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Sensor network design (SND) is a constrained optimization problem requiring systematic and effective solution algo-
rithms for determining where best to locate sensors. A SND algorithm is developed for maximizing plant efficiency for
an estimator-based control system while simultaneously satisfying accuracy requirements for the desired process meas-
urements. The SND problem formulation leads to a mixed integer nonlinear programming (MINLP) optimization that is
difficult to solve for large-scale system applications. Therefore, a sequential approach is developed to solve the MINLP
problem, where the integer problem for sensor selection is solved using the genetic algorithm while the nonlinear pro-
gramming problem including convergence of the “tear stream” in the estimator-based control system is solved using the
direct substitution method. The SND algorithm is then successfully applied to a large scale, highly integrated chemical
process. VC 2014 American Institute of Chemical Engineers AIChE J, 61: 464–476, 2015
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Introduction

Sensor networks play an important role in plant operation,
control, and monitoring. However, it is difficult to select the
number, location, and type of sensors for systematically
designing an optimal plant-wide sensor network. The optimal
sensor network design (SND) strongly depends on the objec-
tive(s) and constraints considered for sensor placement.
Some of the common objectives for SND are maximizing
the estimation accuracy, minimizing the sensor network cost,
maximizing reliability, and maximizing robustness. Some of
the typical constraints are desired level of precision, reliabil-
ity, estimability of key variables, sensor network cost being
lower than some budget, and/or desired level of robustness
of the sensor network. Depending on the underlying SND

problem, the approaches and solution algorithms vary
greatly. It should be noted that SND algorithms can also be
developed from a fault diagnosis perspective; although this
is not the focus of this study.

SND has been an area of active research for the past sev-
eral decades and a review up to year 2000 can be found in
the book by Bagajewicz.1 Usually, a sensor network is
designed either for fault detection and identification or pro-
cess monitoring purposes. Fault diagnosis is beyond the
scope of this article, interested readers are referred to some
of the seminal works in SND by Raghuraj et al.,2 Bhushan
and Rengaswamy,3–6 Musulin et al.,7 and Narasimhan and
Rengaswamy.8 One of the popular goals for SND is to
obtain the cost-optimal sensor network. Bagajewicz et al.9–11

and Chmielewski et al.12 obtained a minimal cost SND sub-
ject to constraints on precision, error detectability, reliability,
and resilience. Kelly and Zyngier13 minimized the cost of a
sensor network with constraints on software and hardware
redundancy of the measured variables and constraints on the
observability and precision of the unmeasured variables.
From the data reconciliation perspective, Kretsovalis and
Mah14 used estimation accuracy for SND at minimal cost.
The authors showed that redundancy in measurements
improved the estimation accuracy. Kadu et al.15 considered
the effect of different sampling frequencies on state estima-
tion accuracy and developed a methodology to solve an
implicit multiobjective optimization problem. Conversely,
Madron and Veverka16 adopted a Gauss–Jordan elimination
method for achieving observability of all key variables at the
minimum cost of the sensor network. Ali17–19 considered
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maximization of estimation reliability as the objective of
their SND algorithm and estimated reliability using the infor-
mation on sensor failure probability. Peng and Chmielew-
ski20,21 placed the sensors based on a controls perspective
and also gave simultaneous formulation of sensor selection
and minimal backed-off operating point selection by maxi-
mizing the operating profit.

SND from an economic perspective has been carried out
by Bagajewicz et al.22,23 where the authors have obtained an
expression for assessing the value of precision. Later Bagaje-
wicz24 extended the economic value of precision by intro-
ducing the effect of induced bias obtained by evaluating the
economic value of accuracy. Bagajewicz and coworkers25–27

have also investigated economic value of data reconciliation
and instrumentation upgrades. Nabil and Narasimhan28 pro-
posed SND based on the loss of operational profit caused by
measurement uncertainty and solved a mixed integer cone
problem to obtain a globally optimal sensor network.

Different computational methods have been used in the
exiting literature to solve the SND problem. Chmielewski
et al.12 used a branch and bound algorithm to find the global
optimum solution. Nguyen and Bagajewicz29,30 used an
equation-based tree search method for medium-scale nonlin-
ear problems to obtain global optimal solution of an SND
problem for process monitoring purposes. A graph-theoretic
method was used by Meyer et al.31 and Luong et al.32 to
design a sensor network for process monitoring. Zumoffen
and Basualdo33 used a genetic algorithm (GA) to achieve an
efficient monitoring system for large-scale chemical plants.
Carnero et al.34,35 used GA for the optimal design of non-
redundant observable linear sensor networks. Combined con-
cepts of graph theory and GA are used by Sen et al.36 to
optimize a single criterion of cost, reliability, or estimation
accuracy. Lee and Diwekar37 presented a novel approach for
optimal SND under uncertainty in an integrated gasification
combined cycle (IGCC) power plant using Fisher informa-
tion as a metric for observation order. Recently, Nguyen and
Bagajewicz38 have proposed an SND algorithm for maximiz-
ing the difference between the economic value of informa-
tion and cost. The authors have solved the SND problem
using GA.

To the best of our knowledge, there is no SND algorithm
in the existing literature for maximizing process efficiency.
If an estimator-based control system is considered, the meas-
urements from the sensor network pass through the estima-
tor, and the controllers take action based on the estimated
values. This, in turn, affects the process and, therefore, the
measured variables. This continues until the process reaches
its new steady state. It should be noted that for an estimator-
based control system, the feedback error signal calculated
with respect to the estimated value of the controlled varia-
bles has to go to zero at the steady state. Therefore, the error
calculated with respect to the true value of the controlled
variables is not necessarily zero and depends on the estima-
tion error. As the estimation accuracy of some of the con-
trolled variables (this point will be explained in the
following paragraphs) can affect the efficiency of the pro-
cess, the sensor network can impact the process efficiency.
In addition, the feedback control loop affects the estimation
accuracy of other key process variables that are used for
monitoring purposes. The feedback loops are difficult to con-
sider in the SND algorithm as the impact of the feedback
control loops in the presence of an estimator-based control
system should be taken into account while evaluating the

objective for SND and checking for constraint violation. It
should be noted that most SND algorithms have been devel-
oped without considering the effect of the feedback loop on
the process efficiency in an estimator-based control system.

The variables measured by sensors in the plant can be of
two types. The first type is used for monitoring purposes.
For example, if the measured variable is an environmental
variable, then a measurement error can lead to violation of
environmental emission limits. Furthermore, if the measured
variable is a key variable for monitoring the health of an
equipment item, an error can lead to undesired conditions
such as equipment damage. In addition, many other process
variables are monitored to avoid safety hazards, or unwanted
products, or other undesired conditions. Therefore, desired
estimation accuracy must be achieved by the measurement
network for these variables. It should be noted that if a vari-
able is measured only for monitoring purposes and no (con-
trol) action is taken based on that measurement, the plant
operation is not affected due to this type of variable.

The second type of measured variable is used as a con-
trolled variable. Some variables under this category can
affect the plant efficiency. For example, the liquid level in
the sump of a distillation tower has minimal impact on the
plant efficiency under perfect control. The controlled varia-
bles that affect plant efficiency may be known to a user due
to past experiences or can be determined experimentally or
through process simulations by evaluating the sensitivity of
process efficiency with respect to a particular process vari-
able. If the plant control structure has been systematically
designed by optimizing its economic performance by follow-
ing a method similar to that proposed by Skogestad39 and
further extended by Jones et al.,40 then all primary controlled
variables in such control structures affect the plant effi-
ciency. It can be noted that in the method proposed by Sko-
gestad,39 the primary controlled variables are selected
through steady-state economic analysis.

Jones et al.40 have extended the work of Skogestad39 by
incorporating the control performance of the primary con-
trolled variables in the selection criteria. In this approach,
optimizations are performed for maximizing an economic
objective with respect to steady-state degrees of freedom
(DOF) by considering various disturbances. The active con-
straints are selected as primary controlled variables. In addi-
tion, depending on the remaining DOF, additional controlled
variables are selected so that they are self-optimizing. The
self-optimizing controlled variables are those that when left
constant result in an acceptable economic loss in the face of
disturbances.41 If the primary controlled variables in a plant
are self-optimizing and the plant has been optimally
designed, then a deviation from the optimal values of the
controlled variables would result in a loss in efficiency. The
extent of this loss in efficiency depends on the magnitude
and direction of the deviation. A low estimation accuracy of
these variables will lead to a loss in efficiency. Conversely,
setting an arbitrarily high estimation accuracy will result in
undesired increase in the cost of the senor network. There-
fore, unlike existing SND methods where the desired estima-
tion accuracy of all variables of interest is set by the user,
no specifications are needed for estimation accuracy of the
self-optimizing controlled variables when using the
estimator-based control system.

Conversely, for the primary controlled variables that are
active constraints, the change in the process efficiency with
respect to a change in the variable is monotonic, at least
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locally. Therefore, specifications have to be provided by the
user for either the positive or the negative estimation accu-
racy of these variables but not for both positive and nega-
tive. This aspect is better explained by the following
example. Consider a CO2 capture unit with an operational
objective of 90% CO2 capture. It has been well documented
that CO2 capture can strongly affect plant efficiency.42 Due
to inaccuracies in the measurement system, two undesired
operational scenarios with regards to maintaining the target
capture rate may occur. In the first scenario, the measure-
ment system might show that CO2 capture is less than the
target (e.g., 89.8%) even though the actual capture is exactly
90%. In this scenario, the plant operators/control system will
change the operating conditions to increase the amount of
CO2 capture to maintain it at the set point thereby causing a
loss in process efficiency. For this scenario, the negative esti-
mation accuracy can be determined by considering the trade-
off between efficiency and cost. In the second scenario, if
the measurement system shows a greater (i.e., 90.2%) CO2

capture level even though the actual capture is 90%, the
plant operators/control system will change the operating con-
ditions to decrease the CO2 capture. As a result more CO2

will be released to the environment, which can result in a
penalty from the regulating agencies. For this scenario, the
allowable positive estimation accuracy has to be set by the
user. For many measurement instruments, the estimation
accuracy guaranteed by the manufacturer is the same in both
positive and negative direction. For such instruments, the
SND algorithm should automatically determine the limiting
deviation and design the sensor network accordingly.

With these motivations and the background provided
above, a new SND algorithm has been developed assuming
an estimator-based control system where an optimal Kalman
filter (KF)43 is used to estimate the states in the presence of
measurement and process noise. Due to the feedback loop in
the control system, the resulting system of equations
becomes very difficult to converge for any arbitrary set of
integer variables (i.e., set of sensors). A sequential optimiza-
tion algorithm is developed that follows the infeasible path
method where a “tearing” approach is used to solve the feed-
back loops. The methodology is developed in a way that
large-scale systems can be solved efficiently. As mentioned
before, this algorithm does not require the user to provide an
estimation accuracy for the self-optimizing controlled varia-
bles unless the user desires to do so for some specific reason.
For example, if a chemical plant emits H2S to the environ-
ment and its composition in the emission gas is the self-
optimizing controlled variables, then estimation accuracy
must be provided for H2S capture. For the controlled varia-
bles that are active constraints, only one estimation accuracy,
either positive or negative, has to be provided by the user.
For all other variables that are used for monitoring purposes,

the desired estimation accuracy has to be provided by the
user.

In this work, the integer programming (IP) problem is
solved by GA while other linear and nonlinear constraints
are satisfied by a sequential equation solver using a “tear”
stream approach. As discussed below in more detail, this for-
mulation helps in satisfying the linear and nonlinear equality
constraints for every combination of integer variables.

Many of the SND algorithms in the existing literature
have been applied to small simplified test problems. In this
work, the developed methodology is applied to a large, high-
integrated acid gas removal (AGR) unit as part of an IGCC
power plant with CO2 capture. This AGR unit comprises of
a number of typical unit operations involving considerable
mass and energy integration and, therefore, is a very good
industrial case study for the proposed algorithm.

This following organization is adopted in this article. First,
the SND algorithm for efficiency maximization for an
estimator-based control system is developed. This is fol-
lowed by a discussion of the solution approaches to the SND
problem. Finally, the application of the SND algorithm to
the AGR case study is presented.

Development of the SND Algorithm

Figure 1 shows the estimator-based control system that is
used to develop the SND algorithm. Perturbed by a disturb-
ance, ud, the estimator receives the noisy measurements, yb,
from the sensor network and estimates the process variables
of interest for use in control ðŷcont;estÞ and monitoring (ŷmonÞ.
The controller(s) then implement(s) the corrective action on
the process based on the estimated controlled variables.

For developing the SND algorithm, first the set of equa-
tions corresponding to each block of the estimator-based
control system is organized. The estimator block in Figure 1
is considered to be a continuous KF. The process and mea-
surement models are given by the following equations

dxact

dt
5Axact1Bu1w (1)

y5Cxact1m (2)

In Eq. 1, A (n3n) and B (n3m) are the constant nonsingu-
lar transition matrix and input matrix, respectively. Equation
2 defines the relationship between the measurement vector
ðyÞ and the state vector (xact). C ðl3nÞ is the measurement
matrix. The mismatch between the nonlinear process and the
linear state-space model is captured by the random variable
w, typically known as the process noise vector. The random
variable m in Eq. 2 represents measurement noise. Process
noise (w) and measurement noise (v) are assumed to be
uncorrelated, Gaussian, white noise sequences with zero-
mean.

An optimal KF43 is used to estimate the states and distur-
bances of the process. Table 1 shows the equations that char-
acterize the closed-loop blocks: estimator, comparator, and
controller. Linear differential equations (Eq. 3) are used to
estimate the states x̂ of the controlled variables and other
key performance variables of the process in the presence of
noisy measurements, y and Kalman gain, K. Kalman gain
can be obtained by first integrating the nonlinear matrix dif-
ferential Riccati equation (Eq. 4) for the state covariance
matrix, P, and then solving the matrix equation (Eq. 5) for
the Kalman gain. Q is the process noise variance-covariance

Figure 1. Schematic of the estimator-based control sys-
tem for development of the SND algorithm.
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matrix that is related to the process noise column vector ðwÞ
in Eq. 6. Similarly, the measurement noise variance-
covariance matrix R consists of spectral densities describing
the measurement noise, v, in Eq. 7. Usually, Q and R are
used as tuning parameters. They are either manually tuned
or kept constant during state estimation. As the tuning
parameters are unknown, a good guess is crucial for both of
them.

The comparator receives the estimated measurements
(Eq. 8) and compares them with the set point of the con-
trolled variables of interest and calculates the error functions,
eðtÞ (Eq. 9). In this case, a proportional-only (P) controller
has been assumed mainly for simplicity. Equation 10 shows
the time variant proportional control action, where Kc is the
proportional gain.

For simplicity and reduction of computational expense,
the SND algorithm is developed under steady-state assump-
tions. In addition to the steady-state versions of the equations
shown in Table 1, the inequality constraints shown in Eqs.
11 and 12 are also considered. In Eq. 11, parameter b
denotes the budget ($) for the sensor where the left side of
the inequality represents total cost of placed sensors for
obtaining measurements and ci denotes the cost of individual
sensor i. X

8i
cibi � b 8i 2 Ns (11)

jyma;act2Cmax̂j < tol1 (12)

bi takes on a value of 1 if a sensor is placed to measure the
process variable, otherwise it is 0. In Eq. 12, tol1 is the toler-
ance limit vector on the estimation error and the left side of
the inequality is the vector of actual minus vector of esti-
mated value (Cmax̂) of process monitoring variables as well
as active constraints. The objective function is defined as the
deviation of the actual efficiency of the plant from the opti-
mal efficiency. The optimal efficiency, gopt, is the maximum
efficiency when the plant runs under optimal operating con-
ditions with no estimator and measurement errors. Therefore,
gopt is the maximum efficiency that can be attained. The effi-
ciency of the process in the presence of estimator-based

control system is denoted by g xact;bð Þ. It should be noted
that one down-side of the steady-state assumption is that the
KF is essentially being used to estimate steady-state bias.

The SND objective is to maximize gðxact;bÞ for a given
budget for sensors. This is equivalent to the minimization of
the squared error between the maximum efficiency and the
actual efficiency of the plant with the sensors in place.
Therefore, after some substitutions and rearrangement, the
SND problem is given by

Minðgopt2gðxact; bÞÞ2

s:t:

Axact1Bu1w50

Cb5 Cij

� �
bi 6¼0

; mb5 vi½ �bi 6¼0

i51; 2; . . . . . . l; j51; 2; . . . . . . n

yb5Cbxact1vb

AP1PAT2PCT
bRb

21CbP1Q50

K5PCT
bRb

21

Ax̂1Bu1K yb2Cbx̂
� �

50
X

8i cibi � b

bi50; 1 8i 2 Ns

jyma;act2Cmax̂j < tol1

9>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>=
>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>;

(13)

Ns is the set of all candidate sensors. In this formulation,
the variable y in Eq. 2 is replaced by yb as the set of avail-
able measurements. Cb is the measurement matrix of the
available sensors and the corresponding measurement noise
is mb. It should be noted that b is the set of integer variables
while the remaining variables are continuous. Therefore,
the SND is a mixed integer nonlinear programming
(MINLP) problem which can be solved by two solution
approaches: a simultaneous solution approach or a sequen-
tial solution approach.

Simultaneous Solution Approach

In the simultaneous approach, all the constraints are satis-
fied at the same time. However, the developed algorithm has
a large number of variables including the actual states, out-
puts, estimated states, and the elements of the state covari-
ance matrix, P. If there are n state variables and

P
bi

integer variables, then the total number of continuous and
integer variables in the SND problem is 2n12

P
bi: In addi-

tion, the solution of n3n matrix Riccati equations and com-
putation of steady-state Kalman gain matrix of identical
dimension results in extensive computational complexity. In
the case of a very large size problem involving more than a
thousand states, this approach becomes computationally very
expensive. Furthermore, it becomes very difficult to make an

Table 1. Equations Characterizing the Estimator, Comparator and Controller Block (in Figure 1)

Estimator (KF) Comparator

dx̂
dt 5Ax̂1Bu1Kðy2Cx̂Þ (3) Estimated measurements: ŷcont;est5Ccontx̂ (8)
dP
dt 52PCTR21CP1PAT1AP1Q (4)

K5PCTR21 (5) Error function: eðtÞ5ycont;set2ŷcont;est

Controller (proportional-only)
(9)

Q5E½wwT� (6)
R5E½vvT� (7) Control action: ducont

dt 5 Kc
deðtÞ

dt (10)

Figure 2. Sequential solution approach to the SND prob-
lem for the estimator-based control system.
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initial guess for the continuous variables, especially for P for
every possible combination of integer variables (i.e., selected
sensors). A bad initial guess can result in high computation
expense and in the worst case can lead to failure. One typical
approach to solve the MINLP problem is to separate the IP
problem from the nonlinear programming (NLP) problem.
But again, the convergence of the NLP problem is extremely
difficult because of the reason mentioned above. Based on our
extensive testing of a number of case studies, this approach is
found to be suitable for small problems with very few states
and candidate sensor locations. As our objective is to apply

the SND algorithm to large systems, this approach was not
pursued further. Instead, a sequential modular approach
described in the following section is developed.

Sequential Solution Approach

In this approach, the MINLP problem for SND is solved
by solving the IP problem by GA while the NLP problem is
solved sequentially as described below. The proposed
sequential approach is similar to the sequential modular
approach used for solving process flow sheeting problems. In

Figure 3. Algorithm to simulate feedback control system with an estimator.
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this approach, each estimator-based control loop is opened
by tearing a stream and then the blocks are solved sequen-
tially until a convergence criterion is satisfied. The proposed
approach is shown in Figure 2. Although the tear-stream
location can be any location such that the loop is opened,
the location chosen in this work, as shown in Figure 2, helps
to reduce the total number of tear variables and helps to gen-
erate initial guesses for the tear variables (i.e., the inputs).

As the NLP problem is solved sequentially, the objective
function in the GA is modified to introduce the penalty term
for the estimation error in the process monitoring variables
and active contraints. Figure 3 shows the algorithm for the
sequential solution approach.

The SND algorithm is developed under the assumption of
perfect implementation of control action in the feedback con-
trol loop, that is, implementation error due to the actuator
and any associated hardware/software is neglected. The
developed algorithm is solved using GA. The flow sheet in
Figure 3 starts with the specification of GA parameters and
proceeds with the creation of an initial population in the first
generation (denoted by Gen in Figure 3). Each solution set b
in the population consists of decision variables, that is, loca-
tions of sensors. A counter is set to reduce the excessive
computational time for those solution sets that fail to satisfy
the convergence criterion. The estimator-based feedback con-
trol loop starts with counter50 and an initial guess for the
tear stream (ucont). The initial guess is generated by consider-
ing the process model and assuming perfect control and
measured disturbances. Input, u, is obtained by augmenting
the disturbance vector, d, with ucont. In Step 1, the process
model is solved to calculate the actual states, xact, using the
augmented vector u. In Steps 2 and 3, those rows of the
measurement matrix and measurement noise vector that

correspond to bi50 (ith row) are rejected. As a result, the
dimension of Cb and mb reduces to

P
bi by n and

P
bi by 1,

respectively. This is followed by Step 4, where noisy meas-
urements are obtained using the linear algebraic measure-
ment equations and adding measurement noise mb. Step 5
involves solving the algebraic Riccati equation to obtain the
process noise covariance matrix (P) followed by the calcula-
tion of the steady-state Kalman gain matrix (K) in Step 6.
Once the steady-state gain is available, the estimated states,
x̂, can be computed in Step 7 that are then used in Step 8, to
obtain estimated controlled variables, ŷcont;est. In the Step 9,
error is determined from the difference between the set point
and the estimated controlled variables. Based on this error,
in Step 10, the P-only controller computes necessary control
action ucontnew

. Until jErrj satisfies the tolerance or the coun-
ter is less than the prespecified number for the iteration loop,
the entire computation loop is repeated with the updated
ucont. It should be noted that when jErrj satisfies the toler-
ance and the tolerance is set at a low enough value, the solu-
tion represents the steady state of the entire system. The
steady-state solution for a particular candidate set of sensors
is achieved after a number of iterations. Then, the feasible
candidate set is assigned a fitness value based on the objec-
tive function. The infeasible set of sensors that does not sat-
isfy the estimation accuracy in monitoring variables as well
as in active constraints penalizes the objective function by
adding ETWE where W is a weighting factor. The GA con-
tinues until the convergence criterion is satisfied.

The SND algorithm presented here uses the “direct sub-
stitution” method for tear-stream convergence. For highly
interacting systems, other algorithms for tear-stream conver-
gence such as Broyden’s method or Newton’s method might
be necessary.

Figure 4. Configuration of the AGR and CO2 compression units.45

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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Genetic Algorithm

The GA is based on the principle of biological evolu-
tion.44 GA creates the initial solution sets and ranks them
according to their fitness value. Solution sets with higher fit-
ness values survive and act as parents to produce children
for the next generation. Breeding is performed based on the
prespecified crossover, mutation, and selection criteria. Over
successive generations, the population “evolves” toward an
optimal solution. The proposed SND problem is very suita-
ble for the GA because:
� The problem is a combinatorial optimization problem.
� The GA can handle the inequality constraints with

mixed integer linear programming problem.
� The SND problem is expected to have many extrema

and, therefore, a global search is necessary.

Case Study

This section illustrates the application of the proposed
SND methodology to a large-scale chemical process unit,
specifically a selective, dual stage, chilled SelexolTM

solvent-based AGR unit. The AGR unit considered for our
study is a part of an IGCC power plant with precombustion
CO2 capture described in Bhattacharyya et al.45 Figure 4
shows the configuration of the AGR unit and subsequent
CO2 compression system.

The AGR process is dual stage and selective to both H2S
and CO2 capture. Chilled solvent is used to remove H2S in
the first stage followed by a second stage that removes CO2.
Most of the H2S in the syngas entering the AGR process is
absorbed in the semi-lean solvent as it passes through the
H2S absorber. The tail gas from the Claus sulfur capture unit
is recycled to the H2S absorber. The off-gas from the top of
the H2S absorber is sent to the CO2 absorber. A portion of
the loaded solvent (about 30% in the base case) from the
bottom of the CO2 absorber is chilled and sent to the H2S
absorber. The remaining portion of the loaded solvent from
the bottom of the CO2 absorber is heated and then flows
through the H2 recovery drum. After that it goes through a
series of three flash vessels, high pressure (HP), medium
pressure (MP), and low pressure (LP), to recover CO2 for

compression in preparation for storage. The semi-lean sol-
vent leaving the LP flash vessel is cooled by exchanging
heat with the loaded solvent and is then chilled before
returning to the CO2 absorber. The rich solvent from the bot-
tom of the H2S absorber is heated and then sent to a flash
vessel. The vapor from the flash vessel is recycled back to
the H2S absorber. The bottom stream from the flash vessel
goes to the solvent stripper. Make-up solvent is mixed with
the stripped solvent and sent to the top tray of the CO2

absorber.
For evaluating performance of AGR processes, usually

measures such as $/tonne CO2 captured or avoided is consid-
ered.46 The dollar cost includes both operating and capital
costs. From the sensor placement perspective, as we are
mainly interested in the operating costs, amount of CO2 cap-
tured per unit power consumption is considered to be the
measure for efficiency of this AGR process. Thus, g xact;bð Þ
is defined for the AGR unit by the following equation

Table 2. List of Primary Controller Variables and Pairings

Active Constraints Manipulated Variables

1. CO2 capture 1. Low pressure flash pressure
2. Water content of solvent at stripper bottom 2. Steam flow rate
3. Stripper pressure 3. Stripper vapor flow rate
4. Stripper top temperature 4. Stripper condenser duty
5. Semi-lean solvent cooler outlet temperature 5. Semi lean solvent cooler duty
6. Loaded solvent cooler outlet temperature 6. Loaded solvent cooler duty
7. Lean solvent cooler outlet temperature 7. Lean solvent cooler duty
8. H2 cooler outlet temperature 8. H2 cooler duty

Self-optimizing Controlled Variables Manipulated Variables

9. Pressure of the H2 recovery unit 9. H2 recovery outlet valve position
10. Pressure of the HP flash vessel 10. HP compressor brake power
11. Pressure of the MP flash vessel 11. MP compressor brake power
12. N2 flow rate to H2S concentrator 12. Valve opening of the N2 feed valve

Table 3. List of Process Monitoring Variables

Constraint Value

Maximum allowable solvent temperature 175�C
Minimum stripper pressure 276 kPa

Figure 5. Workflow for implementation of the SND
algorithm.
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gðxact;bÞ5
FCO2;inðxactÞ2FCO2;outðxactÞ

aFsolventðxactÞ1
X3

c51
PcðxactÞ

(14)

The numerator in Eq. 14 represents the amount of CO2

captured while the denominator is the MWh power consump-
tion. The variables in Eq. 14 are a function of xact in the
estimator-based control system.

The primary controlled variables for the AGR process
have been identified by Jones et al.40 and are shown in Table
2. An estimator-based control system has been implemented
for active constraints and self-optimizing controlled variables
as shown in Table 2. The interested reader is referred to
Jones et al.40 for details of the primary controlled variables
and their selection method.

There are a number of operational constraints in the AGR
unit considered as process monitoring variables and estima-
tion accuracy must be satisfied for these variables. In this
framework, it is easy to include more monitored variables
for which estimation accuracy must be satisfied. However, in
this case, for simplicity and testing, only two variables are
considered for process monitoring purposes as shown in
Table 3.

Figure 5 is the block diagram of the workflow based on
the three different software platforms used, namely Aspen
Plus

VR

(AP), Aspen Plus Dynamics
VR

(APD), and MATLAB
VR

.
AP

VR

has been used to develop the steady-state process
model of the AGR unit. The model is then exported to
APD

VR

for designing the control system and obtaining a sta-
ble dynamic model. Details about this model can be found
in the works of Bhattacharyya et al.45 and Jones et al.40

Starting with this nonlinear process model of the AGR pro-
cess in APD

VR

, a continuous-time, linear model is generated
by running a control design interface script that linearizes
the nonlinear model around the steady-state operation condi-
tions. All the primary controlled variable loops are kept
open during the linearization of the model. The linear state-
space model of the AGR unit, the algebraic measurement
equations for candidate sensor locations, the primary con-
trolled variables, and variables that appear in the objective
functions are then exported to MATLAB

VR

. It should be

noted that even though all primary controlled variables have
to be estimated by the measurement framework, sensors are
not necessarily placed on all primary controlled variables.
This is because measurement of some of these variables can
be difficult and/or expensive and can have time delay, high
noise, and/or low estimation accuracy. Conversely, it may be
possible to estimate these variables satisfactorily by placing
sensors elsewhere in the process and within the budget con-
straint. The optimal selection is done by the SND algorithm.
In addition, satisfactory estimation of all other variable used
for estimation purposes is desired. Therefore, the candidate
sensor locations include other variables in addition to the
primary controlled variables. The SND algorithm described
above is implemented in MATLAB

VR

.
The AGR process contains 1505 states. Two disturbances,

including the change in the syngas flow rate and CO2 con-
centration at the inlet of the AGR unit, have been consid-
ered. The flow rate disturbance is simulated by changing the
inlet pressure of the syngas to the AGR unit. Four different
types of commonly used sensors have been considered.
These are temperature, pressure, flow, and composition (CO2

and H2S) sensors. They are denoted by T, P, F, yH2S, and
yCO2

, respectively, in the discussion below. The process flow
sheet of the AGR unit is reviewed and the candidate sensor
locations are identified based on the criteria mentioned
below:

1. For columns including the H2S and CO2 absorbers, sol-
vent stripper and H2S concentrator, candidate T, P, yH2S, and
yCO2

sensor locations are shown in Table 4. As all columns
are modeled using an equilibrium-stage assumption, tempera-
tures of the liquid and vapor phases leaving a stage are the
same. Therefore, only one T and P are considered for all
these trays.

2. For the heat exchangers, T and P are measured at both
inlet and outlet. As the mass/molar flow rate and composi-
tion does not change across the heat exchangers in the AGR
unit, these variables are measured only at the outlet.

3. For each recycle stream, one flow meter is considered.
4. In all mixer blocks, no pressure drop has been consid-

ered. Therefore, T, F, yH2S, and yCO2
vary, but P is constant.

5. For splitter blocks, F changes, but T, P, yH2S, and yCO2

are constant.
6. Across the pump and valve, only P changes. There

may be some changes in the temperature but that is
neglected.

7. For compressors, both P and T change across the
compressor.

After this analysis, 163 measurements are identified as
potential locations for sensor placement. Tables 4 and 5
show the distribution of these candidate sensors in the AGR
unit.

As mentioned before, P-only control has been considered
in this work. It is required to obtain the tuning parameters of
estimator-based controllers so that the closed-loop system in
MATLAB

VR

remains similar to the APD
VR

model. The tuning
parameter, in this case the proportional gain, is determined

Table 4. Candidate Sensor Locations in the Equipment Items

in the AGR Unit

Equipment Sensors No.

H2S absorber T2, T8, T14, T20, T26, P7, P16, P25,
(H2S)5, (H2S)16, (H2S)25, (CO2)5,
(CO2)16, (CO2)25

14

CO2 absorber T2, T8, T14, P3, P9, P15;(H2S)2, (H2S)8,
(H2S)14, (CO2)2, (CO2)8, (CO2)14

12

H2S
concentrator

T3, T5, P4, (H2S)1, (H2S)5, (CO2)1,
(CO2)5

7

Acid gas
knockout

T;P 2

Solvent
stripper

T1, T3, T7, T10, P1, P3, P9, (H2S)3,
(H2S)9, (CO2)3, (CO2)9

11

Total 5 46

Table 5. Candidate Sensor Locations in the Process Streams

in the AGR Unit

Sensor Types T P F H2S Analyzer CO2 Analyzer

No. of sensors 47 33 18 3 16
Total 117

Table 6. Approximate Model Tuning Rules
49

Tuning Rules Controller Type Kc

Ziegler–Nichols Proportional controller 1
Kp

s
a

� �

Cohen–Coon Proportional controller 1
Kp

s
a

� �
11 1

3
a
s

� �� �
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using both Ziegler and Nichols47 and Cohen and Coon48

approximate model tuning rules. It can be noted that for
the APD

VR

model, the proportional-integral-derivative (PID)
tuning parameters were obtained by Ziegler–Nichols and
Cohen–Coon rules. In this case, the Ziegler–Nichols tuning
rule outperforms the Cohen–Coon rule as latter one is more
aggressive. The Ziegler–Nichols tuning rule is similar to the
APD

VR

model. Table 6 shows the rules that have been used
to calculate the gain for the proportional controller.

Process gain (Kp), time constant (s), and time delay (a)
are obtained from the nonlinear process model in APD

VR

.
Table 7 presents the list of controllers and the corresponding
tuning parameters obtained from the aforementioned tuning
rules.

As mentioned earlier, four types of sensors were consid-
ered: flow, pressure, temperature, and composition sensors.
Flow sensors are further classified based on the phase of the
stream and range of the flow rate. Table 8 shows the types
of sensors, range, % inaccuracy, typical cost range, and the
cost used in the work. The data provided in this table have

Table 7. Tuning Parameters Used in the AGR Example

Primary Controlled
Variables Kp s (min) a (min) Kc (Ziegler–Nichols) Kc (Cohen–Coon)

1. CO2 capture 17.5 10.941 3.410 0.184 0.203
2. Water content of

solvent at stripper
bottom

0.128 66.136 0.457 1133 1135

3. Stripper pressure 0.102 0.355 0.060 57.863 61.125
4. Stripper top

temperature
241 0.095 0.060 0.007 0.008

5. Semi lean solvent
cooler outlet
temperature

0.556 0.086 0.060 2.584 3.184

6. Loaded solvent
cooler outlet
temperature

1.726 0.088 0.060 0.854 1.047

7. Lean solvent cooler
outlet temperature

11.362 0.077 0.060 0.112 0.142

8. H2 cooler outlet
temperature

72.6 0.108 0.060 0.025 0.029

9. Pressure of the H2

recovery unit
0.162 5.870 0.432 83.967 86.027

10. Pressure of the HP
flash vessel

0.017 3.808 0.543 403.373 422.6

11. Pressure of the MP
flash vessel

0.019 3.415 0.496 353.757 370.9

12. N2 flow rate to H2S
concentrator: FN2

115.853 0.238 0.060 0.0342 0.037

Note: Signs of Kp and Kc not shown.

Table 8. Cost of Sensors
50

Used in the AGR Example

Types Range Inaccuracy $ Cost Range Cost Used

Flow sensor(plate 1 flanges 1

flanged meter 1 transmitter)
Gas phase 5–20 cm pipe 60:25 to 60:5% of actual flow $1500–3500 $3400
Gas phase 20–50 cm pipe $3500–8000 $7000

Liquid phase 1–35 cm pipe $1000–6000 $5300
Liquid phase 70–100 cm pipe $10,000–15,000 $14,000

Pressure measurement device
(integral with a transmitter)

0–6.9 MPa 0.1–1% of span $1500–3700 $2500

Temperature (thermocouple
integral with a transmitter)

2174.4 to 2337�C 61 to 62:8�C $700–2000 $1000

H2S analyzer (includes installation cost) 0–500 ppm 1% of full scale $65,000–145,000 $70,000
CO2 analyzer (explosion-proof NDIR analyzer

with recorder, includes installation cost)
0–50 ppm 1–2% of full scale $10,000 $10,000

Table 9. Setup Parameters in GA

Parameters

Generations 250
Selection Stochastic uniform selection method
Crossover Scattered crossover method
Population size 75
Mutation rate 0.01

Table 10. Number of Sensors and the Value of the Objective

Function for Different Budgets

Cases

Budget
(Cost of

Sensors, $)
Number

of Sensors

Efficiency
(mol CO2/

MWh)
Computation

Time

1 431,900 75 766.01 4 h 11 min
2 322,600 66 766.01 4 h 47 min
3 229,400 64 766.01 5 h 2 min
4 187,900 62 766.01 7 h 22 min
5 149,000 56 765.11 13 h
6 118,700 46 762.64 18 h
7 71,200 25 758.25 3 h 16 min
8 63,700 25 756.76 3 h 13 min
9 60,200 23 752.04 3 h 45 min
10 59,700 24 750.07 4 h 47 min
11 42,500 17 742.86 5 h 17 min
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been obtained from Liptak.50 The cost of the sensors
includes the price for measuring device, transmitter, other
accessories as well as installation cost.

Due to the large size of the SND problem, considerable
computational time is required to solve the constrained opti-
mization problem on a single computer processor. For reduc-
ing the computation time, parallel computing was performed
using the Distributed Computing Server (DCS

VR

) and the Par-
allel Computing

VR

toolbox from Mathworks
VR

. The proposed
algorithms were implemented in a MATLAB

VR

program run-
ning on a computer cluster with 32 Intel

VR

Xeon
VR

2.10 GHz
processors with 64 GB RAM.

The methods for the GA operators and the values for the
parameters are intuitively chosen in accordance with the
scale of the problem using the guidelines provided in the lit-
erature.44 Table 9 shows the key parameters in the GA
specification.

Results

Efficiency of the AGR unit, defined as the amount of CO2

capture per unit power consumption, is considered as the
objective function in the SND algorithm. The maximum effi-
ciency of the AGR unit as calculated from the dynamic
model in APD

VR

is 766.18 mol CO2 capture/MWh when the
plant runs under optimal operating conditions with no

estimator and measurement errors. However, the value of the
objective function without any measurements (i.e., estimator
only) is the minimum value of the efficiency and is found to
be 715.65 mol CO2 capture/MWh. It is noted that the differ-
ence between the maximum and the minimum efficiency
defined this way is a measure of the goodness of the process
model.

Table 10 presents the results of some case studies for dif-
ferent budgets ($) for the sensor network. These case studies
show that as the budget increases the number of sensors
increases. Consequently, the number of available measure-
ments also increases and/or costlier sensors are selected,
which in turn can provide higher estimation accuracy for the
process variables of interest as well as increased efficiency
of the plant. Most of the CPU time is consumed for solving
the matrix Riccati equation involving process covariance
matrix of dimension 1505 3 1505. In addition, as this prob-
lem considers 163 potential sensor locations, a large combi-
natorial problem is solved for each budget constraint. The
manuscript has been updated to include these informations.
It is also observed from the case studies that the computa-
tional time depends on the initial population used by the
GA. For the Cases 1–6, the computational time increases as
the budget decreases. This is because of the higher number

Figure 6. Objective function vs. cost of sensors.

[Color figure can be viewed in the online issue, which is

available at wileyonlinelibrary.com.]

Figure 7. Manipulated variable: semi-lean solvent
cooler duty (left); controlled variable: semi-
lean solvent cooler outlet temperature
(right) against budget.

[Color figure can be viewed in the online issue, which

is available at wileyonlinelibrary.com.]

Figure 9. Manipulated variable: power of the HP com-
pressor (left); controlled variable: pressure of
the HP flash vessel (right) against budget.

[Color figure can be viewed in the online issue, which is

available at wileyonlinelibrary.com.]

Figure 8. Manipulated variable: brake power of the MP
CO2 compressor (left); controlled variable:
pressure of the MP flash vessel (right)
against budget.

[Color figure can be viewed in the online issue, which is

available at wileyonlinelibrary.com.]
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of sensors that can be considered without violating the
budget constraint. For the lower budget cases, that is, Cases
7–11, the initial population is created using the solution set
of sensors obtained from the higher budget case studies. The
computation time is significantly less for the lower budgets
case studies. Using the DCS

VR

and Parallel Computing
VR

tool-
box reduces the computation time by a factor of 6 compared
to the nonparallel case studies.

Figure 6 shows how the optimal objective function value
changes with the change in the budget. The figure shows
that beyond $149K budget (Case 5), the value of the objec-
tive function changes negligibly.

Figures 7–9 illustrate the underlying reason for the
increase in efficiency as the budget for sensors increases. For
brevity, the impact of the budget on the estimation accuracy
of a few key input–output variables is presented. As the
budget increases, the estimation accuracy of the controlled
variables improves. As a result, the values of the manipu-
lated variables approach the values that were obtained for
the maximum efficiency case. The vertical axes denote devi-
ation variables and are calculated with respect to the values
that were obtained for the maximum efficiency case.

Figure 7 shows how the semi-lean solvent cooler duty
changes with the increase in sensor cost. In the semi-lean
solvent cooler, the NH3-refrigerant is used for chilling the
solvent. As shown on the right-hand side axis of Figure 7,
for lower budgets, the estimate of the temperature at the out-
let of the refrigeration cooler deviates more on the negative
side, that is, it leads to a cooler temperature which is subop-
timal. As a result, higher refrigeration duty is required at
lower budget leading to loss in efficiency. Regardless of the
noise in the measurements obtained from sensors, the esti-
mated value of the controlled variable approaches to the

optimal value as the sensors budget increases beyond $149K
as shown in Figure 7.

Figures 8 and 9 show how the compressor brake power
changes as budget changes. Figures 8 and 9 show the brake
power of the MP and HP CO2 compressors, respectively. In
both the cases, at lower budget, the estimated flash vessel
pressures are lower than the optimal value. As a result, the
compressors consume more power than the optimal case
leading to decrease in the efficiency. As before, even in the
presence of process and measurement noise, the estimated
value of pressure approaches the optimal value as the sensors
budget increases beyond $149K (labeled in Figures 8 and 9).

Table 11 shows the optimal set of sensors for $149K. It
should be noted that if the number of controlled variables
and/or variables for monitoring purposes are changed, the
optimal budget is expected to change.

Conclusions

A SND algorithm is developed in this work for maximiz-
ing plant efficiency using an estimator-based control system
while estimating other variables of interest for a given sensor
network budget. We have considered two solution
approaches for the SND problem. A concise description is
presented for the simultaneous solution approach that can be
used for small-scale processes with a few unit operations. A
sequential approach is developed for solving the SND prob-
lem for large scale, highly integrated plants. In this
approach, the GA is used to solve the IP problem while the
NLP problem is solved using a tear-stream approach. The
direct substitution method is used to solve the “tear stream”
in the estimator-based control system. The SND algorithm is
then implemented for a highly integrated AGR unit as part

Table 11. Optimal Set of Sensors

Temperature Sensor Pressure Measuring Device

1. H2S absorber2* 30. H2S absorber16*
2. H2S concentrator5* 31. CO2 absorber9*
3. Acid gas knockout drum vapor outlet 32. Syngas cooler inlet
4. CO2 absorber8* 33. Off gas from top of H2S absorber
5. CO2 absorber14* 34. Clean syngas at the top of CO2 absorber
6. Solvent stripper1* 35. Semi-lean solvent cooler inlet
7. Solvent stripper3* 36. Rich solvent heater inlet
8. Solvent stripper7* 37. Rich solvent at selexol stripper inlet
9. Inlet to H2O knockout drum 38. Lean solvent at the inlet to CO2 absorber

10. Off gas from top of H2S absorber 39. Inlet to H2 recovery flash vessel
11. Off gas cooler outlet temperature 40. H2 recovery flash vessel
12. Off gas at the inlet to CO2 absorber 41. Stripped gas compressor outlet
13. Clean syngas at the top of CO2 absorber 42. Acid gas knockout drum liquid outlet
14. Rich solvent at H2S absorber bottom 43. H2 recovery compressor outlet
15. Rich solvent heater inlet 44. HP flash vessel outlet
16. H2 recovery flash vessel outlet 45. Outlet of 1st LP CO2 compressor
17. HP flash vessel outlet 46. Outlet of 2nd MP CO2 compressor

18. MP flash vessel outlet 47. Glycol absorber top outlet

19. Semi-lean solvent cooler inlet Flow Sensor
20. H2S concentrator vapor outlet 48. Semi-lean solvent to H2S absorber
21. Stripped gas compressor outlet 49. H2S concentrator vapor outlet
22. First LP CO2 compressor outlet 50. H2O K.O. drum bottom outlet
23. Second LP CO2 compressor outlet

CO2 Analyzer
24. Fifth LP CO2 compressor outlet

51. Liquid phase in H2S absorber16*25. First HP CO2 compressor outlet
52. Liquid phase in selexol stripper16*26. First MP CO2 compressor inlet
53. H2S absorber bottom27. Vapor of CO2 flash vessel
54. LP flash vessel bottom28. Liquid of CO2 flash vessel
55. Acid gas knockout drum liquid outlet29. Tail gas to H2S absorber
56. MP flash vessel vapor

*Subscript at the end of location denotes stage number.
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of an IGCC power plant with precombustion CO2 capture.
For solving this large-scale problem, a MATLAB

VR

cluster is
used for parallel computation leading to significant reduction
in computation time. The results shows that as the budget
for sensors increases, the number of sensors used and the
plant efficiency achieved both increase until a threshold is
reached beyond which the budget has minimal impact on
plant efficiency. The study also shows that an estimation
error in the primary controlled variables, when selected from
an economic perspective, can lead to loss in efficiency. How-
ever, a further decrease in estimation error below a certain
threshold is wasteful as the sensor network budget increases
while having minimal impact on the plant efficiency. This
SND algorithm is currently developed for grassroots plants,
but can be readily enhanced for retrofitting.
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Notation
A = process transition matrix
a = power consumption coefficient due to solvent regeneration
B = input matrix
b = scalar budget, $
C = measurement matrix
ci = cost of individual sensor, $
F = flow rate, mol/h

Gen = number of generations in GA
K = steady-state Kalman gain matrix

Kc = proportional gain of P-only controller
Kp = steady-state process gain

l = no. of total measurements
m = no. of inputs
N = no. of individuals in population of each generation in GA

Nc = prespecified number of counter
Ns = union set of measured variables

n = number of states
P = pressure
P = state error variance-covariance matrix

PcðxactÞ = consumed power, MWh
Q = process noise variance-covariance matrix
R = measurement noise variance-covariance matrix
T = temperature

W = weighting factor
t = time, h
u = input

ucont = control input
ud = disturbance
v = measurement noise vector
w = process noise vector
x̂ = vector of estimated states

xact = vector of actual states
xCO2

= composition of CO2 in liquid phase
y = vector of noisy measurements
ŷ = vector of estimated variables

yCO2
= composition of CO2 in vapor phase

a = time delay, min
b = Decision variable vector of binary numbers (0 and 1)

eðtÞ = deviation of the controlled variable from set point
s = process time constant, min

Subscripts
act = actual variable

cont = control action
cont; est = estimated controlled variable
contnew = new control action

CO2 = carbon dioxide
est = estimated variable

in = inlet or input
max = maximum
ma = process monitoring variables and active constraints

mon; est = monitoring variables calculated from estimated state
N2 = nitrogen
opt = optimum
out = outlet or, output
set = desired set point

solvent = selexol solvent
ð:Þi = ith tray
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