
Lawrence Berkeley National Laboratory
Recent Work

Title
The IDAES process modeling framework and model library—Flexibility for process 
simulation and optimization

Permalink
https://escholarship.org/uc/item/602146tv

Journal
Journal of Advanced Manufacturing and Processing, 3(3)

ISSN
2637-403X

Authors
Lee, Andrew
Ghouse, Jaffer H
Eslick, John C
et al.

Publication Date
2021-07-01

DOI
10.1002/amp2.10095
 
Peer reviewed

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/602146tv
https://escholarship.org/uc/item/602146tv#author
https://escholarship.org
http://www.cdlib.org/


R E S E A R CH AR T I C L E

The IDAES process modeling framework and model
library—Flexibility for process simulation and optimization

Andrew Lee1,2 | Jaffer H. Ghouse1,2 | John C. Eslick1,2 | Carl D. Laird3 |

John D. Siirola3 | Miguel A. Zamarripa1,2 | Dan Gunter4 | John H. Shinn4 |

Alexander W. Dowling5 | Debangsu Bhattacharyya6 | Lorenz T. Biegler7 |

Anthony P. Burgard1 | David C. Miller1

1National Energy Technology Laboratory,
Pittsburgh, Pennsylvania, USA
2NETL Support Contractor, Pittsburgh,
Pennsylvania, USA
3Sandia National Laboratories,
Albuquerque, New Mexico, USA
4Lawrence Berkeley National Laboratory,
Berkeley, California, USA
5University of Notre Dame, Notre Dame,
Indiana, USA
6Department of Chemical and Biomedical
Engineering, West Virginia University,
Morgantown, West Virginia, USA
7Department of Chemical Engineering,
Carnegie Mellon University, Pittsburgh,
Pennsylvania, USA

Correspondence
Andrew Lee, National Energy Technology
Laboratory, 626 Cochrans Mill Road,
Pittsburgh, PA 15236, USA.
Email: andrew.lee@netl.doe.gov

Funding information
U.S. Department of Energy, Grant/Award
Numbers: DE-FE0025912, DE-
NA0003525, DEAC02-05CH11231

Abstract

Energy systems and manufacturing processes of the 21st century are becoming

increasingly dynamic and interconnected, which require new capabilities to

effectively model and optimize their design and operations. Such next genera-

tion computational tools must leverage state-of-the-art techniques in optimiza-

tion and be able to rapidly incorporate new advances. To address these

requirements, we have developed the Institute for the Design of Advanced

Energy Systems (IDAES) Integrated Platform, which builds on the strengths of

both process simulators (model libraries) and algebraic modeling languages

(advanced solvers). This paper specifically presents the IDAES Core Modeling

Framework (IDAES-CMF), along with a case study demonstrating the applica-

tion of the framework to solve process optimization problems. Capabilities pro-

vided by this framework include a flexible, modifiable, open-source platform

for optimization of process flowsheets utilizing state-of-the-art solvers and

solution techniques, fully open and extensible libraries of dynamic unit opera-

tions models and thermophysical property models, and integrated support for

superstructure-based conceptual design and optimization under uncertainty.

KEYWORD S

optimization, process modeling, Pyomo, simulation

1 | INTRODUCTION AND
MOTIVATION

Over the next decade, hundreds of billions of dollars will
be invested in next generation energy systems and

industrial processes that will be more efficient, dynami-
cally agile and interconnected. Shifts to more integrated
production facilities will need to balance feedstock vola-
tility, market pricing, and environmental impacts to sup-
port an increasingly circular economy. To address
emerging opportunities and challenges, energy systems
and industrial processes need to support greater innova-
tion, including process intensification, hybrid systems
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concepts, and plant modularization. These new systems
must have greater agility to dynamically respond to
changing economic conditions, which may vary on an
hourly or even sub-hourly basis. For example, electricity
prices can vary widely due to mismatches in supply and
demand, and industries that can shift production have a
substantial incentive to coordinate with energy markets.
Hybrid systems provide a broader opportunity to provide
electricity during periods of high demand and shift pro-
duction to other products when energy prices are low.

These needs further highlight the complex, dynamic
design and operational challenges in the 21st century,
which will require modeling and decision-making tools
to maximize efficiency and operability over very wide
ranges of operating conditions. Models will need to con-
sider multiple temporal and spatial scales that balance
short-term profitability with longer-term impacts of
equipment wear and degradation, and explore interac-
tions beyond the traditional boundaries of individual
plants, including local, regional, and global markets.

1.1 | Modeling and optimization needs

To meet the requirements for designing the next generation
of energy and industrial systems, process modeling and
optimization tools for decision-making need to extend
beyond traditional plant boundaries and consider interac-
tions with the broader supply chain,[1] including the elec-
tricity grid. Large-scale optimization strategies are essential
to design new processes incorporating multiple operating
scenarios and dynamic response to changing conditions,
which are defined through multi-scale linkages with
models of the broader energy and supply chain systems.

Anticipating the development of new technologies and
processes, the modeling framework must enable uncer-
tainty quantification (UQ) in order to ensure robust
designs and enable the reduction of technical risk through
targeted experiments. Such capabilities will ultimately
enable the technical performance guarantees essential for
commercial deployment. Finally, since many of the char-
acteristics of 21st century processes and energy systems
will extend beyond current experience, new process syn-
thesis strategies will be required to explore large design
spaces that include novel technologies and phenomena as
well as new configurations and operating paradigms.

2 | CURRENT PRACTICE AND
ENABLING TOOLS

Current practice in computer-aided process engineering
(CAPE) relies on a tool-chain that has been developed

over the last 50 years. Early efforts in process simulation
for CAPE began in the late 50s with the simple concept of
connecting purpose-built unit models to form a flowsheet
model. This led to the familiar sequential-modular
(SM) simulation strategy where information flow of the
unit calculations was sequenced based on the flowsheet
structure, and common “utility models” (e.g., physical
property calculations) could be called by the unit models.
Early flowsheeting packages were first developed in-house
at major chemical and petroleum companies followed by
platforms by commercial vendors (e.g., DESIGN II,[2]

HYSYS,[3] CHEMCAD,[4] PRO/II,[5] PROSIM[6]). The late
70s saw the development of the ASPEN simulator[7] which
included more flexible data handling, improved phase sep-
aration routines and unit operations for solids handling.
Nevertheless, the SM mode consists of procedural models
where the model equations and solution strategy were
strongly linked, leading to rigid calculation sequences.
This can lead to time-consuming solution strategies with
poor convergence behavior. These SM platforms have
been steadily upgraded over the last four decades to
accommodate advances in software engineering, such as
objected-oriented architectures and graphical user inter-
faces, and they still remain the dominant mode for process
simulation, design and analysis in engineering practice.
However, formal optimization methods and advanced
algorithms (i.e., for nonlinear programming (NLP) and
mixed integer nonlinear programming (MINLP)) are
rarely part of this workflow.

In parallel to the development of the modular mode,
research in the 60s and 70s led to the equation-oriented
(EO) simulation strategy, with academic packages such as
SPEEDUP,[8] ASCEND[9] and QUASILIN.[10] Here the
process model equations (describing the unit and utility
models) are constructed independently of the solution pro-
cedure. Because of this, EO-based solution strategies allow
for greater flexibility in design studies, and also in the crea-
tion and maintenance of specialized process models.

In contrast to modular simulators, EO methods are
especially well suited for the construction of specialized
process simulation models, especially with nonlinear
(and possibly stiff) Differential Algebraic
Equations (DAE).[11] These are needed because stiff DAE
solvers (e.g., BDF) must often be applied, and these
require Jacobian information from the DAE. The EO
mode has been the main paradigm for more recent com-
mercial simulators gPROMS[10,12,13] and Aspen Custom
Modeler,[7] which have strong capabilities for modeling
dynamic and distributed systems. Moreover, advanced
DAE modeling platforms, such as DAEPACK[14] and
ABACUSS[15] have been extended to deal with hybrid dis-
crete/continuous dynamic simulation[16] and event loca-
tion of state discontinuities. In addition, EO platforms
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are well-suited for gradient-based optimization because
of the ready availability of exact first and second deriva-
tives and they can integrate directly with advanced math-
ematical programming tools.

On the other hand, EO methods require more exper-
tise to solve large models, because a general-purpose
Newton-based solver is typically used and complex ini-
tializations[17,18] must be supplied. For instance, Aspen
Plus has been extended to deal with EO features in
Aspen-EO where initialization is handled through partial
solves within the SM mode. Nevertheless, due to the
required expertise for EO modeling these approaches are
not widely used for off-line modeling and design, where
the modular approach provides an easier construction
framework, especially for casual users. Instead EO
modeling is widely used for specialized DAE and PDAE
models, and purpose-built optimization models, for
example, for real-time optimization.

On the other hand, the past two decades have seen sig-
nificant progress in both computational power and large-
scale numerical optimization algorithms, which greatly
expand the types of problems which can be solved. Due to
synergistic advances in computational algorithms, hard-
ware and software, and automatic differentiation for EO
models, advanced solution and optimization strategies can
solve a wide range of challenging problems relevant to
advanced process systems engineering including: model
predictive control that involves dynamic nonlinear
optimization,[19] superstructure-based conceptual design
problems with integer variables,[20–22] and two-stage sto-
chastic optimization problems involving uncertainty.[23]

However, application of these strategies and tools has been
largely limited to a few platforms (such as gPROMS[12]

and Aspen Custom Modeler[7]), because many advanced
algorithms developed by the optimization community are
hard to integrate, and they perform less well with commer-
cial simulation tools, particularly those in the SM mode.

To allow the realization of the full potential of state-of-
the-art optimization algorithms, Algebraic Modeling Lan-
guages (AMLs) have been developed that can solve large-
scale linear and nonlinear mathematical optimization
problems with both continuous and discrete variables.
Examples include AMPL,[24] GAMS,[25] AIMMS,[26]

Pyomo,[27] and JuMP.[28,29] These modeling platforms
require users to construct their own mathematical models
for the systems they wish to study, and their open struc-
ture provides nearly limitless freedom in model construc-
tion and formulation, seamless calculation of exact first
and second derivatives, and the integration of dozens of
advanced optimization solvers. Nevertheless, for CAPE
problems, AML platforms lack the specialized infrastruc-
ture and model libraries typically available in process sim-
ulators, and they often require models to be built from the

ground up. This limitation becomes especially challenging
for thermodynamic and physical property models. Addi-
tionally, most AMLs lack the modular and hierarchical
structure generally expected by process engineers, which
limits the reuse of models. In addition, they require
advanced skills to build interconnected system models.
Finally, the performance and reliability of the resulting
model are heavily dependent on the engineer's expertise to
avoid coding errors and properly formulate the optimiza-
tion model. Taken together, these add a significant
amount of time to the modeling process and require spe-
cialized knowledge that precludes widespread application.

As a result of these developments, there is currently no
single platform which combines the infrastructure and
modeling libraries required to address complex energy
and chemical processes with integrated support for advanced
optimization-based decision-making, that is, for (i) optimal
steady-state and dynamic design and operations, including
superstructure based conceptual design, and (ii) data rec-
onciliation, parameter estimation, uncertainty quantifica-
tion and optimization under uncertainty. This deficiency
leads to greatly increased user effort and severely limits
the effectiveness of process modeling and optimization
workflows, as potential users must have access to and
knowledge of multiple tools to handle each task.

2.1 | The IDAES integrated platform

The open-source Institute for the Design of Advanced
Energy Systems (IDAES) Integrated Platform was devel-
oped to address these challenges and overcome the limi-
tations of current process tools and enable next-
generation process systems engineering applications.[30]

This platform supports the full process modeling lifecycle
from conceptual design to dynamic optimization and
control within a single modeling environment. At the
center of this platform is the Core Modeling Framework
(IDAES-CMF) which leverages the open-source, extensi-
ble algebraic modeling environment, Pyomo.[27] Pyomo is
written in the Python programming language, and it
allows modelers to formulate, initialize, solve, and
manipulate large-scale optimization problems with con-
cise notation all within the Python ecosystem. Pyomo
provides interfaces to dozens of optimization solvers,
both open-source and commercial, and it supports exe-
cuting solvers both locally and in distributed environ-
ments. Most importantly, Pyomo has the advanced
modeling capabilities needed. Pyomo provides extensions
for block-oriented modeling and Generalized Disjunctive
Programming, explicit representation of network models,
stochastic programming, and dynamic systems con-
taining (partial) differential-algebraic equations. This
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enables modeling flexibility and the consideration of con-
straints and objective functions in non-standard forms
not easily handled by other modeling frameworks. New,
custom algorithms and solution processes can be com-
bined with these extensions to enable complex analyses.
A diagram of the major elements of the IDAES Integrated
Platform is shown in Figure 1.

This paper describes the IDAES-CMF and model librar-
ies, demonstrating its capabilities for solving complex
chemical engineering flowsheets through a case study. The
IDAES-CMF reduces the overhead associated with build-
ing and customizing models by automating much of the
workflow and providing several libraries of open, modifi-
able and flexible sub-models. Section 2 describes the
IDAES-CMF along with its EO modeling structure, process
model libraries and strategies for process flowsheet con-
struction and initialization. Section 3 presents a case study
on the modeling and optimization of the hydrodealkylation
process, in order to describe the workflow and demonstrate
the capabilities of the IDAES-CMF. Finally, Section 4 con-
cludes the paper and summarizes the characteristics of the
IDAES Integrated Platform and IDAES-CMF.

3 | THE IDAES CORE MODELING
FRAMEWORK

As discussed above, two of the most significant limita-
tions to the wide-spread adoption of EO approaches have
been the significant amount of effort required in formu-
lating models due to a lack of general-purpose model
libraries, and the challenges initializing the overall
model. With commercial process simulation tools includ-
ing pre-built libraries of reliable models for most com-
mon unit operations, these tools have easily become the
go-to solution for process modelers, with EO approaches
limited to niche applications that process simulators can-
not solve efficiently. The IDAES-CMF seeks to make EO
approaches more accessible by addressing these concerns

through providing a library of modular EO modeling ele-
ments which can be used to rapidly assemble complex
process flowsheets.

The IDAES-CMF contains a library of models for
common process unit operations and thermophysical
properties which can be used to rapidly create process
flowsheets. These models are internally consistent and
interoperable and support different levels of complexity
and accuracy for both steady-state and dynamic analysis,
along with pre-built, generally applicable initialization
routines. Additionally, the IDAES-CMF includes a library
of customizable building blocks for constructing models
of novel unit operations. These building blocks can be
further combined with existing models to support multi-
scale modeling. All of these building blocks also contain
modular initialization routines that can be combined
hierarchically to build reliable initialization schemes.

An important aspect of the entire IDAES-CMF is that
every model and equation is completely open and exten-
sible. Not only can a modeler see exactly what variables
and constraints make up the model, but they also have
complete freedom to modify these models by adding and
removing variables and constraints, or even modifying
those constraints which already exist within the model.
This level of flexibility allows modelers to fully customize
the model library to their needs, giving them full control
of the rigor, complexity and tractability of the final
model. This in turn allows the IDAES-CMF model librar-
ies to be applied to a wide range of different problems,
from conceptual design where complexity often needs to
take second place to tractability, to dynamic control stud-
ies where complex non-linear performance curves must
be considered.

3.1 | IDAES model libraries

The IDAES-Core model library includes common unit
operations and thermophysical property models that

FIGURE 1 IDAES integrated platform
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were formulated for optimization of both steady-state
and dynamic processes. Table 1 shows the unit operation
and property models currently available in the core
model libraries.

These model libraries are constructed using the mod-
ular building blocks in the core modeling libraries (dis-
cussed below) in the same way user-defined models
would be. These models are fully open and modifiable
and are intended to provide a set of equations required to
describe a generic version of a given unit operations.
Modelers are fully encouraged to build upon these
models by adding additional levels of detail such as effi-
ciency and performance correlations to suit the needs of
their application. Each model also incorporates a dedi-
cated initialization routine.

3.2 | IDAES building blocks

One of the greatest strengths of EO modeling tools is the
ability for users to create custom models for novel appli-
cations; however, the effort required to first build a trac-
table model and then find a feasible initial solution has
generally limited the application of custom models to
academic and dedicated research applications. To address
this limitation, the IDAES-CMF provides a suite of mod-
ular building blocks that utilize the hierarchical structure
shown in Figure 2.

A process is considered to be a network of material
“states,” representing both the extensive and intensive
properties of a material within the process at a given
point in space and time. A unit model (i.e., model of a
specific piece of equipment) consists of two or more
material states that are linked together by sets of mate-
rial, energy and momentum balances which describe
how the material transitions from one state to another,
including phenomena such as bulk flow, chemical reac-
tions, phase equilibria, and heat and mass transfer. The
unit model also contains performance equations which
describe the behavior of these interaction phenomena,
plus a number of Ports representing material flows into
and out of the equipment. Finally, a flowsheet model
describes an entire process (or sub-process) consisting of
multiple unit models connected using Arcs, which are
Pyomo components that link pairs of Ports using a set of
equality constraints.

For each part of the modeling hierarchy, new types of
modeling components have been developed to automate
many of the common tasks associated with creating pro-
cess models and to provide tools to perform common
activities. These components are based on Pyomo Blocks
and each will be described briefly in the following sec-
tions. Further details and examples may be found in the

Supplemental Material and in the IDAES documentation
(https://idaes-pse.readthedocs.io/en/stable/). Due to the
hierarchical nature of the modeling framework, higher

TABLE 1 Unit models available in the core libraries

Unit model

Distillation
column and
trays

Tray columns with phase equilibria on
each tray. Including optional condenser
and reboiler, arbitrary feeds and side
draws.

Feed Unit model for representing material
feeds. Optional flash phase equilibrium
of defined feed.

Flash drum Flash distillation, supports multiple forms
(PT, PH, etc.).

Heat exchanger 0-D and 1-D forms available, multiple
options for calculation of temperature
driving force.

Heater Single 0-D material flow with heating or
cooling, half of a heat exchanger.

Mixer Arbitrary number of inlets, equal pressure
and pressure minimization forms.

Pressure changer Supports both compression and
expansion. Includes options for
isothermal, isentropic and liquid pumps
with user-defined efficiency.

Product Unit model for representing product
streams.

Separator/splitter Arbitrary number of outlets, allows for
separation by component and/or phase.

Reactor unit models

CSTR (well mixed
vessel)

Extent of reaction equal to reaction rate
multiplied by reactor volume.

Equilibrium
reactor

Equilibrium assumption based on
equilibrium coefficients.

Gibbs reactor Equilibrium assumption based on
minimizing Gibbs energy.

Plug flow reactor 1-D fluid flow with rate-based reactions.

Stoichiometric/
yield reactor

Reactor with user-defined extents of
reaction.

Thermophysical property models

Ideal gases and
liquids

Ideal gas equation, ideal mixing rules for
properties.

Cubic equations
of state

Generic form with implementation of PR
and SRK.

Activity
coefficient
methods

Supports NRTL and Wilson activity
coefficient methods

Helmholtz
equations of
state

Pure component properties for water and
CO2
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level components depend on concepts introduced in
lower level components; thus, these modeling compo-
nents will be described from the bottom up.

3.3 | State and physical parameter blocks

The core of any process model is the set of calculations
for determining the thermophysical properties of the
material within the system. Accurate and efficient calcu-
lation of these properties is critical to being able to
develop and solve a model for any process, and the for-
mulation of these calculations has a significant impact on
the overall tractability of the problem.

A large number of software packages exist which
offer calculations of a wide range of thermophysical
properties with access to large databanks or parameters
regressed from experimental data. However, most of
these packages are procedural in nature and operate as
black-box models, which limits their integration within
an EO environment. While Pyomo provides an interface
for including such external function calls within models,
this interface requires the black-box model to provide
full first and second partial derivative information
which is often not available, and not all solvers support
the use of external functions. Future work will look at
expanding the capabilities of the external function inter-
face and interfacing with existing thermophysical prop-
erty packages.

To provide calculation of thermophysical property
within the IDAES-CMF, the state variables and con-
straints required to calculate the necessary thermophysical
properties are implemented directly within the overall
model through two modeling components: State Blocks
and Physical Parameter Blocks.

State Blocks are the most commonly used component
in the framework and are used where thermophysical
property calculations are required. Each State Block is a
self-contained sub-model representing the state of a

given material at a point in space and time containing a
set of variables describing the material state, plus addi-
tional variables, expressions, and constraints describing
each property of interest at that point. As such, these
represent the “states” shown in Figure 2. The
thermophysical property calculations within these State
Blocks depend on a set of parameters or physical con-
stants which are constant for a given material. Duplicat-
ing these constants in each State Block would be
inefficient and make it difficult to include these in a
parameter estimation study. Thus, all constants for a
given material are collected in a Physical Parameter
Block which acts as a central repository of information
for that material.

Given the highly non-linear nature of typical correla-
tions for thermophysical properties, it can often be bene-
ficial for convergence to represent the material state in
different forms. For example, sometimes total flows and
mole fractions will prove to be more reliable, while in
other applications component flowrates may prove to be
a better choice. The IDAES-CMF provides the flexibility
to choose between any set of state variables, rather than
enforcing a standard form, allowing for the most tracta-
ble set of state variables to be chosen for a given set of
thermophysical property correlations. Each set
of thermophysical property calculations is contained
within a separate State Block, enabling the use of differ-
ent sets of state variables in different parts of the flo-
wsheet. Additionally, rather than requiring all possible
thermophysical properties to be defined within a model,
the IDAES-CMF requires only those properties used
within a particular flowsheet to be defined. This greatly
simplifies the construction of new thermophysical prop-
erty models by reducing the number of properties that
need to be defined before the model can be used in a
flowsheet.

Examples of a Physical Parameter Block and a State
Block definition can be found in the Supplementary
Material.

FIGURE 2 IDAES

modeling hierarchy
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3.4 | Reaction and reaction parameter
blocks

Many processes also involve chemical reactions; however,
these tend to be isolated to specific unit operations within
the process, unlike thermophysical properties which are
required in all unit operations. Thus, chemical reactions are
treated separately from thermophysical properties, which
allows reactions to be defined only for those unit operations
where they are important and to allow different sets of reac-
tions in different unit operations. In the same way that ther-
modynamic property calculations are modeled using State
Blocks and Physical Parameter Block components, chemical
reactions are modeled using Reaction Block and Reaction
Parameter Block components. For the purposes of the

modeling framework, two types of chemical reactions are
considered; equilibrium reactions which depend solely on
the material state, and rate- (kinetic) or yield-based reactions
which also depend on the unit operation (e.g. reactor vol-
ume or a fixed conversion).

3.5 | Homogenous control volumes

While every process unit operation is different, they all
share several common components, that is, material states
which are linked together by a system of material, energy
and momentum balances. The IDAES-CMF automates the
creation of these common components, ultimately speeding
up the model development process compared to process

modeling in other AMLs while also eliminating one of the
most common sources of modeling errors.

To do this, the IDAES-CMF uses control volumes which
represent distinct volumes of material over which designated
state transformations will occur. In the simplest form, a con-
trol volume has two material states representing the state of

material entering and leaving the control volume, which are
linked by a set of material, energy and momentum balances.
To accelerate the development of new unit models, the
IDEAS-CMF contains Control Volume components which
contain a library of methods to automate common activities,
such as the creation of State Blocks and writing material,
energy and momentum equations.

Homogeneous Control Volumes support several differ-
ent forms for the material (Equations (1)–(3)), energy
(Equation (4)) and momentum balances (Equation (5)),
since one form may be more tractable than others for a
given application. More forms will be added in the
future.

Here V is the volume of the control volume, ϕp is
the volume fraction of phase p, I is the set of components,

P is the set of thermodynamic phases of interest, E is the
set of elements, R is the set of all reactions of interest
(including rate-based, chemical equilibrium and phase
equilibrium reactions), Cp,i is the concentration of compo-
nent i in phase p within the control volume, Fp,i,in and Fp,i,
out are the flow of component i in phase p into and out of
the control volume, νe,i is the moles of element e per mole
of component i, αp,i,r is the stoichiometric coefficient for
component i in phase p in reaction r,Xr is the extent of
reaction r and M is a generic term for other mass transfer
phenomena crossing the control volume boundary. The
component and phase-component forms support both
mass and mole bases, with appropriate conversions where
required (only molar basis is supported for element
balances).

Here Êp is the volume-specific internal energy of the
material in phase p (i.e., the internal energy density), Hin

and Hout are the enthalpy flow into and out of the control
volume respectively, Q and W are heat and work transfer
terms respectively, ΔHMT is the energy change due to mass
transfer, and ΔHrxn,r is the molar heat of reaction for

Basis Form

Total Enthalpy
PP
p

∂ VÊpð Þ
∂t ¼PP

p
Hp,in�

PP
p
Hp,outþQþW þΔHMT þPR

r
XrΔHrxn,r

� �
Eqn 4

Basis Form

Component PP
p

∂ VCp,ið Þ
∂t ¼PP

p
Fp,i,in�

PP
p
Fp,i,outþ

PP
p

PR
r
αp,i,rXrþMi 8i ∈ I

Eqn 1

Phase-Component ∂ ϕpVCp,ið Þ
∂t ¼Fp,i,in�Fp,i,outþ

PR
r
αp,i,rXr þMp:i 8 p, ið Þ ∈ I�P Eqn 2

Element (mole basis only) XI�P

p, ið Þ

∂ Vνe,iCp,i
� �

∂t
¼
XI�P

p, ið Þ
νe,iFp,i,in�

XI�P

p, ið Þ
νe,iFp,i,outþMe 8e ∈ E

Eqn 3
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reaction r. The ΔHrxn,r term is included as an optional term
to allow for short-cut approaches where heats of reaction
are included explicitly in the energy balance equation rather
than through heats of formation included in the enthalpy
flow terms. Note that this is an either-or decision, and that
defining enthalpy without the inclusion of heats of forma-
tion precludes the calculation of quantities such as Gibbs
energy and thus the use of the Gibbs reactor model.

Basis Form

Total Pressure 0 = Pin� Pout+ΔP Eqn 5

Here Pin and Pout are the pressure at the inlet and out-
let of the control volume, and ΔP is the pressure change
between inlet and outlet.

These balance equations are all written in a general
form and include terms for the common interactions that
may occur; however, most applications will not require all
of these terms. For example, a heating unit operation gen-
erally does not involve work transfer, thus this term is not
required. Rather than including all terms within the

balance equations and requiring values to be assigned to
all of these, the IDAES-CMF allows for only those terms
which are required in a given unit model to be identified
and included in the constraints. Table 2 provides a list of
all the optional terms for the different balance types; mod-
elers are free to choose which terms from this list should
be included in the balance equations of their models.

By providing a range of options with a simple interface,
Control Volumes make it easy to study alternative formula-
tions and find the most tractable form. Rather than having
to edit or replace several complex constraints in the model,
the form of the balance equations can be quickly changed
by modifying one line of code, greatly reducing the time
required to study different formulations and reducing the
possibility of introducing errors. Additionally, optional terms
can be readily added or removed to the balance equations
allowing changes to add or remove complexity. This also
supports the seamless transition between dynamic and
steady-state models, as the time-dependent terms can be
easily added or removed as required.

An example of the application of a homogeneous con-
trol volume to facilitate the construction of a model for a
reactor can be found in the Supplementary Material.

3.6 | One-dimensional control volumes

While the simple inlet–outlet form described above is suffi-
cient for many process applications, more complex unit
operations may require consideration of spatial variances
within the control volume. The IDAES-CMF provides sup-
port for control volumes with spatial variation in one
dimension, and Equations (6) through (10) show the differ-
ent forms available—note that due to spatial variations all
transfer terms are defined in terms of transfer per unit
length. Though standard control volumes do not yet exist
for higher-dimensional systems, the IDAES-CMF has the
necessary features to support any number of dimensions.

TABLE 2 List of optional terms in balance equations

Material balances Energy balances

Accumulation Accumulation

Phase equilibriuma Heat transfer

Rate-based chemical reactionsa Work transfer

Equilibrium-based chemical
reactionsa

Heat of reaction

Mass transfer Energy change due to mass
transfer

Momentum balances

Pressure change

aNot applicable to elemental balances.

Basis Form

Material Balances

Component L
PP
p

∂ ACp,i,xð Þ
∂t ¼ γ

PP
p

∂Fp,i,x

∂x þL
PP
p

PR
r
αp,i,rXr,xþLMi,x 8i ∈ I

Eqn 6

Phase-Component L
∂ ϕpACp,i,x

� �
∂t

¼ γ
∂Fp,i,x

∂x
þL

XR
r

αp,i,rXr,xþLMp,i,x 8 p, ið Þ ∈ I�P
Eqn 7

Element (mole basis only) L
PI�P

p, ið Þ

∂ Aνe,iCp,i,xð Þ
∂t ¼ γνe,i

PI�P

p, ið Þ
∂Fp,i,x

∂x þLMe,x 8e ∈ E Eqn 8

Energy Balances

Total Enthalpy L
PP
p

∂ AÊp,xð Þ
∂t ¼ γ

PP
p

∂Hp,x

∂x þLQx þLWx þL
PR
r
Xr,xΔHrxn,r

� �
Eqn 9

Momentum Balances

Total Pressure
0¼ γ

∂Px

∂x
þΔPx

Eqn 10
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Here x is the normalized spatial domain, γ is a
flow-direction term equal to �1 for flow from x = 0 to
x = 1, L is the length of the spatial domain and A is the
cross-sectional area of the control volume. For systems
with pressure driven flow, additional constraints
describing the ΔPx term in Equation (10) as a function
of velocity may be added, which can be calculated
from the total material flowrate and density. Boundary
conditions are specified by defining the state variables
at the inlet to the control volume. The DAE toolbox in
Pyomo[31] allows these equations to be written in their
natural PDAE form and to be automatically discretized
using several in-built schemes, which provides the
ability to easily test different discretization schemes in
order to determine the one most suitable for a given
application without the need for modifying the
model code.

One-dimensional Control Volumes support the same
set of optional terms as homogeneous control volumes,
allowing for simple addition and removal of terms as
required. There are plans to include support for diffusion
terms in future versions of the IDAES-CMF. For systems
requiring models with more than one spatial dimension,
the modeling framework supports higher-order deriva-
tives however these would need to be custom coded. The
IDAES-CMF also supports direct inclusion of surrogate
or reduced-order models within the IDAES Integrated
Platform.

3.7 | Unit model blocks

The components mentioned above provide the neces-
sary building blocks for constructing unit operations
models, which are described using Unit Model blocks.
Each Unit Model block generally contains one or more
Control Volumes describing the flow of material
through the unit (however these can be written with-
out control volumes), a set of performance constraints
describing any undefined terms within the control vol-
ume balance equations (e.g. mass, heat and work
transfer terms), and Ports describing the inlets and out-
lets from the unit.

Most of the complexity in a unit operation lies in
defining the material, energy and momentum bal-
ances which are handled by the control volume(s).
The unit model only needs to determine which forms
to use for the balance equations and which terms
should be included before calling the appropriate
methods from the control volume, thus reducing the
effort of writing these equations to three lines of code.
Unit models may in turn include support for different
forms through optional inputs during construction.

As the Unit Model is “aware” of which terms will be
included in the balance equations, it also needs to
construct any performance constraints necessary to
define these as appropriate (or leaving these as
degrees of freedom to be defined when specifying
design conditions).

Finally, unit models define the Ports which provide
the connectivity between models within a flowsheet. The
only information that needs to be passed between Unit
Models is the state of the material at the inlet or outlet,
which is fully described by the state variables in the asso-
ciated State Block. Due to this, Unit Models can automate
the construction of Ports, removing the need for them to
be manually defined.

An example of defining a custom model for a reactor
unit operation can be found in the Supplementary
Material.

3.8 | Flowsheet blocks

The final component type provided by the IDAES-
CMF is the Flowsheet Block, which serve as the canvas
for constructing a process. Beginning with a Flowsheet
Block, other types of IDAES modeling components are
added to represent unit operations and thermophysical
property calculations. The IDAES-CMF allows for Flo-
wsheet Blocks to contain multiple Physical Property
Blocks which can be used to represent streams of dif-
ferent materials, or to allow different methods of cal-
culating properties for the same stream in different
parts of the flowsheet. This feature can be used to help
balance the need for accuracy versus tractability by
limiting detailed but hard to solve property calcula-
tions to only those units where the accuracy has a sig-
nificant impact on the model results.

Flowsheet Blocks also serve to organize and main-
tain representations of global phenomena, the most
significant of which is the time domain for the process.
To allow seamless transition between steady-state and
dynamic modeling, all models in the IDAES-CMF con-
tain a time domain which is used to index any property
or variable which may vary with time. This is true even
for steady-state cases where temporal variations are
not of interest and the time domain consists of a single
point. This is done to avoid structural differences
(i.e. different indexing of variables and constraints)
between dynamic and steady-state models so that the
same general model can be applied to either applica-
tion, allowing a seamless transition between steady-
state and dynamic simulations.

An example of creating a flowsheet for a process will
be demonstrated in the following case study.
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3.9 | Initialization

When dealing with large-scale nonlinear systems, provid-
ing a good set of initial values for the variables in the
model is often as important as constructing the model
and choosing the right formulation. Any tool with a mod-
ular framework for assembling models of complex pro-
cesses must also provide methods for these sub-models to
reliably take them from an uninitialized state to one
which can be solved for the conditions of interest. Com-
mercial vendors have dedicated significant resources to
this problem, and each has developed their own methods
for doing this, which are generally proprietary.

While the IDAES-CMF is built around an EO para-
digm, where the entire flowsheet is solved simulta-
neously, each unit operation is a self-contained model
that can be solved in isolation from the flowsheet. This
in-built hierarchical nature is a significant advantage
over other AMLs, which generally view the model as a
single set of constraints, because it allows easy identifica-
tion of sub-models that can be solved in isolation in order
to initialize the model. The IDAES-CMF takes a set of
initial guesses for the state variables as inputs to auto-
mate initialization based on equation tearing and par-
titioning strategies for structured sub-models. All IDAES-
CMF components (such as State Blocks, Control Volumes
and Unit Models) are constructed with such “initialize”
methods, which screen for inconsistent initial conditions
and develop conditions that are well-posed for the system
model. These “initialize” methods may call the “initial-
ize” methods of other sub-models, providing a sequenced,
hierarchical approach to develop a set of initial
conditions.

To assist with development of initialization routines,
Pyomo and IDAES have a number of supporting tools for
initializing models, such as automated sequential decom-
position routines, methods for easily copying state infor-
mation between State Blocks, and integrators for dynamic
problems.

4 | CASE STUDY—HDA PROCESS

To demonstrate the application of the IDAES-CMF, a
case study is presented which shows how the tools can be
used to build a flowsheet, which is then solved as a simu-
lation. This is followed by an example of deterministic
optimization to minimize total annualized cost. Finally,
stochastic optimization under uncertainty is demon-
strated on the same problem. A simplified flowsheet for
the hydrodealkylation (HDA) of toluene to form benzene
will be used for this case study based on the 1967 AIChE
Student Contest problem as presented by Douglas,[32]

which is available as an example in the IDAES software
release.1

Hydrodealkylation is a chemical reaction that
involves reacting an aromatic hydrocarbon in the pres-
ence of hydrogen gas to form a simpler aromatic hydro-
carbon devoid of functional groups. In this example,
toluene is reacted with hydrogen gas at high tempera-
tures to form benzene via the following reaction:

C6H5CH3þH2⇌C6H6þCH4 ð11Þ

This reaction is often accompanied by an equilibrium
side reaction which forms diphenyl, which is neglected
for this example.

Figure 3 shows the process flow diagram for this case
study, where 99.5 kg/hr (0.3 mol/s) of pure toluene is
mixed with an equimolar flow of hydrogen with a ~ 6.7%
methane impurity at 350 kPa and 303.15 K along with a
recycle stream from the reactor (M101). The mixed
stream is then fed to a pre-heater (H101) where it is
heated to 600 K before passing to the reactor (R101). The
reactor products are then fed to a flash unit (F101) where
the stream is cooled to 325 K to separate the light gases
(hydrogen and methane) from the benzene and toluene.
The vapor stream is then sent to a separator (S101) where
20% of the light gases, along with any uncondensed ben-
zene and toluene, are purged to remove CH4 from the
system, and the remainder recycled to the feed mixer via
compressor P101. The liquid product stream from the
flash separator is sent to a pre-heater unit (H102) before
entering a distillation column (C101) to separate the ben-
zene product from the remaining toluene.

4.1 | Step 1: Create the flowsheet

The first step in setting up the problem is to import
Pyomo and the Flowsheet Block object, and to create a flo-
wsheet as shown in Figure 4. To provide a basis for the
problem and provide access to Pyomo's libraries and
tools, a Pyomo model must first be created (line 8), to
which the Flowsheet Block is attached (line 11).

4.2 | Step 2: Define the thermophysical
and reaction properties

The next step is to add the required thermophysical and
reaction property packages. For this case study,
thermophysical properties for benzene, toluene, hydro-
gen and methane are required, along with a calculation
of the rate of the hydrodealkylation reaction. Calcula-
tions for specific enthalpy (required for energy balances)

10 of 30 LEE ET AL.



and phase equilibrium are used in all of the unit opera-
tions. For the purposes of this case study, the following
assumptions were made:

• Ideal gas behavior
• Reference state is 101 325 Pa and 298.15 K
• Phase equilibrium of all components follows

Raoult's Law

• Smooth vapor–liquid equilibrium formulation[33]

• Gas phase molar enthalpies, heats of vaporization, and
saturation pressures are from Reid et al.[34]

• Saturation pressures calculated using Antoine equation
with parameters regressed from data in Reid et al.[34]

• Liquid phase molar densities and enthalpies as
reported by Perry et al.,[35] 7th Edition, pages 2–94 and
2–170

FIGURE 3 HDA process flow diagram

FIGURE 4 Creating a flowsheet and adding property packages
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Since benzene and toluene are separated by distilla-
tion, the HDA process inherently involves phase equilib-
rium and two-phase flow conditions. However, this is
complicated by the presence of hydrogen and methane in
much of the process, which under the conditions of inter-
est are essentially non-condensable; that is, a vapor phase
will be present under all conditions of interest and the
bubble point of the mixture is extremely low. To simplify
the phase-equilibrium calculations for this problem,
hydrogen and methane will be considered completely
non-condensable and insoluble in the liquid phase. Thus,
no phase equilibrium constraint will be written for these
species and their liquid phase compositions and flow
rates will be set to a very small positive number (to avoid
potential numerical issues with zero flows). EO solvers
have numerous ways to handle small values and poorly
conditioned systems, such as through scaling and regu-
larization, which allow them to deal with these situa-
tions, whereas zero flows may cause singularities which
result in failures when evaluating the model constraints.

Due to these assumptions the liquid stream leaving
the flash separator (S101), and the distillation column
and its pre-heater, will be completely free of hydrogen
and methane. Since no hydrogen and methane will be
present in these unit operations, a different component
list can be used to simplify property calculations. The
IDAES-CMF supports this by allowing the definition of
multiple property packages within a single flowsheet and
the use of “Translator” blocks to convert between differ-
ent property calculations, component lists, and equations
of state to provide full control over the formulation and
rigor of different parts of the flowsheet.

To demonstrate this, two separate property packages
will be used in the flowsheet; one for the reactor loop
which contains all four species, and a second simpler set
of calculations for only benzene and toluene following
the flash separator. Additionally, the four-component
property package uses molar flow indexed by phase and
components (e.g., the molar flow of hydrogen in the
vapor phase), temperature and pressure, while the two-
component property package uses total flow and overall
mole fractions in order to demonstrate the ability to
change state variables as well.

For the reaction kinetics, a simplified rate expression
based on that proposed by Douglas[32] will be used as
shown in Equation (12), where r is the rate of reaction
expressed in units of mol/m3�s, A = 6.3� 1010

mol/m3�s�Pa is the Arrhenius pre-exponential factor,
EA = 217.6 kJ/mol�K is the activation energy for the reac-
tion and pT is the partial pressure of toluene.

r¼Ae�EA=RTpT ð12Þ

Additionally, the reaction package needs to define the
stoichiometry of the HDA reaction and the associated
heat of reaction (as heat of formations are not included
in the calculation of specific enthalpy for this example).

Due to space constraints, the full code of the property
packages will not be shown here. A simple example of a
physical property package (a physical parameter block
and state block) is shown in the Supplementary Material,
and full examples of the property packages can be found
in the IDAES public release.1 The full set of
thermophysical property constraints, including those for
phase equilibrium, are implemented directly within the
problem structure (rather than as black-box external
function calls). Thus, the numerical solver is provided
with exact first and second partial derivatives for all the
property calculations. This allows for much greater solu-
tion efficiency without requiring multiple solver calls to
approximate the gradient using finite difference-based
approaches.

Line 20 in Figure 4 shows how the four-component
property package is added to the flowsheet (named
bthm_params), followed by the two-component property
package (bt_params) on Lines 21 and 22. Finally, the
reaction package is added to the flowsheet on Lines
23 and 24, including linking it with the four-component
property package used in the reactor unit.

4.3 | Step 3: Define the unit operations

Import Unit Operations from the IDAES Model
Library: For this case study, the IDAES model libraries
contain all the necessary unit operations which must be
imported as shown in Figure 5—an example of creating a
custom unit model can be found in the Supplementary
Material. As the IDAES unit model library provides a set
of generic unit operation models that cover a wide range
of needs, most unit models support a number of options,
such as the number and names of inlets, or whether to
include a pressure drop across a unit. For some options,
there is a set of predefined choices which are
implemented as enumerated objects, which must also be
imported. Examples of these can be seen on lines 33 to 36
of Figure 5.

Defining the Feed Objects: The first stage in any
flowsheet is to define the feed streams entering the pro-
cess using IDAES Feed blocks. This process has two feed
streams, one for hydrogen and one for toluene, and lines
39 to 43 of Figure 5 show how these are defined in the
flowsheet. Each unit model in the flowsheet must be
linked to one or more property packages which will
be used in the unit operation. This is done by providing a
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pointer to the instance of the Physical Parameter Block
previously attached to the flowsheet as shown in lines
40 and 43.

Defining the Feed Mixer (M101): The first unit
operation in the HDA process is the feed mixer (M101)
which combines the two feed streams plus the recycle
stream, which can be modeled using the default Mixer
unit model from the IDAES model library. In this case,
two options are required which are shown in Figure 5,
lines 46 to 49; in addition to the pointer to the appropri-
ate property package, the inlets required for the mixer
need to be defined, which is done using the “inlet_list”
option (lines 48 and 49).

Defining the Feed Pre-Heater (H101): The next
unit operation in the process is the reactor pre-heater.

For this example, pressure drop across the unit will be
neglected (and thus excluded from the momentum bal-
ance calculations). However, the mixture may form two
phases under some circumstances, thus phase equilib-
rium must be considered in the heater. Lines 52 to 55 in
Figure 5 show the code for adding the pre-heater to the
flowsheet with the required options.

Defining the Reactor (R101): In this demonstra-
tion, the reactor will be modeled as a CSTR (lines 58 to
63 in Figure 5). In addition to a thermodynamic prop-
erty package, reactors require a reaction property pack-
age to specify properties related to reactions such as
stoichiometry and heats of reaction (line 60). Whether
heat of reaction needs to be explicitly included in the
energy balances needs to be specified (line 61, it can also

FIGURE 5 Adding feed blocks, mixer, heater, and reactor
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be implicitly included via the component specific
enthalpies defined in the thermodynamic property pack-
age by including heats of formation), as well as whether
the reactor should incorporate a heat duty term
(line 62).

Defining the Flash Drum (F101), Purge Splitter
(S101), and Recycle Compressor (P101): Figure 6
shows how to add the next set of unit operations for
light gas separation and to set up the recycle loop in
the flowsheet. In the case of the recycle compressor
(P101), it is necessary to define whether the unit is a
compressor or expander (“compressor” option, line 79)
(which determines how efficiency should be included
in determining the mechanical work for the unit), and
what thermodynamic assumption should be used
when calculating work (lines 80 and 81). For this case
study, the compressor work is not important (the com-
pressor work will not be considered in the objective
function) and a trivial isothermal pressure change will
be used to minimize the complexity of the resulting
equations (as a result, efficiency is not considered
either).

Adding the Translator Block: As discussed in Step
2, a Translator block is required after the flash separator
to switch from the four-component property package to
the two-component property package, and lines 83 to
85 in Figure 7 show how to add a Translator block to the
flowsheet. In this case, it is necessary to link two property
packages to the Translator block—the source
property package and the package that it is to be trans-
lated to. Additionally, the Translator block needs to know
how to translate between the two property packages; due
to the generality of the IDAES-CMF this must be custom

coded for each application. In this case, five constraints
are required based on the state variables used in the out-
going property package:

1. Total molar flowrate (lines 89 to 94): in this case, it is
assumed that only liquid benzene and toluene will
actually be present in the stream, thus the total com-
ponent flowrate is the sum of the liquid phase
flowrates of benzene and toluene in the incoming
stream.

2. Temperature equality (lines 97 to 99): while an
energy balance might seem like a better choice
here, enthalpy (or internal energy) is a relative
quantity and is dependent on the reference state
and correlations used in each property package.
Thus, enthalpy cannot (in general) be directly
equated between different property packages. Tem-
perature is an absolute quantity however, and thus
independent of the reference state or property cor-
relations and can therefore be directly equated
when translating between any two property
packages.

3. Pressure equality (lines 102 to 104)
4. Overall mole fraction of benzene (lines 107 to 115):

the overall mole fraction of benzene in the outgoing
stream will be equal to the incoming flowrate of liquid
benzene divided by the sum of the incoming flowrates
of liquid benzene and toluene.

5. Overall mole fraction of toluene (lines 117 to 125):
similar to the above constraint for benzene.

Defining the final pre-heater (H102) and distillation
column (C101): The remaining units in the flowsheet

FIGURE 6 Adding flash separator, purge splitter, and recycle compressor
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are the second pre-heater and the distillation column.
Figure 8 shows how these are added to the flowsheet.
Note that both of these units use the two-component
property package (lines 128 and 140) rather than the
four-component property packages used by the other unit
models. In the case of the distillation column, there are a
number of options which need to be defined, such as
number of trays and location of the feed tray (lines
134 and 135), the condenser type and specification (lines
136 to 139) and whether the column will be isobaric
(line 142).

4.4 | Step 4: Define the flowsheet
connectivity

Once all the unit operations have been added to the flo-
wsheet, the next step is to define connectivity between
the units. This is done using the Arc component from the
pyomo.network toolbox which is imported as shown in
Figure 9, line 144; the Sequential Decomposition tool will
be utilized later. Arcs represent the streams within the
process and are defined by linking the outlet Port of one
unit model to the inlet Port of the next, as shown in

FIGURE 7 Adding translator block and associated constraints
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Figure 9. Once all Arcs in the flowsheet have been
defined, the Pyomo Transformation Factory is used, as
shown in line 171 of Figure 9, to automatically expand
the Arcs into sets of equality constraints linking the vari-
ables in the inlet and outlet ports of connected units.

4.5 | Step 5: Define custom calculations

In many cases, there may be some additional quantities
of interest which may need to be defined. For example,
the conversion in the reactor is often of interest when

FIGURE 8 Adding distillation pre-heater and tray column

FIGURE 9 Connecting unit models in flowsheet using Pyomo arcs
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examining a flowsheet; however, this is not defined as
part of the core CSTR model as it is difficult to determine
which is the key component that conversion should be
based on without user input. Thus, it is necessary to
define a variable and constraint as shown in Figure 10,
lines 173 to 180.

For the optimization problem, expressions to compute
operating costs due to heating and cooling utilities as well
as the capital cost of the reactor unit will be added to the
flowsheet. For this case study, the following costs are
assumed:

• $0.25e�7/J for the cooling utility in the flash separa-
tor (F101)

• $0.2e�7/J for the cooling utility in the distillation
condenser

• $2.2e�7/J for the heating utility in the reactor pre-
heater (H101)

• $1.2e�7/J for the heating utility in the distillation pre-
heater (H102)

• $1.9e�7/J for heating utility in the distillation reboiler
• $1e5/m3�yr. for the capital cost of the reactor (R101),

amortized over the lifetime of the process.

The different heating utility costs are based on the
pressure/temperature of the steam used for each unit
operation. Lines 183 to 186 of Figure 10 show the addi-
tion of an expression for the cost of cooling utilities, lines
187 to 189 show an expression for the heating utilities
and lines 190 to 191 an expression for the overall utility

cost for the process. Line 194 shows the addition of an
expression for the amortized capital cost of the reactor.

4.6 | Step 6: Specify design conditions
and verify the degrees of freedom

Now that the unit operations and connectivity of the flo-
wsheet have been defined, the next step is to set the
design and operating conditions of the process; that is,
satisfying the degrees of freedom of the problem. The
IDAES-CMF includes a degrees of freedom tool, which
can be used as shown in lines 196 and 199 of Figure 11 to
determine how many degrees of freedom the problem
has. As can be seen, the current flowsheet has 29 degrees
of freedom (line 200) which need to be specified.

The first 20 degrees of freedom that need to be speci-
fied are the feed conditions for the toluene and hydrogen
streams (10 variables each). The feed conditions can be
set through the Feed blocks as shown in Figure 11. Some
important things to note when setting the feed
conditions:

• A time index must be specified when fixing each vari-
able. For dynamic simulations, Pyomo supports setting
all time points simultaneously using slicer notation.

• To avoid convergence issues (e.g., singularities and
degeneracy) associated with values of 0 for variables in
EO models, all zero flows in this example will be fixed
to a small positive value (i.e. 1e�8). This assumption

FIGURE 10 Adding additional variables, expression and constraints
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was chosen specifically for this case and is not appro-
priate or necessary for all cases, e.g., systems with trace
elements or a different formulation for phase equilib-
rium. The value of 1e�8 was chosen because it is equal
to the solver tolerance used (both absolute and rela-
tive) and is significantly smaller than the real flows in
the system.

The remaining 12 degrees of freedom are the operating
conditions for the unit operations, and the most appropri-
ate design conditions for the application can be selected.
For example, in a CSTR it is possible to specify the reac-
tor volume and to solve for conversion, or to specify con-
version and solve for the reactor volume required to
achieve that conversion. The IDAES-CMF documenta-
tion provides users with some guidance on typical
degrees of freedom to consider fixing, and future work is
planned to develop tools for automatically identifying
potential degrees of freedom to fix as well as degeneracies
caused by poor selection of degrees of freedom. A sum-
mary of the design conditions that will be specified for
each unit operation is given below:

• Reactor pre-heater (H101)—outlet temperature = 600 K
• Reactor (R101)—conversion = 75%, heat duty = 0 J/s
• Flash separator (F101)—vapor outlet temperature =

325 K, pressure change = 0 Pa
• Splitter (S101)—purge split fraction = 20%
• Recycle compressor (P101)—outlet pressure =

350 000 Pa (equal to feed pressures)
• Distillation pre-heater (H102)—outlet temperature =

375 K, pressure drop = 200 000 Pa
• Distillation column (C101)—reflux ratio = 0.5, con-

denser pressure = 150 000 Pa, boilup ratio = 0.5

Figure 12 shows how to set the design conditions for all
units in the flowsheet.

4.7 | Step 7: Initialize the flowsheet
using sequential decomposition

Once the degrees of freedom have been satisfied (the
degrees of freedom tool can be called again to confirm),
the model is ready to be initialized. As discussed

FIGURE 11 Checking degrees of freedom and setting feed conditions
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previously, the IDAES-CMF supports a Sequential
Decomposition (SD) approach when initializing a model,
where each unit is initialized separately, propagating the
outlet conditions from one unit to the inlet of the next.
This process has a recycle stream, which requires tearing
to determine where to start the SD initialization process.
The pyomo.network toolbox contains an automated
Sequential Decomposition tool[36] (imported earlier in
Figure 9, line 144) which can both automatically deter-
mine tear streams and automate the SD initialization pro-
cess. Note that the SD tool is only used for initialization
and does not need to converge to the final solution for
the overall model; it is only necessary to develop a suffi-
ciently good initial guess for the EO solver to find the
actual solution to the model.

Identifying the Tear Stream(s): Figure 13 shows
how to set up the Sequential Decomposition tool and
apply it to the flowsheet. First, a Sequential Decomposi-
tion object is created and the method to use for determin-
ing tear streams selected (lines 251–253). The Sequential
Decomposition tool supports both heuristic based
methods (method=“heuristic,” used here) and solving a
mixed integer problem for finding tear streams
(method=“mip,” which requires access to an appropriate
mixed-integer solver). Additionally, a limit on the num-
ber of iterations when trying to converge tear streams
while initializing the flowsheet can be set (line 256). As
the flowsheet will later be solved in its entirety, the
Sequential Decomposition tool does not need to fully con-
verge the tear stream; hence, only 3 iterations will be

used to sufficiently converge the tear stream for the EO
solver to take over.

Once the Sequential Decomposition tool has deter-
mined the tears streams and solution order for the flo-
wsheet (line 259 to 261 in Figure 13), these should be
verified. An initial guess for the tear streams must be pro-
vided, so it is important to confirm the appropriateness of
the tear stream(s), and the automated selection can be
overridden when necessary. Lines 264 and 265 show how
to check the tear streams selected by the Sequential
Decomposition tool and the order in which the unit
models will be initialized (lines 268 and 269).

Specify Initial Guess Values for the Tear
Streams: For this case, the Sequential Decomposition tool
identified the stream between the mixer and pre-heater
(s03) as the tear stream for the process. Given the infor-
mation available, it will be assumed that the tear stream
consists of only the toluene and hydrogen feeds. Thus,
the initial guesses for the tear stream can be calculated as
the sum of these; however, to ensure robust solution of
the phase-equilibrium constraints, the zero flowrates will
be assigned an initial guess of 1e-5 for the SD initializa-
tion. The final solve of the flowsheet will use the values
defined for the inlets. The initial guesses for the tear
stream are set as shown in Figure 14, lines 271 to 282.

Perform Initialization using Sequential Decom-
position Approach: Once the initial guesses for the tear
stream are set, the next step is to set up instructions for
the Sequential Decomposition tool to initialize each unit
in the flowsheet. Each IDAES-CMF unit model comes

FIGURE 12 Setting unit design conditions
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with a pre-defined initialize method, and the Sequential
Decomposition tool runs this for each unit in sequence, as
shown in lines 288 and 289 in Figure 14. The Sequential
Decomposition tool can then run the SD initialization

procedure (line 292), which will iterate through the pro-
cess and attempt to converge the tear stream(s) up to the
iteration limit previously specified; it may terminate ear-
lier if the tear streams converge. After the SD

FIGURE 13 Preparing the sequential decomposition tool

FIGURE 14 Setting tear guesses and running sequential decomposition tool
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initialization is completed, the flowsheet can be solved by
calling an EO solver, in this case IPOPT[37] (lines 295 and
296, IPOPT version 3.12.2 with MA27).

The final size of the deterministic flowsheet was 1189
variables and constraints, and required 16.2 s for the SD
initialization and 0.50 s (0.03 CPU seconds in IPOPT) for
the final solve on a commercial laptop (Intel Core
i7-8750H CPU @ 2.20 GHz, 10.4 GB memory).

Inspect the Initial Solution: Table 3 shows the
results of the simulation in the form of a stream table.
Due to the change of property package at stream 10, the
state variables change as reflected on the stream table.
The product stream flowrate (stream s12) is 0.162 mol/s
with a benzene purity of 89.51%, and the reactor volume
required to achieve a conversion of 75% is 0.147 m3.
However, stream s06 shows that a significant amount of

TABLE 3 Stream table for deterministic flowsheet

Operating cost $ 427 511/yr.

Capital cost $ 14 690/yr.

Benzene purity 89.514%

Conversion 75.00%

Stream s01 s02 s03 s04 s05

Flow rate (mol/s)

Liq, benzene 1e�8 1e�8 2.8e�8 1.2986e�7 1.2985e�7

Liq, toluene 0.3 1e�8 0.30000 8.4136e�7 8.4136e�7

Liq, hydrogen 1e�8 1e�8 2.8e�8 1e�8 1e�8

Liq, methane 1e�8 1e�8 2.8e�8 1e�8 1e�8

Vap, benzene 1e�8 1e�8 0.11929 0.11929 0.35365

Vap, toluene 1e�8 1e�8 0.012487 0.31249 0.078122

Vap, hydrogen 1e�8 0.3 0.56254 0.56254 0.32818

Vap, methane 1e�8 0.02 1.03746 1.0375 1.2718

Temperature (K) 303.2 303.2 314.09 600.0 771.86

Pressure (Pa) 350 000 350 000 350 000 350 000 350 000

Stream s06 s07 s08 s09 s10

Flow rate (mol/s)

Liq, benzene 1e�8 1e�8 1e�8 1e�8 0.20454

Liq, toluene 1e�8 1e�8 1e�8 1e�8 0.062514

Liq, hydrogen 1e�8 1e�8 1e�8 1e�8 2.7e�7

Liq, methane 1e�8 1e�8 1e�8 1e�8 2.7e�7

Vap, benzene 0.14911 0.029822 0.11929 0.11929 1e�8

Vap, toluene 0.015609 3.1217e�3 0.012487 0.012487 1e�8

Vap, hydrogen 0.32818 0.065635 0.26254 0.26254 1e�8

Vap, methane 1.2718 0.25436 1.0175 1.0175 1e�8

Temperature (K) 325.0 325.0 325.0 325.0 325.0

Pressure (Pa) 350 000 350 000 350 000 350 000 350 000

Stream s11 s12 s13

Flow rate (mol/s) 0.26706 0.16196 0.10509

Mole fraction

Benzene 0.76592 0.89514 0.56676

Toluene 0.23408 0.10486 0.43324

Temperature (K) 375.00 368.93 377.30

Pressure (Pa) 150 000 150 000 150 000
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benzene (0.149 mol/s or approximately 42% of the total
benzene produced in the reactor R101) is exiting the flash
separator, which suggests that the operating conditions
could be changed such that the loss of benzene in the
flash separator is minimized.

For the simulation case, with the initial operating
conditions that were set, the total annual cost (sum of
amortized capital and operating cost) is $442 201.

The EO approach used by the IDAES-CMF allows for
quickly switching from solving a simulation problem to
solving an optimization problem. In this case study, the
total annual cost of the HDA process will be minimized,
while enforcing certain performance constraints (mini-
mum production and purity requirement, and limit prod-
uct loss), by adjusting the following 7 decision variables:

• Reactor pre-heater (H101) outlet temperature,
• reactor (R101) cooling duty,
• light gas separator (F101) outlet temperature,
• distillation pre-heater (H102) outlet temperature, and
• distillation column (C101) condenser pressure, reflux

ratio and boilup ratio.

4.8 | Step 8: Define objective and
remaining constraints

In addition to minimizing the total annualized cost, it is
necessary to provide constraints on the final product, as
well as a limit on the amount of benzene in the light gas
stream leaving the flash separator. The following con-
straints are added to the process:

• produce at least 0.18 mol/s of benzene in C101 distil-
late outlet (i.e. the benzene product stream s12),

• purity of benzene product is at least 99% in the product
stream s12, and

• no more than 20% of the benzene entering the flash
separator (F101) may leave in the light gas stream s06.

The first step is to add an objective function to the model
using the Pyomo Objective component as shown in
Figure 15, Lines 298 and 299. The goal is to minimize the
sum of operating and capital costs, which have already been
added to the flowsheet as Expressions. Unless otherwise spec-
ified, Pyomo assumes the goal is to minimize the objective
function. Figure 15 also shows how to add constraints to the
model to enforce the product flow rate, purity and benzene
loss conditions, which is done using inequality constraints.

4.9 | Step 9: Unfix the operating
conditions to create degrees of freedom for
optimization

Next, the operating conditions can be converted to deci-
sion variables simply by unfixing their values, as shown
in Figure 16 (lines 318 to 324). However, it is also neces-
sary to set bounds on these variables to limit the search
space available to the solver (lines 327 to 341). For this
case study, the following bounds will be used:

• H101 outlet temperature [500, 600] K
• R101 outlet temperature [600, 900] K
• R101 volume lower bound of 0 m3 (no upper bound)

FIGURE 15 Adding an objective function and inequality constraints
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• F101 outlet temperature [298, 450] K
• H102 outlet temperature [350, 400] K
• C101 condenser pressure [101 325, 150 000] Pa
• C101 reflux ratio [0.1, 5]
• C101 boilup ratio [0.1, 5]

4.10 | Step 10: Perform optimization and
inspect solution

Thus, the flowsheet model is readily converted to an opti-
mization problem. Since IPOPT was used to solve the flo-
wsheet previously, the same solver can now be applied to
solve the optimization problem as shown in line 344 of
Figure 16. The optimization problem contains 1196 vari-
ables and 1189 constraints and solved in 42 iterations
(0.91 s total, 0.18 s CPU time in IPOPT).Table 4 shows
the stream table and results summary for the optimized
process. As can be seen, the process met the increased
product flowrate and purity demands of 0.18 mol/s at
99% purity. The optimization was also able to reduce the
yearly operating cost by 4.5% from $427 511/yr. to
$408 260/yr.; however, the amortized capital cost more
than doubled from $14 690/yr. to $29 921/yr. due to the

need to increase the conversion in the reactor (from 75%
to 93%) to meet the increased production and purity con-
straints. The reactor volume required to achieve this con-
version was 0.299 m3.

Looking further into the results, it can be seen that
some of the operating conditions have been pushed to their
bounds. The product flow rate and purity are at the mini-
mum values of 0.18 mol benzene/s and 99% which is
expected as increasing recovery would require more energy
(i.e. cost) to purify the product. The operating temperature
of the flash separator (F101) has also been reduced to the
lower bound in order to minimize the amount of benzene
in the vapor stream, while the operating pressure for the
distillation column is also at the lower bound, which will
reduce the cooling costs required to achieve the target
purity. The optimal reflux and boilup ratios in the distilla-
tion column (C101) are 0.801 and 1.135 respectively, which
have changed from the initial values of 0.5.

4.11 | Step 11: Optimization under
uncertainty

One of the key advantages of the IDAES-CMF is the abil-
ity to leverage the power of EO models along with the

FIGURE 16 Unfixing variables, setting bounds and solving the optimization problem
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many useful libraries available as part of the Python Pro-
gramming Language to quickly extend the analysis and
visualization capabilities. Due to the flexibility and open
nature of the framework that allows full access to the
underlying equations, the IDAES-CMF is well-suited to
extend a deterministic optimization model to related, and
more complex, tasks including parameter estimation,

optimization under uncertainty, data reconciliation, and
conceptual design. To demonstrate this advanced capabil-
ity, the deterministic optimization of the HDA case study
will be extended to incorporate uncertainty in the kinetic
parameters (denoted as θ) by formulating a two-stage sto-
chastic programming problem that minimizes the follow-
ing objective:

TABLE 4 Stream table for the optimized process

Objective $ 438 181/yr.

Operating cost $ 408 260/yr.

Capital cost $ 29 921/yr.

Purity 99.00%

Conversion 93.29%

Stream s01 s02 s03 s04 s05

Flow rate (mol/s)

Liq, benzene 1e�8 1e�8 2.8E�08 4.5549E�08 4.5549E�08

Liq, toluene 0.3 1e�8 0.30000 7.5077E�07 7.5077E�07

Liq, hydrogen 1e�8 1e�8 2.8E�08 1.00E�08 1.00E�08

Liq, methane 1e�8 1e�8 2.8E�08 1.00E�08 1.00E�08

Vap, benzene 1e�8 1e�8 0.045541 0.045541 0.32631

Vap, toluene 1e�8 1e�8 9.5904e�4 0.30096 0.020190

Vap, hydrogen 1e�8 0.3 0.37693 0.37693 0.096158

Vap, methane 1e-8 0.02 1.2231 1.2231 1.5038

Temperature (K) 303.2 303.2 300.86 568.76 790.03

Pressure (Pa) 350 000 350 000 350 000 350 000 350 000

Stream s06 s07 s08 s09 s10

Flow rate (mol/s)

Liq, benzene 1.00E�08 1.00E�08 1.00E�08 1.00E�08 0.26938

Liq, toluene 1.00E�08 1.00E�08 1.00E�08 1.00E�08 0.018992

Liq, hydrogen 1.00E�08 1.00E�08 1.00E�08 1.00E�08 2.88E�07

Liq, methane 1.00E�08 1.00E�08 1.00E�08 1.00E�08 2.88E�07

Vap, benzene 0.056926 0.011385 0.045541 0.045541 1.00E�08

Vap, toluene 1.1988E�3 2.3975E�4 9.5902E�4 9.5902E�4 1.00E�08

Vap, hydrogen 0.096158 0.019232 0.076926 0.076926 1.00E�08

Vap, methane 1.5038 0.30077 1.2031 1.2031 1.00E�08

Temperature (K) 298.15 298.15 298.15 298.15 298.15

Pressure (Pa) 350 000 350 000 350 000 350 000 350 000

Stream s11 s12 s13

Flow rate (mol/s) 0.28838 0.18 0.10838

Mole fraction

Benzene 0.93414 0.99 0.84137

Toluene 0.06586 0.01 0.15863

Temperature (K) 368.79 353.52 356.67

Pressure (Pa) 150 000 101 325 101 325
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Min Capital CostþEθ Operating Costð Þ½ � ð13Þ

where Eθ() is the expected value over a probability distri-
bution for the uncertain parameters θ. The purpose here
is to demonstrate the ease of setting up a stochastic pro-
gram (or multi-scenario problem) within IDAES-CMF in

Python and is not an extensive demonstration of stochas-
tic programming itself.

For this example, a normal distribution will be assumed
on the reaction kinetic parameters θ �N μ,σ2ð Þ , with the
Arrhenius constant (μ= 6.3� 1010, σ = 9450� 105) and
the activation energy (μ = 217.6� 103, σ = 3264). To set

FIGURE 17 Example of running an optimization under uncertainty
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up this problem, the rand function from the NumPy
Python package can be used to create the normally dis-
tributed parameter values and number of scenarios
(100 in this example) as shown in lines 2 and 9, respec-
tively, in Figure 17. To create the two-stage stochastic
problem, a new ConcreteModel object is created, called
“m,” and then the (first-stage) design variable is declared,
which is the reactor volume in this case. The second-
stage decision variables, which differ in each scenario,
are the outlet temperatures for H101, H102, F101 and
R101 and the pressure, reflux and boilup ratios for C101.
To set up the scenarios, the Python method
get_opt_model() is used to return an instance of the deter-
ministic optimization problem which was solved previ-
ously in step 10. This method is called for each of the
100 scenarios, and the model instance is attached to the
ConcreteModel “m” that was created in line 12 in
Figure 17. As each model instance is added, the rand
function is used to assign values to the Arrhenius con-
stant and the activation energy, as shown in lines 33 to
44 of Figure 17. A set of non-anticipativity constraints are
then added to enforce the reactor volume to be the same
across all scenarios (lines 47 and 48). The only remaining
step setting up the problem is to deactivate the determin-
istic objective object (from lines 297–299 of Figure 15)
and instead declare the objective expression for the sto-
chastic problem as shown in lines 51–57 of Figure 17.

The resulting 2two-stage stochastic programming
problem consists of 100 scenarios, 119 601 variables and

119 000 constraints and was solved with IPOPT in under
35 CPU seconds with an expected objective value of
$438 467/yr. By incorporating the uncertainty in the
kinetic parameters, the amortized capital cost marginally
increased from $29 921/yr. to $30 029/yr. Figures 18 and
19 show the distribution of the operating cost and the
optimal values of the operating variables for the scenarios
considered. From the solution of the stochastic program,
it can be seen that reactor volume increased only slightly
(to 0.300 m3 from the deterministic solution volume of
0.299 m3). For comparison, the reactor volume from the
deterministic solution would have resulted in four infea-
sible scenarios, shown in Table 5, in which the overhead
loss constraint (which limits the benzene to 20% in the
vapor stream of the flash separator) was violated due to
reduced single-pass conversion in the reactor. This simple
example of optimization problem under uncertainty,
demonstrates how the IDAES-CMF can easily extend
deterministic optimization models to allow stochastic
optimization under uncertainty—in this case with less
than 20 lines of code.

While the case study shown here is relatively simple,
the IDAES-CMF has been applied to simulating and opti-
mizing complex chemical and energy related processes,
such as the removal of CO2 from power plant flue gas.[38]

The IDAES-CMF has also been applied to a range of other
problem types, such as conceptual design and process
intensification[39] and dynamic real-time optimization and
control,[40] and non-linear robust optimization.[41]

FIGURE 18 Distribution of capital and operating cost with respect to the uncertainty considered in the kinetic parameters

26 of 30 LEE ET AL.



5 | CONCLUSION

The IDAES Core Modeling Framework integrates mathe-
matical optimization and simulation capabilities with
libraries of equation-based models of unit operations and
thermophysical properties and tools for editing and creat-
ing new models. The IDAES-CMF builds on the founda-
tion of Pyomo,[27] an open-source, extensible algebraic
modeling environment implemented in the Python pro-
gramming language which provides direct access to state-
of-the-art solvers, solution techniques and, through
Python, access to numerous libraries for scientific com-
puting, data analyses and visualization capabilities. This
is combined with fully modifiable and extensible libraries
of common processing unit operations and property cal-
culations which enable a seamless transition between
dynamic and steady-state modeling. The IDAES-CMF

allows tight integration with advanced optimization-
based approaches, such as conceptual design and optimi-
zation under uncertainty, to support the full process
modeling lifecycle from process design to dynamic opti-
mization and control within a single computational plat-
form. With these capabilities, IDAES-CMF can be
utilized to design novel processes and technologies for
large scale complex systems, with more complete optimi-
zation studies than ever before.

The IDAES-CMF has been demonstrated by applying it
to model and optimize a flowsheet for the hydro-
dealkylation (HDA) of toluene to form benzene, which
includes both chemical reactions and phase separation to
separate benzene from toluene. The case study provides a
simple demonstration of how the IDAES-CMF can be used
to rapidly assemble an EO model of the process using a
library of pre-built, reusable unit operation models and
property packages. Furthermore, the case study demon-
strates its capabilities for solving both deterministic and
stochastic optimization problems. The HDA optimization
example includes 7 degrees of freedom (total of 1173 vari-
ables and 1186 constraints), including the reflux and boilup
ratios and operating pressure of the distillation column,
demonstrating the ability of the framework to optimize a
complex non-linear system. The case study also highlights
the flexibility of the IDAES-CMF to include different levels
of detail and rigor in different parts of the flowsheet by
demonstrating how two different sets of property calcula-
tions and component lists can be included in the same

FIGURE 19 Distribution of the optimal values of the operating variables with respect to the uncertainty considered in the kinetic

parameters

TABLE 5 Scenarios that were infeasible when using the

deterministic solution from step 10

Scenario
no.

Arrhenius
factor (A)

Activation
energy (Ea)

27 6.37� 1010 221.4� 103

53 6.26� 1010 214.1� 103

62 6.21� 1010 219.9� 103

81 6.26� 1010 213.9� 103
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flowsheet by assuming complete removal of hydrogen and
methane from the liquid product stream prior to the distil-
lation column. Moreover, the IDAES-CMF framework
allows these optimization models to be extended in a very
flexible manner to consider a variety of challenging optimi-
zation formulations. For instance, it was demonstrated that
with less than 20 lines of python code, the HDA example
can be readily extended to incorporate uncertainty through
a two-stage stochastic program with 117 601 variables and
117 000 constraints while remaining computationally trac-
table and solving in under 35 CPU s.
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NOMENCLATURE
A area
cp specific heat capacity
C concentration
Ê volume-specific internal energy
F flow rate
H enthalpy flow
ΔHrxn molar heat of reaction
l length
M mass transfer
p pressure
ΔP pressure difference
Q heat transfer
t time
T temperature
V volume
W work transfer
x spatial domain
Xr extent of reaction
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GREEK LETTERS
α stoichiometric coefficient
γ flow direction multiplier
ν elemental composition
ρ density
ϕ volume fraction

SUBSCRIPTS
in inlet of control volume
out outlet of control volume
x point in spatial domain

INDEX
E elements in set E
i components in set I
p phases in set P
r reactions in set R
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