
This article appeared in a journal published by Elsevier. The attached
copy is furnished to the author for internal non-commercial research
and education use, including for instruction at the authors institution

and sharing with colleagues.

Other uses, including reproduction and distribution, or selling or
licensing copies, or posting to personal, institutional or third party

websites are prohibited.

In most cases authors are permitted to post their version of the
article (e.g. in Word or Tex form) to their personal website or
institutional repository. Authors requiring further information

regarding Elsevier’s archiving and manuscript policies are
encouraged to visit:

http://www.elsevier.com/copyright

http://www.elsevier.com/copyright


Author's personal copy

Optimal sensor placement in integrated gasification combined cycle power systems

Adrian J. Lee, Urmila M. Diwekar ⇑
Center for Uncertain Systems, Tools for Optimization and Management, Vishwamitra Research Institute, Clarendon Hills, IL 60514, USA

h i g h l i g h t s

" Addresses the sensor placement problem in advanced power system.
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a b s t r a c t

The optimal sensor placement problem involves determining the most effective locations to place a net-
work of sensors across an array of measurable signals, in accordance with a set of specified objectives and
constraints, such as cost, performance, and sensitivity to variations in uncertain environments. In
advanced power systems, such as in pulverized coal and integrated gasification combined cycle power
plants, the placement of sensors on-line within the power generation process can be expensive or tech-
nically infeasible due to certain harsh environments. This paper uses advanced modeling techniques to
simulate the system’s steady state behavior, and to capture the variability in unknown process variables
using the accuracy information from a given set of online sensors. This variability and measurement error
is analyzed using a technique from information theory to determine the most cost-effective network of
on-line sensors by formulating a nonlinear, stochastic binary integer problem. The solution is achieved by
using an efficient sampling technique, Better Optimization algorithm for Nonlinear Uncertain Systems.
The key contribution of using Fisher information as a metric for observation order is that it generalizes
the Gaussian assumption on representing process and measurement variability for systems governed
by nonlinear dynamics.

� 2012 Elsevier Ltd. All rights reserved.

1. Introduction

The sensor placement problem typically refers to the determi-
nation of the optimal network of sensors placed within a system
containing multiple measurable signals, given a set of cost and per-
formance constraints. The sensor placement problem can be de-
fined so as to either minimize the number of sensors or overall
sensor cost, or to maximize reliability or accuracy, for example, gi-
ven a set of performance constraints [1–3]. Moreover, the sensor
network may take into consideration the cost versus benefits of
sensor inclusion (exclusion) within fault detection or control soft-
ware algorithms [4–6]. In advanced power systems, such as in Pul-
verized Coal (PC) and Integrated Gasification Combined Cycle
(IGCC) power plants, sensors can be placed on input, intermediate,
and output signals to monitor the evolution of the process vari-
ables within the power generation process. However, placing a

sensor to measure each and every one of these process variables
can be either expensive or technically infeasible within certain
harsh environments.

Through advanced modeling techniques, it is possible to closely
simulate the behavior of the power system [7–9]. This plays a par-
ticularly important role when considering the high levels of mea-
surement uncertainty that exist within sensors subjected to
harsh environments. By introducing variability into several process
inputs, it is possible to simulate the resulting variance of the down-
stream variables. This variability and sensor accuracy is then ana-
lyzed using techniques from information theory to determine
which signals can be observed using virtual sensors (i.e., process
variables estimated using simulation software), and which should
be measured using a network of on-line sensors (i.e., sensors
physically placed in the plant environment). First, the IGCC process
utilized in this paper is outlined. Then, the contribution of this
paper and related work is described to address the problem of
deploying sensors in an environment exhibiting high measurement
uncertainty.
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1.1. IGCC process

Advanced power generation systems, such as the Tampa Elec-
tric Company Polk power station IGCC plant located in Polk County,
Tampa, Florida, for example, consist of numerous process variables,
including temperature, pressure, and flow rate of steam, oxygen,
carbon dioxide, and other byproduct gases, liquids and solids.
The Tampa IGCC power plant uses an oxygen-blown, entrained
flow coal gasifier to produce a synthesis gas, called syngas, which
is then used to fuel an advanced combustion turbine [10]. Fig. 1
illustrates a simplified process flowchart of the IGCC plant [11].
The main elements of the power plant include the air separation
unit (ASU), the gasification plant, and the power block. The ASU
separates ambient air into oxygen (O2) (at 96% purity) and nitrogen
(N2). Most of the oxygen is used to produce fuel gas in the gasifica-
tion plant, while most of the nitrogen is used to dilute fuel gas and
reduce nitrous oxide (NOx) levels in the power plant’s combustion
turbine.

The gasification plant converts coal or other solid fuel (i.e.,
petroleum coke or biomass) into fuel gas and high pressure steam
by reacting with the O2 from the ASU, which is then used to pro-
duce electricity within high and low pressure gas and steam tur-
bines. The subsections of the gasification plant include coal
receiving and storage, slurry preparation, gasification and high
temperature heat recovery, slag and process water handling, gas
cleaning, and sulfur recovery. Prior to entering the gasifier, coal
fines are mixed with water and ground into a viscous slurry. The
gasifier typically operates at a temperature and pressure around
1645 K and 2760 KPa, where the coal slurry and oxygen react in
the gasifier to produce syngas, slag, and flyash. Syngas is composed
of mainly hydrogen (H2), water vapor (H2O), carbon monoxide
(CO), and carbon dioxide (CO2), while smaller amounts of hydrogen
sulfide (H2S), carbonyl sulfide (COS), methane (CH4), argon (Ar),
nitrogen (N2), and ammonia (NH3) are also produced. Slag is a min-
eral matter and byproduct of the gasification process, resulting
from the remainder of coal that does not convert to syngas. The
slag flows down the gasifier walls, solidifies into an inert glassy frit
with little carbon content, and is removed from the process as
waste. Flyash is partially gasified residual carbon (i.e.,‘‘char’’),
which exits the gasifier within the syngas stream. High pressure
steam is produced by first cooling the syngas in a radiant syngas
cooler (RSC), then passing through a high pressure steam generator
and gas cooler. The RSC is used to help improve efficiency and reli-
ability, as opposed to using a water quenching process [12]. In

addition, efficiency may be improved by employing hot gas desul-
furization to reduce nitrous oxide (NOx) emissions [13]. An inten-
sive water scrubbing step is used to help remove particulate
matter, including flyash, contained in the syngas. In addition, the
COS is converted to H2S to be easily removed from the syngas,
while the NOx is removed from the process by using a Selective
Catalytic Reduction technique.

Lastly, the power block subsection consists of a series of combus-
tion turbines that generate electricity from fuel gas, nitrogen, and
high pressure steam. A heat recovery steam generator (HRSG) uses
the gas turbine exhaust gas to preheat boiler feedwater and gener-
ate both high and low pressure steam, while also reheating all the
plant’s steam for powering a series of high, intermediate, and low
pressure steam turbines. To help reduce the environmental impacts
resulting from the power generation process, the IGCC plant also
utilizes a gas clean-up system and a high efficiency combined cycle
to help lower SO2, NOx, and particulate levels. The model used for
IGCC in this work is taken from the DOE/NETL Case study 8 report
[11]. Variations on the IGCC process include the use of an air-blown
gasifier for improved thermodynamic performance instead of the
oxygen-blown gasifier used in the Polk power station [14].

1.2. Measurement uncertainty

Variations to certain input process variables, such as slurry and
oxygen mass-flow rates, can lead directly to variations in the gas-
ification performance. For example, adjustments made to the coal
slurry flow rate alter the syngas header pressure, while adjust-
ments made to the ratio of oxygen to coal slurry can alter the gas-
ifier operating temperature. Due to the harsh environments that
exist within the gasifier (i.e. extreme temperature and pressure),
knowing the true gasifier temperature and choosing an appropriate
target operating point become difficult tasks. Controlling the gasi-
fication process at the optimal temperature is essential since
refractory wear rate worsens at higher operating temperatures,
while the gasifier produces excessive amount of flyash for lower
operating temperatures. Lower temperature also results in higher
unconverted carbon, which ends up in slag. In addition, abrasion
and erosion corrosion occurs at elevated temperatures and pres-
sures. Syngas also has a direct impact on the operating conditions
within the gas turbine and its interaction with the ASU [15,16].
Possible methods for monitoring the gasifier temperature include
both direct and indirect measurements [17,18]. Unfortunately,
standard thermocouples cannot be used to provide a temperature

Fig. 1. Simplified IGCC process.
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measurement directly within the gasifier flow path. Instead, infer-
ential measurements are currently made based on the measure-
ments obtained from related process variables. For example, the
rate at which methane is formed depends on both the gasifier tem-
perature and the fuel composition. Since the fuel composition de-
pends upon the temperature and reactivity of the fuel and slag
components, the gasifier temperature may be estimated by mea-
suring the methane production and by monitoring the appropriate
fuel and slag properties [10].

Monitoring all the process variables contained in the IGCC plant
operations using a complete network of sensors would prove to be
both costly and, in some cases, technically infeasible due to the
inability to obtain measurements within harsh environments. In-
stead, several of these process variables may be estimated, rather
than directly measured, by inferring their values through measure-
ments obtained from related process variables. At this time, there
exists only limited research pertaining to the optimal placement
of sensors in IGCC plants in literature. However, a vast amount of
effort has been devoted to optimizing sensor placement in the
measurement of chemical processes. Ali and Narasimhan [1] pres-
ent a method for determining the optimal location of sensors in a
steady-state process by maximizing the reliability of the sensor
measurements, by maximizing the probability of estimating the
system variables in the presence of sensor failure. Alonso et al.
[2] use a reduced order, linear dynamical model of a chemical reac-
tor to determine the location, number, and type of sensors to de-
ploy through a min–max optimization problem.

There does, however, exist numerous contributions to the prob-
lem of sensor location for state estimation. Within these contribu-
tions, several measures have been defined to determine a system’s
optimal sensor network. Optimality criteria based on the error
covariance matrix [19–23], and observability matrix or Gramian
[24,25] are commonly used. In addition, there are contributions
that account for measurement cost, sensor failure, and redundancy
in addition to process information [26–29] . For example,
Bagajewicz [30] and Chmielewski et al. [3] present techniques
related to the minimization of cost, subject to constraints related
to data reconciliation, while Muske and Georgakis [31] present a
sensor location technique that provides the best compromise be-
tween measurement cost and process information – each of which
are restricted to linear systems. There exist research in sensor
placement that addresses nonlinear systems but these approaches
are derived from a linearization of the systems and are limited to
low order systems [32–34]. On the other hand, most of optimality
criteria for the parameter estimation when the sensor location is
fixed is based on scalar measures of Fisher information and are
based on local sensitivity information [35–37].

In an effort to reduce the overall purchase costs associated with
deploying a network of on-line sensors, this paper defines a sensor
placement problem for advanced power systems, where the objec-
tive is to find the optimum location of sensors, subject to specified
cost constraints. To capture the amount of variability in the process
for a given network of sensors, this paper presents the novel use of
Fisher information as a metric of observation order, by capturing
the amount of information contained in a set of observations.
Moreover, the underlying contribution of this paper is to use Fisher
information to quantify the level of uncertainty in the set of on-line
and virtual sensors, thereby aiding in determining the optimal
deployment of a sensor network given cost constraints. An ad-
vanced model of the IGCC power plant, developed in the ASPEN
Plus simulation environment, is used to quantify the variability
of downstream process variables as a result of variability in a set
of input process variables, including coal and oxygen flow rates,
gasifier temperature, and gasifier pressure. Using the known mea-
surement distributions of the sensors placed online in the plant,
the Fisher information can then be evaluated at the unmeasured

locations. This quantity is then used within the objective function
to determine which of the downstream process variables should be
observed or physically measured through the placement of candi-
date sensors. The key benefit from this approach is that Fisher
information can be used to address processes that exhibit nonlin-
ear interactions among the system variables, while also accommo-
dating non-Gaussian system and measurement noise.

This paper is organized as follows: Section 2 provides a back-
ground on Fisher information and its relevancy to the sensor place-
ment problem. Section 3 then formulates the sensor placement
problem as a nonlinear, stochastic binary integer program. Sec-
tion 4 provides computational results illustrating the use of Fisher
information to determine the optimal deployment of a network of
sensors in an IGCC power plant, while Section 5 provides conclud-
ing remarks and future directions.

2. Fisher information background

Fisher information is a statistical measure established in the
field of information theory, and named after the work by Ronald
Fisher [38]. For a set of independent and identically distributed
observations, x1, x2, . . . , xn, resulting from n outcomes of a random
variable, X = Xi, i = 1, 2, . . . , n, various statistical measures can be
used to capture the amount of information that the set of observa-
tions contains about the distribution properties of X, including
Shannon information, Boltzmann–Gibbs, Tsallis, Renyi, and Shar-
ma–Mittal entropies, among others [39]. Fisher information, how-
ever, has a unique property capturing the amount of information
the observations, x1, x2, . . . , xn, contains about some unknown
parameter, hx, within the distribution, pX(x), such as its expectation
or variance, for example, by quantifying the expected change in the
distribution due to a change in this parameter value. One expres-
sion for Fisher information, IX(hx), is given by [40]

IXðhxÞ ¼ EX 1
pXjHx

ðxjhxÞ
@pXjHx

ðxjhxÞ
@hx

 !2
2
4

3
5; ð1Þ

where the distribution p(xjhx) is the likelihood of x, given the
parameter hx. Several alternative forms of (1) exist, such as the
shift-invariant, tensor, multi-parameter, and amplitude q-form
[40]. For example, the shift-invariant form of (1) occurs when the
shape of the distribution of X remains unchanged from a shift in
the parameter hx (i.e., the uniform and normal distributions result-
ing from a shift in the mean value). In addition, Fisher information
satisfies the Cramer–Rao inequality, e2IX(hx) P 1, where e2 is the
mean squared error [40]. Moreover, equality holds for efficient,
unbiased estimators, and the Fisher information becomes equal to
the inverse of the variance of X (i.e., IX(hx) = 1/Var(X)).

Fisher information is also viewed as a statistical measure of dy-
namic system order that quantifies the variability in a process var-
iable as a function of changes in the mean value of the governing
distribution. This property serves well as a measure of the order
in a set of observations (i.e., the level of observation order), where
a shift in the variability in a set of measurements directly affects
the ability to estimate the unknown state of the variable due to
the partial derivative in (1). Note that the unknown state can also
be identified as locally observable (or unobservable) through the
Fisher information matrix [41], in the sense that the state can
(not) in fact be estimated. It is a suitable metric for the sensor
placement problem mainly due to its local property. In practice,
the true value of a process variable undergoes changes with re-
spect to time, producing a corresponding mean value shift in the
sensor measurement distribution. Due to the gradient operator,
@/@hx, Fisher information measures the amount of change in the
likelihood function due to a change in the unknown parameter
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value. Lower (higher) Fisher information values indicate that
p(xjhx) changes slower (faster) with respect to a change in hx, and
hence, corresponds to a lower (higher) level of observation order
in regards to estimating the true parameter value.

Fisher information has been introduced in literature as a metric
for quantifying the sustainability of ecological systems [42–45], for
determination of optimal spacial locations of sensors [36], and in
financial applications [46], among others. Several expressions for
obtaining Fisher information have been derived [40], including a
time-dependent expression for quantifying changes in Lotka–Vol-
terra cyclic behavior and the determination of ecological regime
shifts [42].

For the sensor placement problem, the objective is to maximize
the overall observation order of the system, subject to constraints
associated with the purchase, deployment, and maintenance of a
network of on-line sensors. Thus, the goal is to decrease the overall
sensor cost by determining the optimal sensor locations which
maximize the amount of information pertaining to the true state
of the system. Note that while the information gathered from the
set of observations can ultimately lead to state estimation, the
determination of the sensor network only relies on maximizing
an overall Fisher information quantity based on the measurement
distributions across all sensor nodes. As part of a stochastic optimi-
zation problem, the decision to either observe or measure each
process variable results from the uncertainty surrounding the true
values of the process variables in the form of system and measure-
ment noise. By determining the placement of sensors over all mea-
surable process variables using Fisher information as a metric for
optimization, the overall number of sensors can also be decreased,
thereby producing a more cost-effective solution to monitoring the
power system.

From the Cramer–Rao inequality, Fisher information is related
to the inverse of the variance, and hence, can indicate similar char-
acteristics of system accuracy to sensor placement using data rec-
onciliation [47–49]. In comparison, data reconciliation is based on
minimizing the penalty of sensor measurements, and is also re-
lated to the measurement variance (weighted by the standard
deviation of the set of measurements). However, Fisher informa-
tion as a metric allows one to determine the placement of sensors
so as to maximize what is known about the set of system variables,
as a whole, under both Gaussian or non-Gaussian sensor measure-
ment distribution assumptions.

The following sections detail the procedure for obtaining the
Fisher information value for a given network of sensors. In sum-
mary, the ASPEN Plus software environment is used to simulate
the nonlinear IGCC process over a range of operating points. Then,
a probability distribution for each intermediate and output process
variable is constructed, given the probability distributions result-
ing from sensors placed on input variables using kernel density
estimation. A reweighting scheme is posed to generate the inter-
mediate and output distributions due to the placement of various
sensors networks and measurement accuracies due to different
types of sensors. Lastly, a nonlinear, stochastic (binary) integer
problem is formulated to maximize a normalized Fisher informa-
tion metric resulting from the entire network of on-line sensors.

3. Computation of Fisher information

For a sequence of n observations of the random variable X, Fish-
er information may be calculated via order statistics; however, this
route is shown to be quite complicated due to performing n levels
of integration. Park [50] presents a decomposition approach to
simplifying this calculation to performing a double integral.
Although this type of approach is useful for obtaining the Fisher
information when given a set of observations, this paper computes

an approximation of the Fisher information by constructing the
distribution using kernel density estimation.

Using the ASPEN Plus environment, a comprehensive model of
the IGCC process is used to simulate the steady-state performance
of the ASU, gasifier, and power generation operations. This nonlin-
ear ASPEN model is used to estimate the set of unmeasured vari-
ables using the data acquired from the process variables directly
measured through the network of sensors physically deployed
within the plant. Internal operating conditions in the process can
be analyzed by varying a set of Sin input variables, including coal
and oxygen flow rate. These input variable operating conditions
uniformly span a sample space surrounding their nominal values.
A set of Ns input variable operating conditions are generated using
Hammersley sequencing, a low-discrepancy sampling method, to
generate the uniform sample space. This sampling method is cho-
sen over common Monte-Carlo sampling techniques to provide a
more uniform distribution across an d-dimensional sample space,
where the number of sample points necessary to sufficiently cover
an d-dimensional space can be significantly reduced by using the
Hammersley sampling technique [51,52]. Then, the IGCC process
is simulated Ns times, once per input operating condition, to gener-
ate a corresponding vector of points for Sout intermediate and out-
put process variables, including the syngas temperature, pressure,
and mass flow rate, among others. The resulting vector set of inter-
mediate and output variables can be used to capture the nonlinear
effects of the IGCC process, as well as the variability of downstream
variables resulting from a uniformly distributed set of input vari-
able sample points. The IGCC process is simulated across a space
of operating points to generate the probability distribution of each
intermediate and output variable due to variations in the input
variables and the nonlinear process behavior. From this, the infor-
mation about each of the process variables can be obtained as a re-
sult of a shift in the true steady-state operating point.

The following section outlines the reweighting approach used
to compute the Fisher information about each process variable
due to the placement of sensors in the network, and hence, altering
the underlying distributions of the process variables.

3.1. Reweighting approach

The reweighting approach used in this paper is of that proposed
by [53], called Better Optimization for Nonlinear Uncertain Sys-
tems (BONUS). The purpose of this algorithm is to compare sam-
ples taken from a uniformly distributed sample space to a new
reference distribution, in order to create a set of distribution
weights which can be used to reweight the output distribution
function. This reweighting approach is beneficial for eliminating
the need to recreate a set of new sample points through simulation
of the process behavior. Thus, the ASPEN simulation model only
needs to compute the IGCC process behavior for the set of uniform
sample points, and not for each combination of potential on-line
sensor networks, thereby significantly reducing the overall compu-
tational time. This approach has been extensively tested for various
models including power plant system models like the one used in
this paper [53,54].

Fig. 2 illustrates the nature of this reweighing scheme. On the first
iteration, a set of Ns sample points uniformly distributed across a d-
dimensional sample space are used to perform Ns simulation repli-
cations of the IGCC process (i.e., at various operating points). Let
f0(xi) be the probability density function (pdf) associated with the
base input distribution for the input variable xi, i = 1, 2, . . . , Sin,
respectively. Following the simulation of the IGCC process at
iteration t = 0, let F0(yj) be the base cumulative distribution function
(cdf) associated with the intermediate and output variable yj, j = 1, 2,
. . . , Sout, respectively, where yj ¼ hðx1; x2; . . . ; xSin Þ is the nonlinear
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transformation from each input variable, xi, to the downstream var-
iable yj.

Next, consider when a new input distribution is defined, such as
when a sensor is placed at the location of this input variable. The
redefined distribution, ft(xi), at iteration t is used to create a set
of weights

WtðxiÞ ¼ ftðxiÞ=f0ðxiÞ; i ¼ 1;2; . . . ; Sin; ð2Þ

which gives the likelihood ratio between the redefined and base
distributions. Given that the input variables act independently,
these weights are used to construct the resulting distribution for
the downstream intermediate and output variables at iteration t
by multiplying the associated weights Wt(xi) with the base distribu-
tion f0(yj),

ftðyjÞ ¼ f0ðyjÞ
YSin

i¼1

ð1þ ci;jðWtðxiÞ � 1ÞÞ; j ¼ 1;2; . . . ; Sout; ð3Þ

where ci,j = 1(0) if variable yj is (is not) downstream of xi. The distri-
bution ft(yj) in (3) is then normalized using

f̂ tðyjÞ ¼
ftðyjÞPNs

n¼1ftðyjðnÞÞðyjðnþ 1Þ � yjðn� 1ÞÞ=2
: ð4Þ

This reweighting approach can also be used when a sensor is
placed at the location of an intermediate process variable, to con-
struct the resulting change in distributions of corresponding down-
stream variables. By eliminating the need to regenerate a new set
of Ns sample points through simulation of the IGCC process at each
iteration t, the BONUS reweighting algorithm provides an efficient
method for calculating the Fisher information and level of observa-
tion order resulting from several reconfigurations of a network of
on-line sensors. Moreover, various underlying distributions corre-
sponding to sensor accuracies can be readily analyzed, without
increasing the computational burden. This approach can also be
used for unmeasured disturbances due to changes in coal quality,
for example.

3.2. Fisher information from kernel density estimation

A probability density function for the intermediate and output
process variables is approximated through the kernel density tech-
nique, given by

pðynÞ ¼
XNs

m¼1

1ffiffiffiffiffiffiffi
2p
p expð�ððyn � ymÞ=hÞ2Þ; ð5Þ

at each sample point, yn,n = 1, 2, . . . , Ns. A window of h ¼ 1:06r=N1=5
s

is defined, where r2 is the variance of the set of samples
fy1; y2; . . . ; yNs

g. Assume that the shift-invariant property holds for
a small �P 0 change in the parameter hy (i.e., the mean value). This
is a viable assumption around the mean operating conditions in a
IGCC process, since it is desirable to operate the plant within a
chemically stable region. Kernel density functions p(yn + �) and
p(yn � �) are then computed from (5), and used to generate an
approximation to the first order derivative, @ p(yn)/@hy, given by

@pðynÞ=@hy � ðpðyn þ �Þ � pðyn � �ÞÞ=2�: ð6Þ

The Fisher information is then obtained by substituting (6) into
the discrete approximation of (1) to yield

IY ðhyÞ ¼
XNs

n¼1

ðyn � yn�1Þð@pðynÞ=@hyÞ2=pðynÞ; ð7Þ

which constructs a series of right-hand rectangles at (@p(yn)/@hy)2/
p(yn) to approximate the integral function in the expectation.

The objective of the sensor placement problem is to maximize
the amount of information about the IGCC process from a network
of sensors. The following section applies Fisher information as a
metric of observation order within an optimization problem for
placing sensors in various locations throughout the IGCC plant,
subject to sensor cost constraints.

4. Optimization problem

In the sensor placement problem, the objective is to determine
the optimal location of a network of sensors, such that when com-
bined with a comprehensive system model, the variability of the
unmeasured process variable estimations can be minimized. With-
in the scope of this paper, Fisher information is viewed as a statis-
tical measure of system order, and hence, the objective is defined
to maximize some function of the Fisher information over all fea-
sible networks of sensors, subject to budget constraints.

To accomplish this goal, an optimization problem is formulated
as a nonlinear, stochastic (binary) integer program, where the
objective is to maximize the overall Fisher information, subject
to the costs associated with placing a network of on-line sensors

Fig. 2. The reweighting approach.
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max
wj2W

XSout

j¼1

fjðw;YÞwj; ð8Þ

s:t:
XSout

j¼1

Cjwj 6 B; ð9Þ

wj 2 f0;1g; j ¼ 1;2; . . . ; Sout ; ð10Þ

where Cj is the cost associated with the purchase, deployment, and
maintenance of sensor j, and B is the total sensor budget. The binary
variable wj = 1(0) represents the decision to place (not place) sensor
j in the network of on-line sensors, where W constitutes the set of
all feasible sensor networks. The objective term, fj(w,Y), is defined
as a function of the Fisher information that results from the net-
work of sensors, w = {wj 2 {0,1}, j = 1, 2, . . . , Sout}, and the random
variables Y = {Yj, j = 1, 2, . . . , Sout} associated with the measurement
uncertainties in the intermediate and output process variables.

The objective term, fj(w,Y), is designed in the following way. As-
sume that the information related to a process variable is always
greater if a sensor is placed on-line at that specific location. Other-
wise, the information gained from estimating the variable would
supersede that gained from the accuracy of the sensor measuring
the variable directly, and hence, a sensor provides no additional
information at that location. Let Is

Yj
ðhyj
jwk ¼ 1Þ represent the Fisher

information of hyj
resulting from a sensor placed at location k = 1, 2,

. . . , Sout, and let Ins
Yj
ðhyj
Þ � Ins

Yj
ðhyj
jwk ¼ 0Þ, k = 1, 2, . . . , Sout represent

the Fisher information of hyj
resulting from no sensors placed in

the network of intermediate and output variables, such that
Is
Yj
ðhyj
jwk ¼ 1ÞP Ins

Yj
ðhyj
Þ; j ¼ 1;2; . . . ; Sout . One candidate function

for fj(w,Y) can be defined as

f A
j ðw;YÞ ¼ 1� Ins

Yj
ðhyj
Þ=Is

Yj
ðhyj
jwj ¼ 1Þ; ð11Þ

where 0 6 f A
j ðw;YÞ 6 1. Values of f A

j ðw;YÞ close to zero (one) corre-
spond to the smallest (largest) change in information gained from
placing a sensor at location j. By normalizing the Fisher information
for each process variable between zero and one, it is possible to
optimize the placement of sensors across several variable attri-
butes, such as mass-flow, temperature, and pressure, for example,
by using a Pareto analysis to determine the set of sensors that pro-
vide the largest gain for estimating the state of the dynamical
system.

Eq. (11), however, does not capture the effects of placing a sen-
sor in the network upstream of location j. Suppose a sensor is
placed at location k, and variable j is downstream of (i.e., depen-
dent on) variable k. The information gained from placing the sensor
at location k can also increase the amount of information about the
variable at location j. A second candidate function for fj(w,Y) can be
defined as

f B
j ðw;YÞ ¼

XSout

k¼1

1� Ins
Yj
ðhyj
Þ=Is

Yj
ðhyj
jwk ¼ 1Þ

� �
; ð12Þ

which captures the overall effect that placing a sensor has on all
other process variables by summing the resulting information gain
from placing a sensor at location k across the entire set of interme-
diate and output process variables. The Fisher information
Is
Yj
ðhyj
jwk ¼ 1Þ ¼ Ins

Yj
ðhyj
Þ if variable j is not downstream of variable

k. Otherwise, Is
Yj
ðhyj
jwk ¼ 1Þ can be computed using the reweighting

scheme outlined in Section 2.
The following section provides a computational analysis of the

use of Fisher information in determining the optimal location of
on-line sensors in the IGCC process.

5. Computational results

This section illustrates a case study of the IGCC power plant,
where a set of sensors measuring Sin = 8 input process variables,
x1, x2, . . . , x8, are used to determine the placement of sensors across
a set of Sout = 24 intermediate and output variables, y1, y2, . . . , y24.
Tables 1 and 2 list the input variables and intermediate and output
variables under consideration, respectively, along with the nomi-
nal operating conditions. A set of Ns = 800 operating conditions
was generated across a uniform 8-dimensional sample space, cor-
responding to a set of eight input variables varied ±10% of their
nominal conditions using the Hammersley sequence sampling
method. Then, for each set of operating conditions, the correspond-
ing intermediate and output variable conditions are generated
using a steady-state model developed in the ASPEN Plus simulation
environment. A distribution function is constructed from these sets
of sample points using the kernel density technique in (5), which
serves as the base distribution in the BONUS reweighting scheme
outlined in Section 3.1.

Suppose the input sensors measurement errors are normally
distributed, with mean value given in Table 1, and variance defined
by six standard deviations spanning ±10% of the nominal value.
Note that the use of Fisher information is not restricted to Gaussian
distributions, and other underlying distributions for the set of sen-
sors can be analyzed, such as uniform, triangular, or trapezoidal
distributions. Discrete distributions can be addressed through suit-
able continuous approximations to comply with the Fisher infor-
mation partial differentiation term. Fig. 3 illustrates the stream
paths from the input to output process variables [11,55]. The distri-
bution function for Yj, j = 1, 2, . . . , 24 is constructed using BONUS by
reweighting the base distribution of Yj obtained from the ASPEN
simulations by the ratio of the sensor distribution of Xi, i = 1, 2,
. . . , 8 to the base distribution of Xi, provided that Yj is downstream
of each Xi. The resultant distribution at each Yj corresponds to the
variability of estimating Yj if no sensors are placed across the set of
intermediate and output variable locations. From this distribution,
the quantity Ins

Yj
ðhyj
Þ is obtained as outlined in Section 3.1.

To verify the validity of the reweighting approach, the ASPEN
model was first simulated using the above uniform distribution
across each of the input variables. Then, the model was simulated
using the normal distributions at each of the input variables with
standard deviation according to Table 1. No significant difference
in the calculation of the Fisher information resulted for the input,
intermediate, and output variables between the two simulation ap-
proaches. This occurred primarily because (a) there were sufficient
number of sample points taken (Ns = 800), (b) the Hammersley
sampling technique covers the 8-dimensional sample space uni-
formly, and (c) the reweighting approach only undergoes one iter-
ation when computing the Fisher information for a given set of
input variable distributions. The reweighting approach is a useful
technique when comparing sensors with contrasting variability,
as opposed to rerunning the time-consuming simulation.

Table 1
Input process variables.

xi Description Nominal Units

1 Oxygen flow rate entering ASU 157,392 kg/h
2 Coal slurry flow rate 192,922 kg/h
3 Air flow rate to gas turbine compressor 2,962,683 kg/h
4 Recycled HRSG steam temperature 414 K
5 Recycled HRSG steam pressure 526 KPa
6 Recycled HRSG water temperature 369 K
7 Gasifier temperature 1644 K
8 Gasifier pressure 2806 KPa
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For each intermediate and output process variable, three types
of sensors are considered with accuracies (six standard deviations)
of ±5%, ±2.5%, and ±1%. Table 3 lists generic costs associated with
the purchase, operation, and maintenance of each type of sensor.
Both the cost and accuracies of the sensors are arbitrary, and
may be substituted with values found in practice when available.
The Fisher information Is

Yj
ðhyj
jwk ¼ 1Þ given a type of sensor is

placed at location k is obtained by determining if variable j is
downstream of variable k (i.e., ci,j 2 {0,1}). If so, then the distribu-
tion of Yj is obtained using the BONUS reweighting scheme.

Let the binary variable wj,s = 1(0) correspond to the decision to
place a sensor of type s = 1, 2, 3 (low, medium, high accuracy,
respectively) at location j. The optimization problem in (8)–(10)
is modified to include the consideration of multiple sensor types
as follows:

max
wj;s2W

X3

s¼1

X24

j¼1

fj;sðw;YÞwj;s ð13Þ

s:t:
X3

s¼1

X24

j¼1

Cj;swj;s 6 B; ð14Þ

X3

s¼1

wj;s 6 1; j ¼ 1;2; . . . ;24 ð15Þ

wj;s 2 f0;1g; j ¼ 1;2; . . . ;24; s ¼ 1;2;3 ð16Þ

where the objective, fj,s(w,Y), is a function of the Fisher information
when a sensor of type s is placed at location j. Constraint (15) re-
stricts the use of only one type of sensor at each location. Note that
constraints may also be incorporated at each individual sensor loca-
tion that limits the minimum allowable Fisher information value at

Table 2
Intermediate and output process variables.

yj Description Streama Nominal Units

1 Gasifier syngas flow rate RXROUT 393,475 kg/h
2 Syngas CO flow rate RXROUT 224,637 kg/h
3 Syngas CO2 flow rate RXROUT 88,051 kg/h
4 Syngas temperature RXROUT 1644 K
5 Syngas pressure RXROUT 2806 KPa
6 Low pressure steam turbine temp. TORECIR 369 K
7 Gas turbine combustor burn temp. POC2 1628 K
8 Gas turbine combustor exit temp. POC3 1533 K
9 Gas turbine high pressure exhaust stream temp. GTPC3 621 K

10 Gas turbine low pressure exhaust stream temp. GTPC9 404 K
11 Gas turbine expander output temp. GTPOC 872 K
12 Fluegas flow rate exiting gas turbine expander 6X 5,760,623 kg/h
13 Syngas flow rate after solids removal RAWGAS 467,200 kg/h
14 Coal slurry flow rate entering gasifier COALD 21,170 kg/h
15 Oxygen flow rate into gasifier O2GAS 157,452 kg/h
16 Oxygen flow rate exiting ASU GASIFOXY 157,452 kg/h
17 Acidgas flow rate FUEL1 344,996 kg/h
18 Gas turbine compressor leakage flow rate XCLEAK 2052 kg/h
19 Flow rate into high pressure steam turbine TOHPTUR 621,421 kg/h
20 Coal slurry feed flow rate COALFEED 192,922 kg/h
21 Slag extracted from syngas SLAG 15,805 kg/h
22 Fines extracted from syngas FINES 5363 kg/h
23 Gasifier heat output QGASIF 2.47e7 Btu/h
24 Recycled HRSG steam heat output QRDEA 3.27e8 Btu/h

a Stream notation refers to DOE/NETL model [11].

Fig. 3. IGCC process variable flowchart.
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that location (i.e., maximum measurement error). However, by
doing so may lead to cases where no solution can be obtained. In-
stead, the resulting network placement and Fisher information val-
ues can be analyzed to determine if the solution is indeed
acceptable.

Table 4 lists the computed objective values using the normalized
function f B

j ðw;YÞ from (12). As the sensor accuracy increases, the
value of f B

j increases at each location due to the decrease in mea-
surement variability, resulting in an increase in information per-
taining to the variable’s true value. Note that some variables, such
as the syngas flow rate (y1) and the oxygen flow rate exiting the
gas turbine expander (y12), exhibit large increases of information
by increasing the sensor accuracy at these locations. Other
variables, such as the gas turbine low pressure exhaust stream
temperature (y10) and the flow rate into the high pressure steam

turbine (y19, do not significantly benefit from the increase in
accuracy.

Consider the case when the total budget is B = $1,500,000. The
solution to the optimization problem in (13)–(16) places a network
of low accuracy sensors at locations y2, y3, y5, y9 and y11, and med-
ium accuracy sensors at locations y1, y14, y15, y16, y17 and y20. The
resulting standard deviation in the IGCC plant power production
and gasifier performance are provided in Table 5, in comparison
with the standard deviation resulting from the baseline case when
no sensors are deployed across the intermediate and output process
variable locations. At these conditions, the plant thermal efficiency
is 40.65%, with a standard deviation of 0.07%. To illustrate the effect
of the budget on the placement of sensors, Table 6 lists the location
and type of sensor placed in the network as a function of the total
budget, ranging from B = $500,000 to B = $2,500,000. As the budget
increases, the number of sensors placed within the network in-
creases, as does the accuracy of the sensors selected. Fig. 4 shows
the standard deviation of the coal and oxygen flow rates into the
gasifier, and the gasifier temperature and pressure as a function
of the total budget. The stair step effect is a result of the type of sen-
sor used to measure those process variables. Note that the place-
ment of a low accuracy sensor to directly measure the syngas
pressure significantly improves the information about the true
pressure value, as opposed to inferring this quantity using a virtual
sensor. However, increasing the accuracy of this pressure sensor
yields only a slight improvement to the measurement variance.

6. Extension to dynamic systems

This paper addresses the sensor placement problem by
analyzing the steady-state behavior of the IGCC process. A natural

Table 3
Intermediate and output sensor costs.

yj Low accuracy Medium accuracy High accuracy

1 $80,000 $160,000 $300,000
2 $80,000 $160,000 $300,000
3 $80,000 $160,000 $300,000
4 $400,000 $800,000 $1,200,000
5 $200,000 $350,000 $500,000
6 $50,000 $100,000 $200,000
7 $400,000 $800,000 $1,200,000
8 $400,000 $800,000 $1,200,000
9 $50,000 $100,000 $200,000

10 $50,000 $100,000 $200,000
11 $100,000 $200,000 $300,000
12 $120,000 $300,000 $450,000
13 $120,000 $300,000 $450,000
14 $80,000 $160,000 $300,000
15 $80,000 $160,000 $300,000
16 $80,000 $160,000 $300,000
17 $80,000 $160,000 $300,000
18 $80,000 $160,000 $300,000
19 $120,000 $300,000 $450,000
20 $80,000 $160,000 $300,000
21 $80,000 $160,000 $300,000
22 $80,000 $160,000 $300,000
23 $120,000 $300,000 $450,000
24 $120,000 $300,000 $450,000

Table 4
Computed objective values, f B

j , for each sensor type.

Sensor j Low accuracy Medium accuracy High accuracy

1 0.9100 8.6612 10.6078
2 9.8488 10.7561 10.9649
3 10.5601 10.8862 10.9898
4 7.8290 10.1407 10.8627
5 7.8989 10.1472 10.8613
6 0.1036 0.7760 0.9643
7 4.6106 5.6794 5.9470
8 3.7799 4.7002 4.9529
9 1.9262 1.9832 1.9981

10 0.9940 0.9989 1.0002
11 2.5901 2.9110 2.9845
12 0.0002 0.7054 0.9531
13 0.9188 6.2690 7.6865
14 12.4675 15.8420 16.8025
15 12.4553 15.8393 16.8083
16 13.3944 16.8241 17.8059
17 3.6553 6.2014 6.8691
18 0.9389 0.9849 0.9978
19 0.0002 0.0002 0.0002
20 13.4061 16.8267 17.8000
21 0.7492 0.9375 0.9902
22 0.7492 0.9375 0.9902
23 1.0002 1.0002 1.0002
24 0.0002 0.0002 0.0002

Table 5
Measurement variation of the IGCC power production and gasifier performance using
the optimal sensor network versus no sensors deployed.

Nominal Standard deviation optimal
(no sensors)

Units

IGCC power production
Gas turbine power

production
424.94 2.26 (43.11) MWE

Steam turbine power
production

251.97 0.71 (0.71) MWE

Miscellaneous power
production

�67.41 0.25 (4.62) MWE

Auxiliary power
production

18.29 1.35 (1.35) MWE

Total plant power
production

591.22 2.16 (43.73) MWE

Gasifier performance
Oxygen flow rate 157,452 655 (13,386) kg/h
Coal flow rate 192,922 803 (10,874) kg/h
Slag flow rate 15,805 46 (1,097) kg/h
Fines flow rate 5363 16 (372) kg/h
Syngas temperature 1645 370 (370) K
Syngas pressure 2806 23 (234) KPa

Table 6
Optimal sensor locations and sensor types due to budget constraints, B (where
wj,s = 1).

$500,000 $1,000,000 $1,500,000 $2,000,000 $2,500,000

w2,1 w2,1, w1,2 w2,1, w1,2 w2,1, w1,2 w2,1, w1,2

w3,1 w3,1, w16,2 w3,1, w14,2 w3,1, w14,2 w3,1, w5,2

w14,1 w5,1 w5,1, w15,2 w4,1, w15,2 w4,1, w13,2

w15,1 w14,1 w9,1, w16,2 w5,1, w16,2 w6,1, w14,2

w16,1 w15,1 w11,1, w17,2 w9,1, w17,2 w9,1, w15,2

w20,1 w17,1 w20,2 w10,1, w20,2 w10,1, w16,2

w20,1 w11,1 w11,1, w17,2

w18,1 w18,1, w20,2
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extension is to capture the transient behavior of the process
through a dynamic model, where uncertainties can be prevalent
in both the system and measurement dynamics. A well-developed
sequential algorithm for estimating the variability of the state vari-
ables for a linear system is the Kalman Filter (KF), an optimal math-
ematical recursion that computes the covariance of the process
variables from the system dynamics, given a zero-mean Gaussian
distribution of the system and measurement noise [56]. Systems
that involve nonlinear dynamics can be addressed using the Ex-
tended Kalman Filter (EKF), a suboptimal variation of the KF that
utilizes a first order linearization of the system equations around
the nominal operating point. Here, the system noise and measure-
ment noise are assumed to be zero-mean, Gaussian white noise.
The objective is to sequentially update the estimation of the un-
known process variables using the set of t = 1, 2, . . . acquired mea-
surements, characterized by a Gaussian distribution with mean lt

and covariance Pt at each discrete time t. Note that the dual to the
KF, called the information filter, yields a sequential estimate of the
inverse of the process variable covariance. Since this operates on a
linear, Gaussian system (i.e., an efficient estimator), the Cramer–
Rao equality holds and the information filter yields a sequential va-
lue of the Fisher information.

To relax the Gaussian assumption on the system and measure-
ment noise, a particle filter can be applied to sequentially estimate
the distribution of each unmeasured process variable. For the sen-
sor placement problem, generating the estimated value is not
essential, but the variable distribution function generated by the
particle filter can be used in the sequential calculation of the Fisher
information in (7). Therefore, Fisher information can be used to
analyze the transient behavior of a IGCC process governed by non-
linear dynamics and for non-Gaussian system and measurement
noise. Future extensions of the use of Fisher information for the dy-
namic process of the IGCC power plant can be explored to investi-
gate its impact on the sensor placement problem.

7. Conclusions

Fisher information is a statistical measure that can be used to
capture the amount of order in a system, by taking the expectation
of the amount of change in the distribution of a random variable
with respect to the change in a parameter contained within the
distribution. This local measure of system order can also be used
to indicate the level of observation order for an unknown parame-
ter value, which is shown to have direct implications to optimal
sensor placement problems. In advanced power systems, the sen-
sor placement problem corresponds to finding the optimal num-
ber, location, and type of sensors to place across a network of
measurable process variables. Considering cost limitations, Fisher
information can be used within a stochastic optimization problem
to determine the locations where sensors should be physically

placed (i.e., measured process variables) and those which can be
observed (i.e., unmeasured process variables).

This paper presents a method to approximate the Fisher infor-
mation about the mean value of a process variable using a combi-
nation of kernel density estimation and a reweighting scheme
called BONUS. The optimization problem is formulated as a nonlin-
ear, stochastic (binary) integer program, where the objective is to
maximize the overall (normalized) Fisher information gained from
deploying a network of on-line sensors, subject to a given budget
constraint. Sensors with various levels of accuracy are considered,
and the type and placement of each sensor is determined by solv-
ing the optimization problem. Results are presented that compare
the effects of budget constraints on the deployment of sensors. The
key advantage to using this approach to solving the sensor place-
ment problem is that the use of Fisher information as a measure
of observation order generalizes the Gaussian assumption on sys-
tem and measurement noise, and is applicable to systems gov-
erned by nonlinear behavior. Future research can extend or
compare the use of Fisher information to sensor placement prob-
lems that require fault detection or specify reliability constraints.
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