continuous micro-plants, could make a tremendous difference in lifecycle cost. Such methods not only have to support
the generation and evaluation of an enormous number of alternative process structures but should also facilitate the integration of
engineering experience, the support of multi-objective decisionmaking to reconcile the conﬂicting objectives of sustainability
(Bakshi & Fiksel, 2003), and the systematic management of risk
and uncertainty. The synthesis problem formulation has to cover
all the signiﬁcant steps including the market-driven speciﬁcation
of desired product properties (and thus links process to product
design and vice versa), the identiﬁcation of favourable (catalytic)
reaction pathways, the invention of possible process alternatives,
the screening for attractive process alternatives, conceptual equipment design, equipment sizing and the decision on favourable
operational strategies. Such a framework has to explicitly cover
continuous, macro- and micro-scale, dedicated and multi-purpose
plants as well as batch plants which require very different synthesis strategies in order to respond to the trend towards a large
variety of specialized low volume products and more and more
complex chemistries. It is very unlikely that a single integrated
problem formulation can be found which on the one hand covers
all possible alternatives in a superstructure and is still computationally tractable on the other hand. Rather a systematic work
process with a gradual reﬁnement of the design speciﬁcations in
combination with an increasing level of detail in the model used
to reﬂect the increasing level of conﬁdence in the prior knowledge is expected to be more promising. Such a work process can
be designed to facilitate a step-wise construction of a superstructure and a systematic initialization of rigorous optimization-based
synthesis methods (see Marquardt, Kossack, & Krämer, 2008, for a
related attempt).

There are a number of emerging ﬁelds in PSE which are already
under investigation and which are considered to be of high future
industrial relevance, though the fundamental problem of transferring research results into industrial work processes and computing
infrastructure will remain. We ﬁrst focus on new PSE methodologies and then move on to challenging and rewarding ﬁelds of
application which currently are emerging. Obviously, the covered
topics represent the background and experience of the authors and
should not be considered a comprehensive set.
4.1. PSE methodologies
4.1.1. Multi-scale modeling in the design lifecycle
While MSO technology has been focusing traditionally on the
scale of the unit and above, the integration of process, equipment and product design requires a unifying modeling approach
spanning all the scales from the molecular micro-scale to the megascale of a site during all phases of the design lifecycle (Marquardt
et al., 2000). A straightforward approach to multi-scale modeling
(Vlachos, 2005) is the computation of some desired information on
a ﬁner scale to pass it to a coarser scale or vice versa. More sophisticated settings integrate multi-scale models to resolve the level
of detail where needed and at the same time limiting the computational effort (Pantelides, 2001). By traversing the scales, not
only the number and type of degrees of freedom typically change
but also a switch in the modeling paradigm – most notably from
the continuum to some particle paradigm – is typically involved.
The ultimate objective of multi-scale modeling is the development
of the skills for predictive “ab initio” modeling in combination
with a set of systematic methods for model reduction. This way,
information obtained on small scales can be systematically transferred to coarser scales to bridge the scales in a single multi-scale
model or in a sequence of single-scale models employed in different tasks during the design lifecycle. Obviously, the documentation
and reuse of models along the design lifecycle is a closely related
issue (Eggersmann, von Wedel, & Marquardt, 2004). Such techniques have to be incorporated in computer-aided modeling tools
which are tailored to the requirements of multi-scale modeling
(Yang, Morbach, & Marquardt, 2004).
4.1.2. Linking experiments to models
Modeling does not only involve the formulation and solution of
the set of model equations but also the identiﬁcation of the model
structure and the model parameters from experiments either on
the plant-, pilot- or lab-scale. Such models are typically of a hybrid
nature since ab initio modeling is hardly possible. Though desirable,
the true physical mechanisms are only captured in part depending
on the requirements resulting from the scope of model application on the one and the availability of experimental data for
model ﬁtting and validation on the other hand. The modeling of
the measuring instrument for improved calibration to transform
the measured data into physically meaningful quantities has to
be addressed in particular in the context of high-resolution measurements (such as focused beam reﬂectance measurement (FBRM)
probes for monitoring of particulate systems, nuclear magnetic resonance (NMR) imaging or near infrared and Raman spectroscopy

4.1.4. Equipment synthesis and design
Multi-functional units, micro-reactors and plants can beneﬁt from MSO technologies applied to the meso-scale to achieve
process intensiﬁcation (Keil, 2007). Partial differential equation
models dominate these scales and contribute to complexity. A
prominent example is the analysis of mixing processes by means of
computational ﬂuid dynamics. While modeling and repetitive simulation studies are currently used to support the invention process
(the direct approach to design, cf. Fig. 3), there is signiﬁcant scope
for the development of optimization-based methods which solve
the inverse design problem directly. This approach to the design
of multi-functional units leads to demanding optimization problems with PDE constraints. Besides the usual operational degrees
of freedom the arrangement of subunits and their geometric design
are subject to optimization adding a combinatorial component to
the problem formulation. Obviously, such an approach will give
rise to extremely challenging mathematical problems. An active
research community has already formed addressing related socalled “shape optimization” (e.g. Bendsoe & Sigmund, 2003) and
“topology optimization” (e.g. Haslinger & Mäkinen, 2003) problems
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Fig. 7. Horizontally and vertically integrated production management (ERP = enterprise resource planning; MES = manufacturing execution system; DCS = distributed control
system; PLC = programmable logic controller; MF = material ﬂow; MT = material tracking; PE = production execution; QDM = quality data management).

in computational mechanics with applications in ﬂuid dynamics,
acoustics and materials processing.
4.1.5. Process operations and management
In industry, there is a distinct shift in focus from controlling
a process plant in isolation towards an agile management of a
process plant as an integral part of the global supply chain comprising a number of enterprises in different geographical locations
While classical process control aims at attenuating disturbances
and maintaining the plant at its desired steady-state, future process
operations will have to exploit the dynamics of the environment –
most notably caused by changing market conditions – by means
of model-based optimization techniques (Backx et al., 1998). They
have to integrate vertically across the automation hierarchy of a single process plant and horizontally along the supply chain (Ydstie,
2002) connecting various plants by material and information ﬂows
(Fig. 7). The objective of plant operation is hence moving from controlling the plant at its set-point to maximizing its economics in
real-time subject to equipment, safety and product related constraints (Engell, 2007; Helbig, Abel, & Marquardt, 2000; Kadam &
Marquardt, 2007). Obviously, such a forward looking understanding of process operations sheds new light on the integration of
designing the process and its associated operational support system including control, optimization and scheduling functionalities
(Shobrys & White, 2002). Only such an integrative approach – even
accounting for the role of the operating personnel – can guarantee a
fully functional and economically optimally operated process plant
operated at its economical optimum in nominal as well as exceptional operating regimes (Schuler, 1998). This deﬁnitely has to be
taken into account when prospectively setting up practicable methods and tools for optimal integration of process design and process
operation. A mere optimization of (linear) controller structure and
parameters will by no means be sufﬁcient. Asset management and
maintenance are as well emerging topics of high industrial relevance which have not yet gained sufﬁcient attention in academic
research.
4.1.6. Information technology (IT) support of engineering design
and development processes
Understanding and managing design processes is at the heart
of systems engineering research and practice (Braha & Maimon,
1997). Despite the fact that this topic has been brought up in PSE
quite some time ago (Westerberg et al., 1997), only little activity

has been observed in academia despite the tremendous opportunities and enormous potential for cost reduction and quality
improvement in industrial design processes. An integrated view
on the design process in the various lifecycle phases together with
IT methods and tools for its support have been the focus of the
IMPROVE project at RWTH Aachen University (Marquardt & Nagl,
2004; Nagl & Marquardt, 2008). The focus of this research has
been on the modeling of creative, multi-disciplinary, organizationally and geographically distributed work processes in chemical
engineering and the development of novel, work-process centered
support functionality which integrates existing engineering design
tools in an a posteriori fashion. The better understanding, structuring and even modeling of design processes is not only a prerequisite
for the conceptual design and implementation of design support
software, but also helps to identify the gaps between industrial
practice and research efforts on PSE methodologies. A new generation of cost-effective and tailor-made supporting software solutions
is suggested which reﬂect the culture and the speciﬁc work processes of an enterprise. Semantic technologies seem to offer an
attractive platform for knowledge capturing, information management and work process guidance (Brandt et al., 2008) in the design
processes including their associated control and operating support
systems. They also support a smooth integration of information
modeling and mathematical modeling in a single modeling framework. Such technologies have to be integrated with existing PSE
tools and with the IT environment of an enterprise to have a chance
to be adopted by industrial practice. Such support functionality is
not only restricted to process design but can also be adopted to
product design and manufacturing (cf. Venkatasubramanian et al.,
2006).
4.1.7. Numerical algorithms and computing paradigms
The solution of complex models will remain one of the major
areas of activity in PSE. The size of models for simulation as well
as optimization applications will steadily grow without seeing any
saturation. Particularly challenging are the requirements on numerical algorithms if multi-scale behavior is displayed by the model.
Local mesh reﬁnement and suitable adaptation strategies are indispensable in such cases. There is still much room for improvement,
in particular, with respect to optimization algorithms, to effectively
deal with nonlinearity, integer variables and (partial) differential equation constraints (Grossmann & Biegler, 2004). It remains
an interesting question whether the currently favored simultane-
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ous approach will be complemented by suitable modular methods
(Grund, Ehrhardt, Borchardt, & Horn, 2003) which even take advantage of distributed and parallel computing architectures. Such a
strategy would also support the use of multiple numerical methods
tailored to the requirements of a partial model which may comprise
a special structure of a selection of algebraic, differential, partial
differential or integro-differential equations. Run-time integration
platforms like Cheops (Schopfer, Yang, von Wedel, & Marquardt,
2004) or agent-based technologies (Siirola, Hauan, & Westerberg,
2004) are promising directions.
4.2. Emerging application domains
While the research in PSE has been focusing on novel methods and tools, there are challenging emerging ﬁelds of application.
Reaching out into new application domains is rewarding in two
ways. Firstly, PSE offers a powerful set of methods and tools for
systems problem solving in all those domains which share a lot
in common with chemical engineering though they are not considered to be part of this ﬁeld. Such domains are characterized by
interacting transport phenomena in complex systems constituting
of non-trivially interacting subsystems. Secondly, the transfer of
methods and tools from one domain to another typically reveals
new requirements which have not been faced yet. Hence, the migration of PSE methods and tools to another domain requires at least
the tailoring of existing or even the development of completely
new methods and tools to address the speciﬁc problems of the new
domain in an effective way. Hence, reaching out to novel areas of
application can be considered a necessity in order to avoid getting trapped in marginal improvements of existing PSE methods
and tools. We will point out a few of those emerging application
domains for the sake of illustration.
4.2.1. Small-scale production
PSE has been largely focusing on methods and tools for design,
control and operation of large-scale chemical processes operated
in continuous mode. The scale of operation and consequently
the potential economical beneﬁt of optimized designs and operational strategies justify demanding modeling projects and costly
implementations of model-based applications. PSE methods and
tools have largely been focusing on this problem class in the
past. However, there is a well-known trend towards small-scale,
ﬂexible production in multi-purpose plants in particular in the
highly developed countries. Often, the mini-plant used for product
development serves as the production plant. Even disposable units
for batch processing are under investigation in the pharmaceutical
industries to reduce cost and to avoid costly cleaning procedures.
The variety of chemistries and the low volumes do not allow for
expensive modeling studies. Model development and exploitation has to accompany process development and manufacturing
following an incremental model reﬁnement and process improvement strategy. Novel modeling strategies and tailored model-based
methodologies and applications – possibly radically different from
existing problem solving techniques – seem to be indispensable for
this class of problems to facilitate economically attractive modelbased methodologies.
4.2.2. Integrated micro-plants
Micro-reaction technologies have been steadily maturing in
recent years (Ehrfeld, Hessel, & Lehr, 2000). A tremendous effort
is being spent to develop industrial strength solutions for continuous multi-product or dedicated micro-plants not only aiming
at the production of low-volume and high-price specialty chemicals but also of bulk intermediate chemicals with interesting
market perspectives (Pieters, Andrieux, & Eloy, 2007). The dis-
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tributed nature of the required process models, physico-chemical
phenomena only emerging or becoming dominant in micro-plants
as well as numbering-up rather than scaling-up of production facilities to larger capacity will call for extended modeling capabilities
and for novel methods and tools for design as well as operation
(Kano, Fujioka, Tonomura, Hasebe, & Noda, 2007). Furthermore,
microchemical systems are interesting discovery tools (Jensen,
2006) which offer completely new possibilities of data acquisition. Together with high throughput strategies new paradigms for
reaction pathway synthesis and product design are possible. PSE
methods can contribute in the management and model-based processing of the immense amounts of data.
4.2.3. Processing of renewable feed stocks
There is a common understanding that the chemical and
petroleum industries will have to switch from oil and gas carbon and hydrogen sources to alternative raw materials sooner
or later. Most likely, the processing of coal to synthesis gas will
see a revival in the near future at least in some parts of the
world. However, in the longer run, the exploitation of renewable
resources will face increasing interest. Solar powered thermochemical or electrical water decomposition is a potential green
hydrogen source. The processing of lignocelluloses from biomass
feed stocks into platform chemicals (Corma, Iborra, & Velty, 2007)
or automotive fuels (Huber, Iborra, & Corma, 2006) – preferably
without competing with the food chain – is another challenge
which will come up in the next decades. Novel large-scale processes will have to be developed. They will have to deal with an
enormous variety of bio-renewable feedstock, new classes of chemical substances with multi-functional molecular structure, new
chemical and bio-chemical pathways and with new intensiﬁed processing technologies. PSE is expected to signiﬁcantly contribute
to efﬁcient development processes resulting in environmentally
benign, economically attractive, and sustainable manufacturing
processes.
4.2.4. Infrastructure systems
Infrastructure systems comprise water and energy supply
networks, waste processing including the recycling of valuable
materials, transportation systems for people and goods and
telecommunication systems. Infrastructure systems link the industrial with the domestic sector. The complexity of such systems, in
particular in urban centers has reached a critical level which calls
for systematic analysis and synthesis methods to establish proper
functioning even in anomalous situations such as the recent collapses of a part of the electrical network in Europe and the US.
The design and the management of active grids of interconnected
infrastructure components of different kinds which adapt to supply
and demand is a rewarding problem for process systems engineers
(Herder, Turk, Subramanian, & Westerberg, 2000). Though infrastructure system improvement and design has a lot in common
with the design of agile supply chains and their embedded process plants, there is the socio-economical dimension in addition
to the technical dimension which calls for tailored methods and
tools.
4.2.5. Particulate and nano-structured products
Particulate or nano-structured products such as carbon nanotubes, nano-particle additives, catalysts, nano-scale functionalized
surfaces or nano-composite materials – although completely different in nature – also require the tailoring of PSE methods and
tools (see e.g. Fung and Ng, 2003 for an attempt in pharmaceutical product-process engineering). A ﬁrst challenge is the modeling
of the product and its properties which has to go well beyond
chemical composition, but must also cover shape and morphology.
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Structure–property relations, though useful to describe the function of the product in an application, should be enhanced to
incorporate a priori knowledge in the sense of hybrid modeling.
The relation between the characteristic product properties and the
processing conditions need to be understood. Multi-scale modeling – with particular emphasis on the molecular level – and novel
PSE methods and tools employing such multi-scale models are still
missing to a large extent.
4.2.6. Functional products
The chemical industries have been largely focusing on ﬂuidic
or particulate intermediate products. In recent years, a number
of chemical companies have been reshaping the product portfolio to cover functional end-products often showing a high level
of complexity in the systems engineering sense. Examples include
lab-on-the-chip technologies for medical diagnosis, the electronic
book, fuel cells, or battery systems. The design and development
of such functional products resemble to some extent the design
and development of manufacturing plants. However, conceptual
and equipment design including geometry and layout have to be
often considered at the same time. PSE methods and tools can
be favorably migrated and adapted to effectively address these
kinds of design problems (Mitsos, Hencke, & Barton, 2005; Pfeiffer,
Mukherjee, & Hauan, 2004).
4.2.7. Systems biology
The complexity of living systems can only be understood if
experimental research is complemented by modeling and simulation (Tomita, 2001). Furthermore, similar to a model of a chemical
process system, a model of the cell (or any part of a living system) can become the repository for the shared knowledge to make
it widely accessible and easy to interpret. An excellent review
from a control systems engineering perspective on the modeling
and control opportunities and challenges has been given recently
by Wellstead (2007). The skills of PSE in modeling, analysis and
design can play an instrumental role in all areas of systems biology including protein design, metabolism, cell signaling, physiology
and systems medicine. The latter is particularly interesting from an
industrial perspective. The business of the pharmaceutical companies has been changing in recent times. Rather than discovering
and manufacturing an active agent which is part of a relatively
simple tablet or capsule, the market calls for complete diagnostic and therapeutic, personalized solutions. Diagnostic systems
include sophisticated devices including array, biochip, biomarker
and enzyme technologies to assess the status of the patient in an
impressive level of detail. Modeling and simulation of the human
body on multiple scales provides the information necessary to
develop highly efﬁcient therapy strategies which aim at providing
the active agent in the desired level of concentration right at the
biological target such as a tumor by appropriate dosing strategies.
A further advantage of these models is the potential reduction of
the expense for clinical trials as well as minimization of their risks.
Successful therapeutic strategies require multi-scale modeling of
the metabolism on the level of cell, the organs and the complete
human body on the one hand and the drug delivery and dosing
systems on the other. The design of such therapeutic and diagnostic systems shares all the interesting features of process systems
problem solving. It offers a plethora of interesting systems problems which should be amenable to PSE methods and tools after
appropriate tailoring.
4.3. Industrial expectations
The topics discussed in the previous subsection are of vital
interest to the chemical industries not only to improve competitive-

ness and increase proﬁtability of their core businesses, but also to
reshape their product portfolio and to facilitate product and process
innovations in new markets.
Regardless the particular processes and products, it is of utmost
importance for the further industrial success of PSE and its methodologies and tools that the economic impact and advantages become
obvious at ﬁrst glance. Most plant and production managers are
only willing to support long-term projects if they get at least some
beneﬁt rather quickly. Thus, we need more modern, easy to apply
computer-based methods and tools to pick the low hanging fruits.
This would also be helpful to establish the PSE methodologies
and tools in areas which are today dominated by “bareboneengineering” (e.g. 1st generation biofuel plants).
The PSE community has to pay more attention to the industrial end user’s common opinion. From this point of view, too much
incremental improvement with no or little practical impact has
been published. Even if this may not really apply, it is alarming
that this impression occurs. Furthermore, one should be careful to
promise too much too early, e.g. in the ﬁeld of mixed-integer nonlinear programming (MINLP), many companies tried early (say in
the late 1980) and failed, which gave a bad reputation for the whole
ﬁeld.
The model-based PSE methodologies both have to be enhanced
further and made available to a larger number of users. Especially
the new ﬁelds of application require at least in parts a fundamental adaptation of the methods and tools. We do not expect that the
methods and tools established in the area of large-scale continuous production of bulk chemicals and commodities can simply be
transferred to the life science area. Here, customized solutions for
batch processes, small-scale productions and multi-purpose plants
are needed, which result in reasonable payback times. Undoubtedly, no quick success will be possible but long-term research is
necessary. The history shows that many PSE results take more than
30 years to be adopted by industry, if at all. This is deﬁnitely much
too long in view of the brevity of today’s economic cycles and the
constant pressure to reduce time to market. To be successful on this
way, industry has to be kept interested in research on the one hand,
but has to show a certain degree of patience and conﬁdence on
the other. During this process, academic researchers have to shape
their focus in close cooperation with industry, try to shorten the
development times, and, of particular importance, aim at establishing computer-based PSE tools which are easy to apply in industrial
practice. So far, no clear trend can be seen whether fully integrated
tool suites or specialized solutions are more beneﬁcial, and if a
more generic solution approach is preferable over a more speciﬁc
one. This strongly depends on the problem characteristics and the
application area as well. In any case, the time and effort spent until
economic beneﬁts are visible have to be kept as small as possible for
the development of new PSE methods and tools because we expect
that the pressure to succeed on the industrial users and sponsors
will even increase in the foreseeable future.

5. Towards a sustainable strategy for the future of PSE
The reﬂection on PSE subject areas has shown that the scope
has widened since the early days and that it will continue to widen
in the future. There is the obvious risk that a widening scope ultimately results in a diffuse proﬁle of the discipline. Hence, it might
get more and more difﬁcult to deﬁne the boundaries and the essential core of expertise of PSE. Consequently, a reassessment of the
essential core and the boundaries is mandatory if PSE does not want
to risk loosing its appeal (Sargent, 2004). The necessity of such a
reassessment does not come as a surprise, has it been progressing
for quite some time in chemical engineering itself (Denn, 1991).
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5.1. Where are we?
The core competence of PSE has been undoubtedly related to
modeling, simulation and optimization (MSO) methods and tools
and their application to the analysis and design as well as to
automation and control of single pieces of equipment as well as
of largely continuous complete processes. However, we still have
to admit serious limitations of the latest research results on PSE
technologies, when it comes to a routine industrial application of
model-based problem solving in the design lifecycle.
The further development and the application of PSE technologies are not anymore restricted to PSE experts. In particular, the
application of modeling and simulation methods and tools has not
only become an integral part of problem solving in all segments
of the process industries, but it is also considered to be one of the
indispensable tools to routinely assist and accelerate the research
process in all chemical engineering disciplines. Undoubtedly, there
is a marked difference in the level of professional competence in
MSO of both industrial practitioners and academic researchers on
the one and PSE experts on the other hand. However, it is often not
easy for the PSE experts to convince their colleagues on the value
their expertise can bring to the problem solving process. Rather,
than solving a given problem cheaper and faster, PSE experts have to
show their competencies in enabling radically different innovative
products and processes.
Furthermore, research on novel MSO methodologies and tools
is not restricted to the PSE community anymore. For example,
research on multi-scale modeling, molecular modeling, computational ﬂuid dynamics or logistics and supply chain modeling
is carried out by experts who would not consider themselves as
process systems engineers. Even worse, most of these researchers
would not even know about the core ideas of PSE and the relevance
to their research.
5.2. Facing the risk
For these reasons, the PSE community is at risk to loose attention and inﬂuence in its core area of activity and hence its impact
on research and industrial practice. A loss of reputation resulting
in a loss of attractiveness to students and young scientists, a loss of
interest in industry and last but not least a loss of sources of funding could become consequences if no appropriate action is taken.
Such a development seems to be inevitable to the authors, if the
PSE community will only focus on the migration of its knowledge
into non-traditional application domains which are not yet fully
exploited. The following measures are suggested to diminish this
risk.
5.3. Back to the roots
We need to refocus on the classic PSE topics, most notably modeling and numerical algorithms implemented in robust software
tools, integrated product and process design, and last but not least
manufacturing process management. The research should concentrate on the foundations of model-based methods. Since models are
at the core of any PSE technology, research on modeling methodologies should be of primary interest to our discipline. There are still
lots of problems which have been identiﬁed in recent years, but
where no good solutions are yet available. Examples include lifecycle and multi-scale modeling, product modeling, dealing with
complexity, uncertainty and risk, linking experiments to models,
sustainable process and supply chain synthesis, supply-chain conscious control and operations, work-process centered IT support
of design processes, etc. However, the quality and possible impact
of any further development of existing PSE methods or improve-
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ment of known methods have to be assessed and implemented
in prototypical software tools as part of the research process in
academia in order to be credible from an industrial perspective.
Unfortunately, this research objective is not well rewarded by the
current measures of academic performance, because the building
of prototypes requires a lot of resources and does not result in many
journal publications.
Systems thinking and the holistic treatment of problems is a
sustainable value in itself, well beyond the use of computers on
simulation-assisted problem solving employing off-the-shelf commercial tools. The extension of the system boundaries – towards
coarser scales to the supply chain and beyond and towards ﬁner
scales to the molecular level – is rewarding from the academics’ as
well as the practitioners’ point of view. Such extensions naturally
lead to task integration across the product and process lifecycles
with new problem formulations and solution methods to successfully address for example the integration of process and control
system design, of process and equipment design or product and
process design to name just a few examples.
A note of caution seems to be appropriate: the remaining
methodological problems are quite tough and need quite long-term
engagement, academics have to take up this challenge without aiming at short-term successes and industrialists have to be patient
and open-minded towards long-term research efforts oriented to
the fundamentals of PSE.
5.4. Reaching out
PSE has a strong culture in cross- and trans-disciplinary communication and collaboration. Method development requires PSE
to team up with experts in the fundamental scientiﬁc disciplines,
in particular with experts in mathematics and computer science
but also in physics, chemistry and biology, to adopt their latest
research results and tailor them to the peculiar requirements in
process systems problem solving. On the other hand, PSE experts
have to absorb and integrate MSO technologies developed in neighbouring ﬁelds (such as computational ﬂuid dynamics, molecular
simulation, high-resolution measurement techniques and the like)
in the systems tradition to provide the domain experts the tools to
address systems problems. PSE should also bridge the gap to established disciplines in engineering and science dealing with systems
problems and offer the sensible application of the powerful PSE
toolbox to solve the problems of those disciplines. Promising target
disciplines can be identiﬁed in energy, materials, production and
automotive engineering.
There are lot of emerging areas where systems thinking and
systems engineering methods and tools are most likely a key to
success. The PSE community has to identify such emerging systems
problems and exploit its set of skills to make mission critical contributions. Examples include (i) systems biology with applications
not only in medicine but also in white biotechnology, (ii) structured
and particulate products, (iii) functional (end) products such as ebooks, diagnostics, or electronic components and (iv) infrastructure
systems including energy, water and waste networks.
Obviously, PSE ﬁrst has to take the initiative, and next has to
raise conﬁdence of the collaborators in its skill set. Often a natural
reluctance has to be overcome, until a win–win situation can be
proven in a concrete collaborative project. This interaction should
also lead to an improved split of work between systems engineers
and domain experts to exploit the available expertise in a synergistic manner towards high quality solutions to complex problems
of a systems nature. Some of the scientiﬁc target areas have been
discussed in the last subsection. In all these cases, PSE should not
content itself to the role of a scientiﬁc service provider but should
consider itself a partner to the domain experts who has to offer
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a self-contained contribution which is a crucial stepping stone to
solve the scientiﬁc problem of the domain.
5.5. Interaction with industry
The main reason for the commonly addressed gap between
industrial practice and academic research seems to be the different
scope: while industry mainly focuses on sustainability and profitability, academia aims at scientiﬁc progress. It is a challenging
task not to let this gap grow but to beneﬁt from this complement.
A too large displacement between the industrial and academic perspectives may result in a loss of interest in industry in the research
and development activities in PSE and a loss of correspondence
to industrial reality in academia. In order to guarantee a sustainable success of PSE in industrial practice, we thus need consistent
co-operations between academia and industry.
An important aspect of this co-operation is benchmarking. Any
new method has to be benchmarked against state-of-the-art best
practice both from an economic and technical point of view. Benchmarking of new methods and prototyping of new tools should be
done in two stages. First, a few demanding literature problems
have to be chosen to demonstrate the advantages of the suggested
method compared to the best existing technologies. If this test is
successful, an industrial problem should be picked in close collaboration with an industrial partner to demonstrate the value of the
method in an industrial setting.
5.6. Towards a new paradigm
The future challenges in chemical engineering (Charpentier &
McKenna, 2004) are essentially systems problems. PSE can contribute to their solution if it reshapes its proﬁle and readjusts its
target of research.
In the ﬁrst place, we should not any longer afford to have
two terms for the same chemical engineering discipline and consequently give up to use either CAPE or PSE depending on the
preferences and the personal background of the user. The authors
are favouring PSE rather than CAPE and suggest not using the term
computer-aided process engineering and the acronym CAPE any
longer but completely replace them by process systems engineering and PSE. This choice is not a matter of personal taste. Rather, it is
motivated by the more expressive power of the term which clearly
emphasizes the systems approach and points explicitly and unambiguously beyond the mere use of computers to solve chemical
engineering problems.
The scope of process systems engineering has to be further
developed from a systems engineering discipline with a focus on
process systems problems on the granularity of a unit, a plant, a
site and beyond, grossly simplifying the meso- and micro-scale
phenomena, to multi-scale product and process systems engineering
(MPPSE), a chemical engineering discipline which bridges the scales
and addresses product design, reaction pathway synthesis as well
as equipment and process design in an integrated manner linking
users’ requirements to engineering solutions. Equipment and process design are not restricted to process engineering technology but
include all control and operational support systems and even care
for the interface to the operator to implement the desired functionality. Such a shift requires a recalibration of the interfaces of
PSE to the other sciences; in particular, the interfaces to the natural
sciences and to the core disciplines of chemical engineering – probably neglected in the past in favour to the interfaces to mathematics
and computer science – have to be re-emphasized.
Functionally integrated process units combining at least two
functional objectives in one piece of equipment (e.g. reactive
distillation) and intensiﬁed process units systematically exploit-

ing meso-scale phenomena (e.g. intensiﬁed energy supply by
microwaves or ultrasound) are naturally incorporated as subsystems in the complete plant in the spirit of systems engineering.
Hence, PSE and process intensiﬁcation (PI) under the roof of MPPSE
are faced with a very natural way to establish not only a friendly
symbiosis (Moulijn et al., 2008) but also a strong partnership with
an increasing impact on the chemical engineering profession. Obviously, this partnership has to be built on the speciﬁc strength of
the partners, i.e. systems engineering and computational methods
for PSE and experimental methods, product orientation and the
systematization of invention for radically new processes (like for
example TRIZ, cf. Altshuller, 1994 and related methods) for PI.
Furthermore, product design has to rely on the molecular sciences, in particular chemistry, physics and biology, to tailor product
properties via a profound understanding on the molecular level.
The PSE community should be aware of the fact that product design
is a ﬁeld which is actively pursued and “owned” by other disciplines, most notably by materials sciences with strong participation
of physics and chemistry. Again, PSE has to collaborate and convince
these disciplines that its problem-oriented approach combined
with systems thinking brings value to the research process. The
integration of product systems engineering with the process plant
scale comes again naturally because the processing conditions will
ultimately determine the product properties.
6. Summary and concluding remarks
We have sketched the past and present of PSE and have reﬂected
on the future of PSE. Our ﬁeld has signiﬁcantly contributed to the
chemical engineering profession in the last decades by providing
MSO technology to routinely address demanding and large-scale
process problems in academia and industrial practice. Systems
thinking and systems problem solving are considered to be an
indispensable ingredient in the academic education of chemical
engineers and in industrial practice. Consequently, the objective
of PSE is the penetration of other chemical engineering disciplines
with systems thinking.
The risk of loosing its identity can only be diminished by longterm research on the core expertise with a focus on model-based
systems engineering methods and tools to assist problem solving
in order to establish high quality solutions. A plethora of interesting and challenging problems will show up if this research on the
core MSO technologies is positioned in the broader perspective of
MPPSE. Nevertheless, PSE has to also reach out and contribute to the
solution of “non-traditional” systems problems in related engineering and science disciplines. PSE has the competence and the skills
to even drive the research process not in competition but in close
collaboration with the domain experts. PSE has to strengthen its
position in chemical engineering by cooperation within and outside
its community.
The PSE community has to further emphasize its efforts to further develop and integrate methodological advances into industrial
work processes by means of a combination of technology push
and market pull. Speciﬁc technology transfer agencies such as AixCAPE e.V. (AixCAPE, 2007) may act as an enabler of the interaction
between academia and industry.
Since PSE is a relatively small community in between the disciplines with many interfaces and with a lot of commons grounds
with systems engineering communities in other ﬁelds of science
and engineering, one may think of joining forces to form a larger
community spanning different engineering and scientiﬁc ﬁelds.
There is scope for such a concentration of forces, since model-based
and computational approaches to systems problem solving will rely
on the same principles, conceptual and algorithmic methods and
tools regardless of the type of engineering discipline.
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Process systems engineering has deﬁnitely a bright future with
sustainable impact on the chemical engineering sciences as well
as on the whole industrial manufacturing process, if we – the PSE
community – actively shape it by implementing the transformation
process described in this essay and by presenting ourselves as an
enabler for process and product innovation rather than a service
provider to our “customers” in research and industrial application.
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