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Selection of primary controlled variables (CVs) with due consideration of economic loss and ease of con-
trol is an important step for achieving optimal plant operation under design and off-design conditions.
However, the computational expense of the combinatorial optimization step that is undertaken for CV
selection renders the existing approaches unaffordable for fast selection of optimal CVs. Two approaches
are proposed in this paper for improving the computational efficiency of the optimization step. Typically,
the CV selection process is typically executed by considering the entire plant together. Opposed to that,
the first approach proposed here seeks to decompose the process plant into multiple partitions based on
the connectivity strength. Then the CV selection algorithm can be executed on each partition indepen-
dently. The decomposition algorithm is biomimetic and has been developed, in analogy to neuroscience,
mimicking how the information about the connectivity information is extracted using a dynamic casual
model. This approach can significantly decrease the number of combinatorial optimization problems that
needs to be solved and facilitates parallelization of the solution. In the second approach, a multiagent
optimization framework is proposed that utilizes metaheuristic optimization strategies such as the effi-
cient ant colony algorithm, simulated annealing and the genetic algorithm. These two approaches can be
used by themselves or in combination. This framework enables cooperative search by a group of algorith-
mic agents facilitated through an information sharing protocol. These two approaches are applied to a toy
problem and an acid gas removal unit as part of an integrated gasification combined cycle. The study
shows how the computational time and economic and control performance of the optimal CV sets vary
as the number of partitions are changed.

� 2019 Elsevier Ltd. All rights reserved.
1. Introduction

During operation of a process plant, one or more operational
objective(s) is(are) optimized. To achieve the optimal operation, a
number of variables needs to be measured, manipulated and con-
trolled. Selection of optimal controlled variables is a key step
towards achieving the optimal operation. Traditionally, previous
works on the selection of controlled variables (CVs) in the open lit-
erature have been based on heuristics that did not necessarily fol-
low a systematic approach (Fisher et al., 1985). Morari et al.
(1980) studied the effect of CV selection on plant operation within
a framework of multilevel optimization. Luyben et al. (1997)
employed heuristics for CV selection in complex processes as part
of the plantwide control. Murthy Konda et al. (2005) developed
an integrated framework of heuristics and simulation as a means
for plantwide control. There are several other notable works in
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the literature that have used various heuristics for CV selection
(Narraway et al., 1991; Rijnsdorp, 1991; Arbel et al., 1996; Zheng
et al., 1999).

Various criteria can be used for systematic design of the control
structure. In (Zumoffen and Basualdo, 2013; Braccia et al., 2017;
Luppi et al., 2018), sum of square deviation, by itself or in combina-
tion with other objectives, has been used for CV selection to accom-
plish minimal deviation of uncontrolled variables at steady-state.
Economic criteria for CV selection have been proposed by several
researchers (Skogestad, 2004; Psaltis et al., 2013; Kookos and
Perkins, 2016). Other than the CV selection, another important
objective of the control structure design is to obtain the optimal
centralized/decentralized structures given the set of CVs and
manipulated variables, which can be accomplished in a subsequent
step after the optimal CV selection or simultaneously with the CV
selection (Salgado and Conley, 2004; Samuelsson et al., 2005;
Braccia and Zumoffen, 2015; Luppi et al., 2018; Bankole et al.,
2018). This paper will focus only on the optimal CV selection based
on the economic criterion.

In the case of economics criterion for CV selection, it is possible
that there are CV sets that have superior economic performance,
but unacceptable controllability. To circumvent these issues, some
measures of controllability and control performance were included
in the CV selection process by Jones et al. (2014). For processes that
operate with a hierarchical control structure like shown in Fig. 1, a
real time optimizer (RTO) that typically uses a steady-state model
operates at the upper layer. This layer periodically (typically min-
utes or hours) updates the setpoint for the primary CVs, which, in
turn, updates the setpoints of the secondary CVs. Jones et al.
(2014) considered this particular control structure and proposed
the following three-stage procedure for selection of primary CVs-
a priori analysis, selection of Pareto- optimal CVs, posteriori analy-
sis. During the a priori analysis, manipulated variables (MVs) and
disturbance variables (DVs) are identified and a list of the candidate
CVs for the primary control layer is generated. Furthermore, a large
number of candidate variables that do not have acceptable gain for
servo control and/or disturbance rejection are eliminated from fur-
ther consideration. The remaining CVs are further analyzed at the
second stage. This is the most important step, where first, the pro-
Fig. 1. Feedback policy with optimization and control layers.
cess/operational constraints that are active under the desired
design and off-design conditions are identified. These active con-
straints are selected as primary CVs. A number of additional CVs
are also selected depending on the additional degrees of freedom
that are available. In the final stage, a posteriori analysis is per-
formed for the CV sets selected at the 2nd stage. This step is neces-
sary since a linear process model is used in the 2nd stage.
Therefore, the economic and control performances of the CV sets
from the second stage are evaluated under off-design conditions
by using a nonlinear process model.

The second stage is the most time-consuming due to the combi-
natorial nature of the optimization problem. Even after prescreen-
ing of the candidate CV sets and identifying active constraints, there
can be large number of CV sets that need to be evaluated during the
second stage. This combinatorial optimization problem easily
explodes with the increase in the number of potential CVs that
can be often correlated with the plant size/complexity. For a small
plant where one has to choose 10 CVs from 80 candidate CVs, for
example, the combinatorial possibilities that need to be evaluated

are 80
10

� �
¼ 1:6� 1012. Typically, to reduce enumeration, branch

and bound (BB) optimization methods have been used for solving
the optimization problem in the second stage (Cao and Kariwala,
2008; Kariwala and Cao, 2009; Jones et al., 2014). More recently,
convex optimization (Yelchuru et al., 2010) has been proposed for
solving these problems. However, solving the optimization problem
where exhaustive number of combinations need to be evaluated
can be computationally prohibitive and therefore is not suitable if
fast re-selection of the CV sets needs to be done often. It can be
noted that re-selection of the CV sets is desired when any of the fol-
lowing things change with respect to the nominal operation: oper-
ational objective, the list of CVs, MVs or DVs or their bounds, or the
underlying process models. If one or more new equipment item(s)
is/are added/removed, or the configuration of the process units is
changed, then not only the list of CVs, MVs or DVs or their bound
needs to be changed, but the underlying process model also needs
to be updated. Example of one such process is the cyber-physical
processes where the cyber-component of the process can be readily
modified, replaced or the process configuration can be readily
changed. Operational objective of the newly configured process is
likely to change as well. It can also be noted that in chemical plants,
change in the operational objective is also common. A plant can
operate to maximize profit or maximize production or maximize
yield or minimize utility consumption, for example. Thus it is
desired that the CV selection process be executed faster than the
current state-of-the-art. Therefore, this paper focuses on fast CV
selection in process systems that are characterized with consider-
ably large number of combinatorial complexities (i.e. trillions of
possible candidate CV sets) and where optimal CV sets change rel-
atively frequently due to one or more of the reasons noted above.
By fast selection of the CVs, the authors intend to mean that the
optimal CV selection be completed in hours rather than days. Once
the CVs are re-selected, the controllers need to be redesigned. The
time taken to execute that step depends on many criteria including
if centralized or decentralized controllers are considered and is
considered out of scope for this paper. However, the authors believe
that with the advent of many commercial online tuning software
and fast implementation of the control structures in the modern
distributed control systems, reimplementation of the controllers
may not be highly time-prohibitive, especially if decentralized con-
trol structures are considered.

In this paper, we propose two approaches to reduce the compu-
tational time of the second stage optimization problem. The first
approach seeks to reduce the size of the optimization problem by
reducing the number of combinatorial problems that need to be
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evaluated. To proceed with the motivation behind the first
approach, we note that the CV selection problem has so far been
solved holistically, i.e. the entire plant is evaluated together for
CV selection. If the plant can be decomposed into multiple parti-
tions1, it can result in significant reduction in the number of possible
combinations and the CV selection problem is then solved for each
partition separately. The decomposition is based on a novel algo-
rithm that partitions the process plant into a number of partitions
based on the structural connectivity. It can be shown that for a com-
pletely unconnected system, the CV selection problem of the original
problem collapses to the CV selection problem of the decomposed
system (a formal proof is provided later). The decomposition pro-
vides computational advantage not only due to the reduced number
of optimization problems to be solved, but also because the optimiza-
tion problems can be solved in parallel on multiple processors with
little communication overhead among the processors. It should be
noted the existing algorithms for CV selection such as those devel-
oped by (Cao and Kariwala, 2008, Kariwala and Cao, 2009, Yelchuru
et al., 2010, Jones et al., 2014) can be readily applied to the decom-
posed systems providing further computational advantage due to
the reduced number of optimization problem and parallelization. In
the second approach, a multiagent platform is leveraged providing
significant computational advantage over the traditionally used BB
algorithm. The multiagent platform employs multiple heuristic algo-
rithms facilitating use of homogeneous or heterogeneous agents as
needed (Gebreslassie and Diwekar, 2015, 2018). The algorithm can
also select the optimal agent at any stage of iteration providing fur-
ther computational advantage. The decomposition approach and
multiagent optimization approach can be used by themselves or in
combination.

It should be noted that this paper focuses on optimal selection of
the primary CV only and not on controller design. The rest of this
paper is organized as follows: Section 2 introduces the problem for-
mulation, Section 3 introduces the criterion for the decomposition
methods, Section 4 describes the algorithms considered for the
optimal selection of candidate controlled variables, Section 5 pro-
vides a case study that focuses on the developed algorithms for
an acid gas cleaning process followed by conclusions.

2. Problem formulation

This section presents the derivation of the average case loss
function (Kariwala et al., 2008; Jäschke et al., 2017; Halvorsen
et al., 2003) which would be evaluated to determine the optimal
subset of candidate variables ‘c’ to be selected as controlled vari-
ables with due considerations of changing disturbances ‘d’. Here
d 2 RNd represents exogenous and uncontrolled inputs to the sys-
tem. Assuming active constraints have been paired with some
MVs, the optimization in reduced space is the following

min
u

J x;u;dð Þ ð1Þ

Given the measured variables y 2 RNy , from this list, a subset
c 2 RNu is selected such that u ¼ u c; dð Þ exists. The loss function is
defined below:

L c;dð Þ ¼ J c;dð Þ � Jopt dð Þ ð2Þ
where J c;dð Þ represents the value of the objective function while
keeping variables c constant with feedback control, Jopt dð Þ represents
the optimal value ofJ. Given the model equation,y ¼ f u; dð Þ, the lin-
earized model is given as:

y ¼ Gyuþ Gy
ddþ ny ð3Þ
1 The words ‘partitions’ and ‘sections’ have been interchangeably used in this article
where Gy ¼ @f=@uð Þ andGy
d ¼ @f=@dð Þ. Therefore Gy represents the

gain matrices of the full space of outputs ywith respect to the inputs
u and Gy

d represents the gain matrices of the full space of outputs y

with respect to the disturbancesd i.e. Gy 2 RNy�Nu ;Gy
d 2 RNy�Nd . ny is

the noise levels of the measured variables y. A subset of measured
variables chosen as controlled variables c is expressed as:

c ¼ Hy ð4Þ

c ¼ Guþ Gddþ n ð5Þ
From Eqs. (3)–(5), it follows that G ¼ HGy, Gd ¼ HGy

d , n ¼ Hny.
Where the matrix H 2 RNu�Ny is matrix mapping from RNy#RNu

with the condition that rank HGy� � ¼ Nu. For choosing single mea-

surements, HHT ¼ INu , which denotes the identity matrix of rank Nu.
The loss function can be thus expressed as a function of this

deviation as shown below (Halvorsen et al., 2003):

L dð Þ ¼ J u dð Þ;dð Þ � J u� dð Þ; dð Þ ¼ 1
2
z
T

z ð6Þ

where

z ¼ J1=2uu J�1
uu Jud � G�1Gd

� �
d G�1n

h i
ð7Þ

Scaling the random variables d and n with diagonal matrices
Wd;Wn so that the relative magnitudes of these variables are less
than 1, the above expression can be rewritten as:

z ¼ J1=2uu J�1
uu Jud � G�1Gd

� �
Wd G�1Wn

h i d

n

� 	
ð8Þ

One can consider an average loss which is defined over the fea-
sible domain of the disturbances and noise (Kariwala et al., 2008)
and can be written as:

E Lð Þ ¼ 1
Dj j

1
Nj j

Z
N

Z
D

J c; dð Þ � Jopt dð Þ� � ð9Þ

which yields:

E Lð Þ ¼ 1
2









 MdMn½ � d

n

� 	







2
2

¼ 1
2









M d

n

� 	







2
2

ð10Þ

Md ¼ J1=2uu J�1
uu Jud � G�1Gd

� �
Wd ð11Þ

Mn ¼ J1=2uu G�1Wn

� �
ð12Þ

Assuming that the linear model is valid in the face of the devia-
tion in the disturbances and that the measurement noise belongs to
a set of allowable measurement noises i.e. d 2 D; n 2 N , the average
loss can be computed as:

E Lð Þ ¼ E
1
2

tr M~d~dTMT
� �h i� 	

ð13Þ

where d
�
¼ d n½ �T . Simplifying further, one obtains:

E Lð Þ ¼ 1
2
E tr MTM~d~dT

� �h i
ð14Þ

E Lð Þ ¼ 1
2
MTME ~d~dT

h i
ð15Þ

Now assuming a is a uniform random variable such that

a ¼ jj~djj2;a � 0;1½ �. ~d 2 RNuþNd .

Nu þ Ndð ÞE ~d~dTs
h i

¼
Z 1

0
a2da ¼ 1

3
ð16Þ
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Therefore substituting Eq. (16) for E ~d~dT
h i

and Eqs. (10)–(12) for

M;Md;Mn respectively in (15), the following is obtained:

L ¼ 1
6 Nu þ Ndð Þ









J1=2uu J�1
uu Jud � G�1Gd

� �
Wd J

1
2
uuG

�1Wn









2
F

ð17Þ

where the subscript �ð ÞF denotes the Frobenius norm. The difference
between this loss function and the average loss presented in
Kariwala et al. (2008) is the scaling factor 1= Nu þ Ndð Þ. The average
loss function is a measure of the average of the singular values in
the matrix hence the division of the Frobenius norm by the rank
of the matrix since the number of singular values of any matrix is
equivalent to the rank of the matrix. It is noteworthy that the main
difference between the average case loss and the worst case loss is
the type of norm applied, they are equivalent in every other respect.

2.1. Controllability

It is also necessary to take the controllability into consideration
while selecting the optimal CVs. The measure of controllability is
chosen as the inverse of the minimum singular value of the appro-
priately scaled gain matrix (Skogestad and Postlethwaite, 2007).

bG ¼ D�1
e GDu ð18Þ

where the diagonal matrices De and Du are given by the following
expression:

De ¼ diag min jcmax � cnomj; jcnom � cminj� �� � ð19Þ

Du ¼ diag min jumax � unomj; junom � uminj� �� � ð20Þ
The superscript ‘nom’ denotes nominal conditions. The singular

value decomposition of a matrix bG2 RNy�Nu is given by:

bG ¼ UEVT ð21Þ

where U2 RNy�Ny and V2 RNu�Nu and orthogonal matrices. These

matrices characterize bG such that the columns of U span the column

space of G and the columns of V span the row space of matrix bG.
The diagonal matrix E2 RNy�Nu is a matrix of rank Nu with entries
r1 	 r2 	 � � � 	 rNu 	 0. The right singular vectors v j which are
the columns of V represent the principal components directions of
G and have the relationship:

bGv j ¼ rjuj ð22Þ
Thus the diagonal entries represent the ‘gain’ of the system

defined for the gain matrix bG in a multiple input multiple output
(MIMO) sense. Therefore the controllability is defined as a measure
of the worst direction of the system under control and taken as the

inverse of the smallest singular value of bG. This is defined as

Jc cð Þ ¼ r�1 bG� �
ð23Þ

This represents the inverse of the worst input to output gain.
Therefore controlled variables ‘c’ should be chosen so as to mini-
mize the quantity Jc . It can be noted that a smaller minimum singu-
lar value, particularly when it is lesser than 1, can lead to saturation
of the manipulated variable(s). However, whether saturation actu-
ally takes place depends on other factors such as actual setpoint
changes. If the control system is tasked only with disturbance rejec-
tion, then it may be possible to have a reasonable control perfor-
mance even with the minimum singular value being lesser than 1
(Mcavoy and Richard, 2003). However, in general, as the minimum
singular value becomes increasingly smaller than 1, higher are the
chances of the manipulated variable(s) being saturated. More
detailed discussion on this topic can be found elsewhere (Mcavoy
and Richard, 2003, Skogestad and Postlethwaite, 2007).

Other considerations of the controlled variable selection opti-
mization includes the imposition of a user defined constraint
which restricts the time delay td ui; yj

� �
between the manipulated

variable ui and candidate controlled variable yj to a certain maxi-
mum vj. Additionally, one may impose a subset selection con-
straint such that only a fixed number of controlled variables may
be selected from a subset denoted by columns of P, where P is
a matrix of M logical vectos M 2 RNy

� �
; with 1s for membership.

Let Fi denote the binary variable that candidate i is picked from a
subset and let nm denote the number of CVs that may be picked
from subset Pm. It follows that

P
i2Pm

Fi ¼ nm8m 2 1; :::;M. Finally,
in the case where some CVs are controlled as active constraints,
then the CV selection should be such that the deterioration of
active constraint control loop due to multivariable interaction from
the new CV selected should be minimized. This can be achieved by
bounding the RGA elements between lower bL and upper bU limits.
The argument that minimizes the combined loss is a logical vector
P denoting the candidate controlled variables chosen. Given the
economic and the controllability function, the optimization prob-
lem is formulated as shown in Eq. (24). The multi-objective opti-
mization problem is solved yielding a Pareto-optimal profile
showing the trade-off between the economic and controllability
objectives. Based on the acceptable value of the controllability
objective, CV sets are ranked based on their economic perfor-
mance. These CV sets are then subjected to the posteriori analysis,
which is the last stage of the CV selection algorithm, by using the
nonlinear model as noted earlier. It is possible that some of the
top-ranked CV sets obtained from the multi-objective optimization
can have inferior controllability and economic performance when
evaluated using the non-linear model and therefore, it is desired
that several ranked CV sets are obtained from the multi-objective
optimization. More details of this algorithm can be found in
Jones et al. (2014).

min
P

L; Jcf g
Subject to

L ¼ 1
6 NuþNdð Þ









J1=2uu J�1
uu Jud � G�1Gd

� �
Wd J

1
2
uuG

�1Wn









2
F

Jc cð Þ ¼ r�1 Ĝ
� �

Ĝ ¼ D�1
e GDu

bLi

 G� G�T
� �

i;i

 bUi

8i ¼ 1; � � � ; acP
i2Pm

Fi ¼ nm8m 2 1; � � � ;M
td ui; yj
� � 
 vj

ð24Þ
3. Decomposition of process architecture

The combinatorial optimization problem in Eq. (24) is very
expensive especially when there are large number of candidate
CVs. If the process plant can be decomposed, then the CV selection
problem can be solved independently for each partition.

The method of process decomposition into different partitions
has been described in details in our earlier publication (Bankole
and Bhattacharyya, 2018). Decomposition proceeds with first cap-
turing the overall system with a model referred to as the dynamic
causal model. The parameters of this model are known to reflect
different types of connectivity amongst process variables of
interest. Furthermore, a complete mathematical formulation for
parameter estimation is developed using Bayesian methods of
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system identification. To begin parameter estimation, prior
assumptions are made on the parameters (this is necessary as
parameters must reflect physical structural connectivity as well
and not take random values to fit data). From Bayes law, posterior
densities are estimated based on likelihood densities and defined
priors. Extra parameters known as hyperparameters are used to
parameterize the covariance of the parameters. An expectation
maximization (EM) algorithm is used to iteratively estimate the
set of parameters of the model. From these estimates, connectivity
strength is drawn and classified as weak or strong depending on a
user defined threshold. From these connectivity strengths, strongly
connected variables are grouped together into one partition/sec-
tion/island while weakly connected variables are constrained to
remain in different partitions. This is similar to capturing dynamic
self-organization found in biological organisms. A flowchart is
presented in Fig. 2. Some more details about the decomposition
algorithm can be found in the Appendix of this paper, while full
details of the algorithm can be found in our earlier paper
(Bankole and Bhattacharyya, 2018).

Given a set of partitions denoted by k ¼ 1;2; � � � ;m, the selection
matrices for each partition k is denoted by Hy;k;Hu;k;Hd;k for the can-
didate controlled variables, the manipulated variables and the dis-
turbances respectively. These selection matrices have only one
entry of ‘1’ per row and all zeros. The corresponding nonzero row
represents the index of the variables belonging to that partition.

The following are easily derived: Jkuu ¼ Hu;kJuuH
T
u;k, J

k
ud ¼ Hu;kJudH

T
d;k,

Gk ¼ Hy;kG, G
k
d ¼ Hy;kGdH

T
d;k, W

k
n ¼ Hy;kWnH

T
y;k, W

k
d ¼ Hd;kWdH

T
d;k. Thus

for each partition, Pk represents the logical vector denoting the can-
didate variables chosen from partitionk. The optimization in Eq.
(24) is then solved for individual partitions k ¼ 1; � � � ;m
for k ¼ 1;2; � � �m
L ¼








J1=2uu J�1

uu Jud � G�1Gd

� �
WdJ

1
2
uuG

�1Wn









2
F

¼








 J

1
2
uu;1 0

0 J
1
2
uu;2

24 35 G�1
1 0

0 G�1
2

" #
G1 0
0 G2

� 	 J�1
uu;1 0

0 J�1
uu;2

" #
Jud;1 0
0 Jud;2

" #
�
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 J

1
2
uu;1G

�1
1 0

0 J
1
2
uu;2G

�1
2

24 35 G1J
�1
uu;1Jud;1 � Gd1

� �
Wd1 0

0 G2J
�1
uu;2Jud;2 � Gd2

� �
264

0B@
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0 0 J
1
2
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�
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Wd1 J
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h i
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 J

1
2
uu;2G

�1
2 G2J

�
u

�h
min
Pk

Lk; Jkc
n o

Subject to

L ¼ 1
6 Nk

uþNk
dð Þ








 Jkuu
� �1=2

Gk
� ��1

Gk Jkuu
� ��1

Jkud � Gk
d

� �
Wk

d Wk
n

� 	







2
F

Jkc cð Þ ¼ r�1 G
^ k

 !
P

i2Pk
m
Fi ¼ nkm8m 2 1; � � � ;Mk

td ui; yj
� � 
 vj

ð25Þ
end

Proposition. For a completely unconnected system, the loss function
for CV selection given by Eq. (24) for the original problem collapses to
the CV selection problem of the decomposed system thus the loss
function for the whole system reduces to the sum of the loss functions
for the individual partitions.
Proof. First, let a process be given such that it can be partitioned
into two unconnected partitions as follows:

y ¼ y1; y2f g;u ¼ u1;u2f g; d ¼ d1; d2f g such thaty1 2 RNy1;

y2 2 RNy2;u1 2 RNu1;u2 2 RNu2; d1 2 RNd1; d2 2 RNd2. Additionally,
assume u1; y1, d1 have no interaction with u2; y2, d2. Therefore the
following can be written.

G¼ G1 0
0 G2

� 	
;Gd ¼

Gd1 0
0 Gd2

� 	
; Juu ¼

Juu;1 0
0 Juu;2

" #
; Jud ¼

Jud;1 0
0 Jud;2

" #
Ignoring the scaling factor, the loss function for the whole

system can be written as
Gd1 0
0 Gd2

� 	!
Wd1 0
0 Wd2

� 	
Wn1 0
0 Wn2
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Fig. 2. Flowchart of the decomposition methodology.
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L ¼ L1 þ L2 ð27Þ
where L1; L2 denote the loss of the first and second partition respec-
tively. This can be extended to any number of partitions by mathe-
matical induction of the first kind hence the proof.

4. Optimization scheme

4.1. Multiagent optimization (MAOP)

Large scale combinatorial optimization problems such as given
by Eqs. (24)–(25) which may have discontinuous search space
poses challenges to traditional optimization methods
(Gebreslassie and Diwekar, 2016, 2018). Additionally, due to the
exhaustive nature of the BB algorithm, it may be unaffordable
where fast solution for large scale problems is desired. Hence, mul-
tiagent optimization framework based on metaheuristic algorithms
approach is an attractive method to solve such large-scale
problems.

The MAOP framework mirrors how biological species employ
cooperation for solving common problems, this approach is
exploited in the MAOP framework for faster convergence
(Gebreslassie and Diwekar, 2018) to the optimal solution of the
optimization problem posed in Eq. (25) as opposed to conventional
standalone algorithms. The multiagent optimization framework
used in this work employs metaheuristic optimization algorithms
Problem 
representation

Shared 
memory

Age
Poo

Optimal 
solution

Fig. 3. The general framework o
such as the Efficient ant colony algorithm (Dorigo, 1991), Simulated
annealing (Kirkpatrick, 1984) and the genetic algorithm (Hayes-
Roth, 1975). The multiagent framework allows the combination
and coordination of these stochastic algorithms and procedures
into one platform. This platform supports the cooperative search
by a group of algorithmic agents which are connected through a
predefined information sharing protocol. By using several agents
in the agent pool, the strengths of each agent can be exploited. Like
the coordination of the biological organism by the central nervous
system, each of the partitions would be coordinated by the Multia-
gent Optimization (MAOP) framework for solving Eq. (25). The
results of each partition would then be aggregated as the solution
for the whole system.

As shown in Fig. 3, the MAOP framework includes the following
major stages:

1. Representation of the problem to be solved (this involves
definition of objective function and constraints)

2. Global sharing memory environment,
3. Pool of algorithmic solvers (agents),
4. Scheduler that allocates resource and the execution of the

algorithmic agents to solve the assigned task(s),
5. Processing and retrieval of final solutions.

The solution strategy for an optimization problem in this frame-
work involves solution sharing from local memory to global infor-
mation sharing environment. This information sharing is
performed based on the predefined specific communication
protocol between each agent and the global information sharing
environment. Every agent is unique and consists of an algorithmic
procedure and a communication protocol. Agents employ the
information gained from the algorithm to update the global sharing
memory with better solutions until convergence occur and/or ter-
mination due to reaching the iteration limits. The heterogeneous
multiagent framework promises faster runtime compared to
branch and bound. Fig. 4 shows a flowchart representation of a sin-
gle agent.

The multiagent algorithm begins by initializing OPTIONS and
PARAMETERS for the MAOP framework. PARAMETERS include the
number, type of agents and framework ID while OPTIONS includes
the maximum number of iterations for the global algorithm (which
calls the individual agents) MaxIter and the maximum number of
consecutive iterations ConIter with no objective function improve-
ment. This proceeds with initializing the global information sharing
memory (initial solutions from each algorithmic agent is used to
obtain a global solution archive). Then each agent is also initialized
with its own specific parameters (e.g. Population size for Efficient
Genetic Algorithm). Once the global MAOP algorithm proceeds, at
every iteration, a call is made to each agent in a random manner
and the solution from the previous agents, which has been commu-
nicated with the global information sharing environment and duly
updated is provided as an initialization for the next current agent
solving the problem. The new solution is stored in the local mem-
ory of the agent being called. Each agent then makes its own call
to solve the objective function posed in Eq. (25) for each partition.
nt 
l

Scheduler Processors

f the multiagent framework.



Fig. 4. An agent in MAOP framework (Gebreslassie and Diwekar, 2016).

Table 1
Connectivity strengths between outputs for matrix B.

Outputs Parameter Estimate True Parameter Estimate True

y1; y2 b12=b11j j 0.87 0.80 b21=b22j j 0.92 0.93
y3; y4 b34=b33j j 0.90 0.80 b43=b44j j 0.93 1.00
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After processing all partitions, the results are aggregated to form
the indices of the CV selected including the value of the loss func-
tion and the controllability. The agents provide an updated global
solution (indices of CV selected) and current optimal value of the
objective function. This communication proceeds between the glo-
bal information sharing environment and the agents until a termi-
nation criteria (MaxIter or ConIter) is satisfied. This biomimetic
approach promises faster convergence as it mimics cooperation
found in natural approaches employed by biological species for
problem solving.

5. Case studies

5.1. Toy example

In this section, the decomposition and CV selection algorithms
are demonstrated on a simple problem, where exhaustive enumer-
ation of the candidate CV is possible. Consider the following pro-
cess, where x 2 RNx ; y 2 RNy ;u 2 RNu ; d 2 RNd represents states,
outputs, input, and disturbances, respectively.

_x ¼ u1Bþ u2Cð Þxþ Dd

y ¼ x ð28Þ
The following matrices are defined

B¼

�1 0:8 0 0
1:3 �1:4 0 0
0 0 �1 0:8
0 0 1 �1

26664
37775;C¼

�2 1:8 0 0
1:5 �1:65 0 0
0 0 �1 1
0 0 0:4 �0:5

26664
37775;D¼

1
�1
0:3
0:2

26664
37775
ð29Þ

The steady state conditions of this system are:

x1; x2; x3; x4;u1;u2;d½ �T ¼ �0:065; 0:15;�1:21;�1:18;1;2;1½ � ð30Þ
The transient data are obtained by simulating the system and

the EM algorithm is run as in the flowchart in Fig. 2 and the esti-
mates of the matrices in Eq. (29) are obtained. From these esti-
mates, the connectivity strengths are then deduced as follows for
the matrix B in Table 1. Similar results can be obtained for C as well.
Fig. 5 shows that the estimated profiles match closely with the
‘true’ data.
For this simple system, it can be readily observed from Eqs. (28)
and (29) that the system can be easily partitioned into two with
y1; y2ð Þ in one partition and y3; y4ð Þ in another partition. The same
information is obtained from the results of the connectivity
strengths, that yields the following selection matrix:

Hy;1 ¼ 1 0 0 0
0 1 0 0

� 	
;Hy;2 ¼ 0 0 0 1

0 0 1 0

� 	
ð31Þ

Outputs y1; y2ð Þ correspond to the first partition and y3; y4ð Þ cor-
respond to the second partition as seen clearly from the structure of
Hy;1 and Hy;2, respectively. Given that the degrees of freedom is 2,
only one CV can be selected from each partition, therefore u1, u2

can be assigned to either partition 1/partition 2. Thus the, Hu matri-
ces can take the following

Hu;1 ¼ 0 1½ �;Hu;2 ¼ 1 0½ � ð32Þ
The nonlinear model is linearized around its nominal condition

to obtain gain matrices Gp;Gd. The CV selection algorithm is
executed with the following matrices:

Gp ¼

0:18 0:41
�0:3 �0:35
0:26 0:02
�0:02 0:11

26664
37775; Gd ¼

1
�1
0:3
0:2

26664
37775; diag Wnð Þ ¼

0:096
0:00046
0:0775
0:082

26664
37775;

Wd ¼ 0:99

ð33Þ
Suppose the objective function for the process is given as

J ¼ 0:84u2
1 þ 0:076u2

2 þ 0:16u1u2 þ d 0:83u1 þ 0:54u2ð Þ ð34Þ

Juu ¼ 0:84 0:16
0:16 0:076

� 	
; Jud ¼

0:83
0:54

� 	
ð35Þ



Fig. 5. Estimated profiles from the Expectation Maximization Algorithm for x1; x2.

Table 2
Loss and controllability function for all combinations.

Combination L Jc System

y1; y2ð Þ 1:95 0.46 Undecomposed
y1; y4ð Þ 3:46 0.28 Decomposed
y2; y3ð Þ 4:11 0.35 Decomposed
y2; y4ð Þ 5:79 0.36 Decomposed
y1; y3ð Þ 5:86 0.49 Decomposed
y3; y4ð Þ 13:60 1.00 Undecomposed
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The following are derived for Partition 1, where the superscript
‘10 is used to denote the partition no:

J1uu ¼ Hu;1JuuH
T
u;1, J1ud ¼ Hu;1JudH

T
d;1, G1 ¼ Hy;1G, G1

d ¼ Hy;1GdH
T
d;1,

W1
n ¼ Hy;1WnH

T
y;1, W

1
d ¼ Wd. Derivation of corresponding matrices

for Partition 2 follows similarly. Hence the CV selection algorithm
can be run for each partition independently to obtain the CV selec-
tion set y2; y3ð Þ i.e. y1 from partition 1 and y3 from partition 2.

Table 2 shows the economic and controllability performance of
all possible combinations presented in order of their economic per-
formance. Obviously, the decomposition method would not yield
the first set from the top (since both y1; y2 belong to Partition 1
but only one variable from Partition 1 could be selected under
decomposition), that has the best economic performance, but it
yields the second one from the top. Another observation can be
made in Table 2 is that while the top CV set has the best economic
performance, its controllability performance is inferior to the three
CV sets immediately below it. Thus consideration of both the eco-
nomic and controllability performance is desired for selecting the
final CV set.
5.2. Case study: Acid gas removal (AGR) unit

5.2.1. Process description
The proposed approach is implemented on an acid gas removal

(AGR) unit as part of an Integrated Gasification Combined Cycle
(IGCC) power plant (Bhattacharyya et al., 2011). Upon gasification,
the syngas then goes through a two-stage water gas shift process.
As shown in Fig. 6, the syngas is stripped off the acid gases in a
two-stage selective solvent-based process using Selexol as the sol-
vent. Hydrogen sulfide is removed in the first stage while carbon
dioxide is removed in the second stage. The removed carbon diox-
ide is sent to compressors for pressurization and sequestration. The
stripper-off gas is sent to the Claus unit where ammonia is
destroyed and hydrogen sulfide is converted to elemental sulfur.
The cleaned syngas from the CO2 absorber is then sent to the gas
turbine (GT) for power production. This process consists of more
than 20 unit operations, 5 recycles and 16 degrees of freedom. More
details of this model can be found in the work of Bhattacharyya
et al. (2011). Table 3 enumerates all candidate CVs in this AGR unit.
More details about these candidate CVs can be found in Jones et al.
(2014).
5.2.2. Decomposition of the AGR unit
Even though themodel in thework of Bhattacharyya et al. (2011)

was developed in Aspen Plus, in this work a similarmodel of the acid
gas removal unit developed in DYNSIM� (http://software.schneider-
electric.com/) has been used (Zitney et al., 2012). The model is
simulated from steady state with a +/�20% deviation in CO2-laden
syngas flowrate (278,732.281 kg h�1–337,478.732 kg h�1) and
(278,732.281 kg h�1–222,985.825 kg h�1). 1000 data points in the
interval of 0.25 s are collected between time t ¼ 0 and t ¼ 250s.
These output variables are collected in the DYNSIM interface and
exported to MATLAB where they are normalized and preprocessed.
The obtained data from the high fidelity nonlinear model is then
employed in the connectivity estimation scheme. In this scheme,
the parameters which reflect connectivity strength are estimated
through a dual expectation maximization algorithm with Bayesian
inferencing. Bayesian inferencing suffices here due to the use of
informative priors. Upon convergence of the identification scheme,
the parameters are post processed to identify the variables which
are strongly connected and hence grouped together into partitions.
More details about this approach can be found in Section 4.3 of our
previous publication (Bankole and Bhattacharyya, 2018).
5.2.3. Identification of candidate sets of controlled variables
5.2.3.1. Objective function. To implement the CV selection, first, an
operational objective function J is defined. Similar to (Bankole
et al., 2018), this objective takes into account the operational cost
of the acid gas removal unit which includes cost of utilities, feeds,
waste streams, products and energy generation. The utilities
encompasses the following: ammonia refrigeration duties, heating
duties, cooling duties, compressor power, pump power, denoted
by Ql;Qk;Qm;Wi;Wj; respectively in Eq. (34). Feeds to the unit
include shifted syngas, exit tail gas sent to the Claus unit, and
makeup solvent used to replenish lost solvent in the system. Waste
streams considered includes carbon monoxide and hydrogen unre-
covered by the separation unit thus constitute losses and/or ineffi-
ciency. The contribution of waste stream is quantified by howmuch
power can be obtained in the turbine if the carbon monoxide and

http://software.schneider-electric.com/
http://software.schneider-electric.com/


Fig. 6. Process flow configuration of the AGR (modified from Bhattacharyya et al. (2010)).

Table 3
List of all candidate primary controlled variables.

Serial No. Candidate controlled variable Number of
variables

1. Lean solvent (Selexol) flow rate 1
2. Liquid phase CO2 fraction in CO2 absorber 15
3. Liquid phase H2S fraction in CO2 absorber 15
4. Vapor phase CO2 fraction in CO2 absorber 15
5. Vapor phase H2S fraction in CO2 absorber 15
6. Temperature of stages in CO2 absorber 15
7. Semilean solvent flow rate 1
8. Liquid phase CO2 fraction in H2S absorber 23
9. Liquid phase H2S fraction in H2S absorber 23
10. Vapor phase CO2 fraction in H2S absorber 23
11. Vapor phase H2S fraction in H2S absorber 23
12. Temperature of stages in H2S absorber 23
13. H2 Recovery Vessel Pressure 1
14. H2 recovery H2 vapor fraction 1
15. H2 recovery CO2 vapor fraction 1
16. H2 recovery H2 liquid fraction 1
17. H2 recovery CO2 liquid fraction 1
18. H2 recovery temperature 1
19. Medium Pressure Vessel Pressure 1
20. Medium Pressure Vessel Temperature 1
21. Medium pressure H2 vapor fraction 1
22. Medium pressure CO2 vapor fraction 1
23. Medium pressure H2 liquid fraction 1
24. Medium pressure CO2 liquid fraction 1
25. Stripping syngas flow 1
26. Liquid phase CO2 fraction in H2S concentrator 5
27. Liquid phase H2S fraction in H2S concentrator 5
28. Vapor phase CO2 fraction in H2S concentrator 5
29. Vapor phase H2S fraction in H2S concentrator 5
30. Temperature of stages in H2S concentrator 5

Total 230
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hydrogen constituted part of the recovered syngas. Negative cost
was attributed to energy recovered from the gas turbine from the
clean syngas. All costs were determined and normalized by
converting to an equivalent electricity cost. This is done by deter-
mining the electrical power required for pumping and the compres-
sor power required to generate heat duty. The assumed cost of
electricity is $0.0943/kWh. Make up solvent cost is obtained from
(Bucklin and Schendel, 1984). Lastly, product losses such as hydro-
gen and carbon monoxide which are valuable are accounted for.
The entire cost function is given below:

J
$

h

� �
¼ c1 _mmakeupsolvent

� �þ c2 _msteamð Þþ c3
XNheater

k

Qkþc4
XNrefig

l

Q lþ c5
XNwater

m

Qm

þ c6
XNcomp

i

Wiþ
XNpump

j

Wj

 !
þ c7 _mH2 þ _mCO

� � ð36Þ

Units of power and heat duty are given as MW while mass flow
rate is given as kgh�1.

Constants in Eq. (34) are as follows: c1 ¼ 6:28,
c2 ¼ 0:00982; c3 ¼ 17.9,c4 ¼ 13:7, c5 ¼ 0:836, c6 ¼ 94:3; c7 ¼ 3:03.
Nheater;Nrefig ;Nwater represent the number of unit operations involv-
ing heating, refrigeration and water consumption, respectively.
Ncomp;Npump represent the number of compressors and pumps,
respectively.

Given that the set of active constraints are controlled with the
pairings generated for the process as outlined in Jones et al.
(2014) it is sought to select additional degrees of freedom for con-
trol as the AGR process has five degrees of freedom left for use.
Therefore the remaining degrees of freedom which are not coupled
with the active constraints are to be used in controlling five addi-
tional controlled variables. These additional primary variables can

be selected from 230 variables which gives 230
5

� �
¼ 5:14� 109

candidate combinations. The corresponding hardware for the
manipulated variables including those that are coupled with the
active constraints are given in Table 4.

The degrees of freedom analysis is as follows: the H2 recovery
flash pressure, the semi-lean solvent flow and the lean solvent flow



Table 4
List of manipulated variables and hardware for the AGR unit.a

Serial No. Manipulated variable Hardware Active constraint/Inactive

1. LP flash vessel pressure LP CO2 compressor Active
2. MP flash vessel pressure MP CO2 compressor Inactive
3. H2 recovery vessel pressure H2 recovery compressor Inactive
4. Speed control H2 compressor pressure Active
5. Recovered acid gas temperature Cooling water flowrate to heat exchanger Active
6. Stripper reboiler duty Steam flow rate to reboiler Active
7. Stripping syngas flow rate Stripping syngas flow rate to H2S concentrator Inactive
8. H2S concentrator pressure Stripped gas compressor Active
9. Semi lean solvent flow rate Semilean flowrate control valve Inactive
10. H2 cooler duty Cooling water flowrate to heat exchanger Active
11. Lean solvent flow rate Control valve regulating solvent flow to CO2 absorber Inactive

a Low Pressure (LP), Medium Pressure (MP).

Table 5
Decomposition of the AGR unit into partitions for CV selection.

Serial No. Connectivity
threshold

Decomposition groups Number of
partitions

1. f ¼ 1 [T1], [T2], [T4], [D2 ], [D3] 5
2. f ¼ 100 [T1, T2], [D2], [D3], [T4] 4
3. f ¼ 10 [T1, T2, T4], [D2], [D3] 3
4. f ¼ 1 [T1,T2, T4;D2], [D3] 2
5. f ¼ 0:1 [T1,T2, T4, D2, D3] 1
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are available for the CO2 absorber, while only the lean solvent flow
is available for the H2S absorber unit. Similarly, the stripping syngas
flow rate is available for control of the H2S concentrator unit.
Finally the medium pressure has flash pressure as its only degree
of freedom. This analysis is necessary for the subset selection con-
straint

P
i2Pk

m
Fi ¼ nkm8m 2 1; � � � ;MK formulated in Eq. (24). The dis-

turbances considered include upstream variation in syngas flow
and composition from the gasification section. For CV selection of
the AGR process, only five unit operations have degrees of freedom
for control namely T1; T2; T4;D2;D3.hence given the notation as
shown for various units as follows:

1. CO2 absorber (T1)
2. H2S absorber (T2)
3. Selexol stripper (T3)
4. H2S concentrator (T4)
5. H2 recovery knock out drum (D1)
6. H2 recovery drum (D2)
7. Medium pressure flash drum (D3)
8. Low pressure flash drum (D4)

The partitioning is as provided in in Table 52

5.2.3.2. Selection of Pareto sets with multiagent optimization. The
optimization as defined in Eq. (25) was implemented on an Intel�

Xeon� CPU E-5-1620 v2 with 32 GB RAM using the heterogeneous
multiagent optimization framework with three agents: efficient ant
colony algorithm, simulated annealing and genetic algorithm. Sec-
ondly for comparison, the optimization is solved using a stand-
alone branch and bound and parallelized branch and bound as
described in (Jones et al., 2014). The parallelized branch and bound
is deployed on a MATLAB� distributed computing platform with 54
workers. The heterogeneous multiagent optimization framework is
programmed in MATLAB. A framework ID is allocated to the MAOP
solver which indicates which agents are to be utilized in the frame-
work. Each agent is initialized with local parameter settings and
2 Variables whose connectivity strength exceed the threshold f are grouped
together in an island/partition
these parameters are only accessed by the agents. Contrarily, global
parameters are accessed by all the agents in the memory sharing
environment. The termination criteria for the framework is reach-
ing the maximum global iteration Maxiter and/or getting a small
number Eps which is the global tolerance given by the relative
the difference between two consecutive solutions for a fixed num-
ber of consecutive iterations denoted as ConIter. The termination
criteria for the local agents follows a similar approach. The param-
eters for the agents are given in Table 6. Brief description of the
algorithmic agents is given next. For details, the readers are
referred to (Gebreslassie and Diwekar, 2016, 2018). Firstly, in Sim-
ulated annealing, the objective cost (referred to as system energy)
is minimized by accepting solutions from random perturbations
of previous solution states (mimicking particle motion in anneal-
ing). If the new objective function is lower, then the new state is
accepted otherwise it is accepted according to a probability func-
tion like the Boltzmann distribution function. The probability of
accepting new solutions (whether worse or better) is initially high
(i.e. at the initial temperature) and consequently drops thus focus
on good quality solutions and hence solutions that minimize the
objective function are accepted based on the ‘quenching factor’.
This continues until the iteration proceeds to reach maximum iter-
ation (stop temperature). Details of this algorithm are provided in
(Kim and Diwekar, 2002).

Secondly, in the Ant colony algorithm, each random move from
one state to the next is denoted by an ‘edge’ and at each iteration,
the solution archive which consists of the best solutions is updated.
Each edge has a pheromone concentration attached to it (high con-
centration being good quality solution) which depends on the qual-
ity of solution. Again, like the simulated annealing, the pheromone
density and evaporation factor control the quality of solutions that
are accepted as iterations proceed.

Finally, the efficient genetic algorithm works by mutation of
solutions. At each iteration, according to the fitness of the popula-
tion/solution a fraction of the best solutions is selected for repro-
duction (mating) to improve the quality of the population of next
generation (objective function). Better solutions are retained and
used for crossover and mutation while poorer/unfit solutions are
discarded.

For brevity, Table 7 shows the best three global optimum sets of
controlled variable for each decomposition. While the economic
loss is given in deviation values (with respect to the minimum loss),
the controllability is scaled with respect to the maximum singular

value over all sets r
� ¼ 62:63
� �

. In the first row, 5 distinct partitions

are considered which corresponds to a connectivity threshold of
f ¼ 1 as in Table 5. Similar correspondence between the connectiv-
ity threshold for other rows in Tables 7 and 5 holds. The first entry
with 5 partitions indicates controlled variable selection was carried
out for each unit operation separately and merged while the last
entry considers the whole process as a unit aggregate and corre-



Table 6
Parameters for the agents.

Simulated annealing agent Initial temperature Quenching factor Maximum success MaxIter Maximum consecutive rejection Stop temperature
1 0.9 20 200 30 1e�6

Efficient ant colony Number of ants Pheromone evaporation Solution Archive MaxIter ConIter Eps
10 0.7 50 2000 10 1e-5

Genetic Algorithm Population Mutation rate Selection MaxIter ConIter Eps
100 0.0075 0.55 1000 20 1e-5

Table 7
Results of CV selection for different no of partitionsa.

No of Partitions Decomposition groups Global optimum set of CVs Average loss (L) (h�1) Controllability (Jc) r�1

5. � [T1]
� [T2]
� [T4]
� [D2]
� [D3]

3 11 16 22 33 76.7 1.00
6 9 17 26 32 79262.1 0.173
4 10 20 23 30 179072.0 0.171

4. � [T1, T2]
� [D2]
� [D3]
� [T4]

5 7 16 22 33 28.6 0.158
5 13 18 25 29 349.4 0.0237
1 13 21 24 27 5518.7 0.865

3. � [T1, T2; T4]
� [D2]
� [D3]

5 8 16 22 31 28.7 0.0160
5 14 18 25 31 203.9 0.0165
1 8 17 26 31 24851.8 0.665

2. � [T1, T2; T4,D2 ]
� [D3]

1 15 21 25 28 2.3 0.00604
2 12 21 22 34 28.7 0.0163
5 15 21 24 28 289.9 0.00516

1. (Undecomposed System) � [T1,T2, T4, D2, D3] 2 12 19 26 34 0.0 0.000475
1 11 19 26 34 0.23 0.000552
5 11 19 26 34 0.25 0.000552

a CV corresponding to Indices are detailed in Table 8.

Table 8
Indices of candidate controlled variables.a

Index Controlled variable

1. (xCO2)04 CO2 absorber
2. (xH2S)07 CO2 absorber
3. (xH2S)13 CO2 absorber
4. (xH2S)14 CO2 absorber
5. (xH2S)15 CO2 absorber
6. T14 CO2 absorber
7. (xCO2)04 H2S absorber
8. (xCO2)23 H2S absorber
9. (xH2S)09 H2S absorber
10. (xH2S)19 H2S absorber
11. (yCO2)01 H2S absorber
12. (yCO2)19 H2S absorber
13. (yH2S)20 H2S absorber
14. T01 H2S absorber
15. T02 H2S absorber
16. H2 recovery flash pressure
17. H2 recovery flash Temperature
18. H2 recovery flash liquid CO2 fraction
19. H2 recovery flash liquid H2 fraction
20. H2 recovery flash vapor CO2 fraction
21. H2 recovery flash vapor H2 fraction
22. Medium pressure flash pressure
23. Medium pressure flash liquid CO2 fraction
24. Medium pressure flash liquid H2 fraction
25. Medium pressure flash vapor CO2 fraction
26. Medium pressure flash vapor H2 fraction
27. (xCO2)2 H2S concentrator
28. (xH2S)4 H2S concentrator
29. (xH2S)5 H2S concentrator
30. (yCO2)5 H2S concentrator
31. (yH2S)3 H2S concentrator
32. (yH2S)5 H2S concentrator
33. T02 H2S concentrator
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sponds to traditional CV selection. It should be noted that the case
with just 1 partition is the undecomposed system, i.e. the same as
that in the work of Jones et al. (2014). So the results for that case is
the same as in Jones et al. (2014).

Comparison of the execution time of the MAOP with the paral-
lelized BB3 (PBB) and conventional BB (i.e. non-parallelized BB) is
shown in Fig. 7. Only the cases which correspond to 1, 2 and 3 parti-
tions are shown as the rest are trivially fast in comparison. Figs. 8–9
show the optimal economic loss for both the average case and the
worst case losses and controllability in terms of deviation from the
best case results, i.e. with respect to the unpartitioned case as the
number of partitions is varied. These figures show that with more
decomposition (i.e. more partitions), the execution time decreases
for all algorithms (BB, PBB, and MAOP) at the cost of both the opti-
mization objectives. For the case with only one partition i.e. consid-
ering the process as a whole, the MAOP offers approximately 90%
reduction in execution time in comparison to the non-parallelized
BB and 23% reduction in comparison to PBB. While the solution qual-
ity of the branch and bound is guaranteed to find the global optimal,
the multiagent MAOP framework was found to yield the best or the
second best solution depending on the initialization parameters.

In Fig. 8, it can be observed that both the average and worst case
economic loss increases as the number of partitions increases as
would be expected. This is due to the loss in information between
the different partitions which occurs as a result of decomposition.
Alternatively, the decomposition can be viewed as enforcing an
assumption of non-interaction between the considered partitions.
This translates to a concomitant increase in the economic loss
derived due to the decomposition. It can be observed from Fig. 8
that the case where the process is decomposed into two (2)
partitions, the optimal value of the loss function is close to the loss
3 Comparison is performed with Jones et al 2014 as the algorithm developed there is
formulated with selection constraints and handles controllability.

34. T03 H2S concentrator

a Subscript denotes stage number, x; y; T denotes liquid phase fraction, vapor
fraction, temperature.



Fig. 7. Computational time for BB (branch and bound), PBB (Parallelized branch and
bound) and MAOP (Multiagent optimization) for the Cases of 1, 2 and 3 partitions
respectively.

Fig. 9. Controllability versus number of partitions considered.
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function of the case without any decomposition (i.e. the case
denoted by no. of partitions as 1). Furthermore, it is observed that
the best CV sets overlap both for the average case loss and the
worst case loss. The controllability plot is given in Fig. 9. As can
be observed, with the increase in partitions, the controllability
function increases implying higher chances of the saturation of
the manipulated variables with more partitions. It is observed that
the loss of controllability is minimal until when the no of partitions
is between 2 or 3. Considering the tradeoffs, partitioning of the acid
gas removal unit into two partitions appears very attractive since
the loss in the economic objective (worst case: $43.62 h�1

, average
case: $3.8 h�1) and controllability is minimal, while resulting in
about 40% improvement in computational time on average for all
three methods (BB, PBB, MAOP). The results of using two partitions
are given in Table 7 and corresponds to the following sets of CVs
[Stage 24 liquid phase CO2 concentration in CO2 absorber, Stage 2
Temperature in H2S absorber, H2 recovery flash pressure vapor H2

fraction, Medium pressure flash vapor CO2 fraction, Stage 4 liquid
phase H2S concentration in H2S concentrator].
5.2.3.3. Posteriori analysis. Upon the generation of the Pareto opti-
mal set of candidate CVs for each decomposition case, it remains
expedient to examine the performance of the controlled variables
at off design conditions. This was carried out (Jones et al., 2014)
Fig. 8. Deviation in the Average and worst case economic los
by using an equation solver within Aspen Plus which allows for
the evaluation of the loss at fixed values of the disturbances. Here,
a similar mechanism is utilized however the process data is col-
lected from a dynamic simulator (DYNSIM) (Zitney et al., 2012) at
other values of the DVs other than their nominal values at which
the linearization was performed. This study shows the sensitivity
of the average and/or worst case loss function with respect to par-
titioning the process. The disturbances considered include variation
of syngas flow rate from the gasification section to the acid gas
removal unit at 80, 90, 110, and 120% of nominal values at steady
state. These disturbances have been simulated under the assump-
tion that the active constraints do not change.

Fig. 10a shows the variation in the average economic loss at dif-
ferent off-design points (case for five partitions not shown as aver-
age losses are about one order of magnitude higher for all values of
disturbances examined), the increase in loss function as the num-
ber of sections/partitions increase is evident, which is aligned with
the results of Fig. 7. It is clear that the nominal case presents the
lowest loss irrespective of the number of decompositions. The
results clearly shows the high nonlinearity of the system being
studied. It is observed that there is significant increase in the
economic loss with increased no of partitions when the plant
throughput is increased to 110%. Interestingly, the case for 120%
s (Average case) versus number of partitions considered.



Fig. 10. Impact of variation in input syngas flow rate to the H2S absorber on (a) average loss; (b) controllability.
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increase has a higher economic loss than the 110% case for the
undecomposed plant case, but as the number of partitions increase,
the deviation in average loss becomes lower compared to the 110%
case examined. Similar nonlinearity can be observed when the 80%
throughput case is compared with the case with 90% throughput.

Similar results can be seen in examining how the controllability
changes at off design conditions as a function of the number of par-
titions (Fig. 10b). However, it can be observed that the case with
two partitions still results in a reasonable compromise even while
considering these off-design conditions.
6. Conclusion

This paper proposes two approaches for improving the computa-
tional efficiency of the combinatorial optimization that is under-
taken as part of the optimal primary CV (Controlled Variable)
selection process. In the first approach, rather than considering
the process in a holistic manner, a decomposed plant is considered
for the CV selection. The decomposition algorithm identifies the
connectivity strength amongst different variables in the process to
decompose a process into different partitions based on a user
defined threshold of connectivity strength. Strongly coupled vari-
ables and unit operations are considered to be in the same partitions
and vice versa. The CV selection algorithm is then deployed on each
partition independently and the results from each partition are
merged together. In the second approach, a metaheuristic MAOP
(multiagent optimization) algorithm is proposed for solving the
optimization problem in comparison to the traditional BB algo-
rithms. It is proven that for a system that can be fully partitioned
into partitions, the CV selection of the original system is the same
as that of the decomposed plant. A toy example is considered where
only the first approach, i.e. decomposition approach is imple-
mented. Both the approaches are implemented on an AGR unit as
part of an IGCC plant. The MAOP algorithm resulted in considerable
improvement in comparison to the traditional BB and PBB algo-
rithms irrespective of number of partitions. The results show the
tradeoff between the computational efficiency and the optimization
objectives (i.e. economic loss and controllability) with the number
of partitions. For the AGR unit, decomposition into two partitions
results in the minimal loss in the optimization objectives while
improving the computational efficiency by 40% in comparison to
the undecomposed case when the MAOP algorithm is used for both
cases. For this particular case where there are 5:14� 109 candidate
combinations, the optimization problem could be solved in less than
75 s.While further testing of these approaches for plants with larger
number of candidate variables is desired in the future, the proposed
approach shows promise where fast CV selection is desired in plants
with very large number of candidate CV sets.
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Appendix

Decomposition Algorithm: Outline of main ideas

The decomposition algorithm seeks to quantify the structural
connectivity of a chemical process, by characterizing the process
using a second order nonlinear model incorporating interactions
between state and input variables and interactions between state
variables. Below are the key ideas behind this algorithm:

� Different types of connectivity exists between process vari-
ables – those that are inherent to the process (called latent),
while others are modulated by the inputs (called induced)

� Connectivity is established through estimation of the
parameters of the second order nonlinear model, Given by
Eq. (A.1), which lends itself to an interpretation of connec-
tion strength

� Establishment of this connectivity depends on system iden-
tification using an EM algorithm.

Consider a process approximated with a second order nonlinear
model as follows

_x � Axþ
X

ujB
jxþ Cuþ diag xð ÞKx ðA1Þ

Here, x;u; y; h represents state space vector, inputs, measure-
ments and parameters respectively. The dimensionality of the vari-
ables is given by x 2 RNx ,u 2 RNu ; y 2 RNy : The parameters of this
model have been shown to translate to three types of connectivity
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amongst process subunits, namely: latent (A, K), induced (B) and
extrinsic(C). The matrices A and K encodes the first order and sec-

ond order interactions between state variables. The matrix Bj signi-
fies the relative influence of state variables modulated by input uj.
Matrix C denotes the external influence of inputs u on the state

variables. Then, the matrices A, Bj, C and K are scaled appropriately,
denoted by subscript ‘s’ below, and used for extracting structural
connectivity information. Of particular importance is the connec-
tivity relationships modulated by inputs (i.e. B). A connectivity is
classified as weak or strong depending on a user defined threshold

f as shown in Eq. (A.2), where Bj
ik;s is the bilinear parameter

between variables/units i and k modulated by input uj.

connectiv ity k ! ið Þ, strong if Bj
ik;s=B

j
ii;s 	 f

weak otherwise

(
ðA2Þ

More details of this algorithm and several example problems
can be found in Bankole and Bhattacharyya (2016, 2018).
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