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Abstract 

Safe and reliable operation of industrial chemical 
plants necessitates proper design and performance of 
instrumentation sensor networks. In this paper, a data 
reconciliation technique based on the unscented Kalman 
filter (UKF) is proposed to extend an instrumentation 
sensor network design approach to non-linear dynamic 
processes. Moreover, an efficient performance measure 
based on the root mean squared error (RMSE) of the 
estimated variables has been presented to evaluate each 
candidate instrumentation sensor network design. A 
simulated nonlinear continuous stirred tank reactor 
(CSTR) benchmark plant has been utilized to illustrate 
the effective capabilities of the proposed approach. 

 

1. Introduction 

Efficient control and safe operation of industrial 
chemical plants usually require the measurements of 
some specific process variables such as flow rates, 
temperatures and compositions. However, some of the 
interested process variables might not be available 
through measurements. These unmeasured variables are 
usually estimated by exploiting the dynamic 
relationships among different variables. It is necessary 
the measured variables and all the unmeasured variables, 
which are going to be uniquely estimated, to be 
observable. But, this observability condition depends on 
the process structure as well as the sensor locations 
utilized in the instrumentation sensor network design. 
Consequently the design of sensor networks in industrial 
chemical plants to fulfill such desired operational 
requirements is an important topic of interest. The sensor 
network design problem concerns the determination of 
which variable should be measured and with what 
precision so that the desired pre-specified data quality is 
assured. 

The problem of "selecting instruments for optimal 
state estimation" has been analyzed by several 
researchers. Vaclavek and Loucka [1] first explored this 
problem to guarantee observability of a required set of 
variables in multi-component process using graph 

theory. The latest and recent method proposed by 
Musulin et.al [2] aims to maximize Kalman filtering 
performance by using accuracy as its main performance 
index. The method, however, is limited to linear process 
assumptions. In this paper, a data reconciliation 
technique based on the unscented Kalman filter (UKF) 
algorithm is proposed which extends the design 
methodology presented in [2] to be used for nonlinear 
processes. An effective measure based on the root mean 
squared error of the estimated variables has been 
introduced for evaluation of each candidate sensor 
network design solution which can provide a more 
practical design approach. The effectiveness of the 
proposed methodology has been demonstrated on a 
nonlinear continuous stirred tank reactor (CSTR). 

2. Data reconciliation technique based on 
the UKF algorithm 

In order to design an acceptable instrumentation 
sensor network, a suitable estimation or data 
reconciliation technique must be used. In [2], the 
standard Kalman filter (KF) has been utilized for this 
purpose which could not each to an acceptable result in 
nonlinear systems or may diverge from the actual results. 
Julier and Uhlmann [3,4] developed the UKF algorithm 
which does not require to linearize the following general 
nonlinear system dynamics. 

kkkk wuxfx +=+ ),(1                   (1) 

kkk vxhy += )(      (2) 
Where xk represents the unobserved state of the 

system uk is a known exogenous input, and yk is the 
observed output through measurement instruments. The 
process noise wk drives the dynamic system and the 
observation noise is given by vk. 

The UKF algorithm uses a "deterministic sampling" 
approach to calculate the mean and covariance estimates 
of Gaussian random state variables (i.e., x) with a 
minimal set of 2L+1 sample points (L is the state 
dimension), called as sigma points [3,5], through the 
actual nonlinear system dynamics without any linear 
approximations. 
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Hence, this approach yields more accurate results 
compared to the KF. The results are accurate to the third 
order (Taylor series expansion) for Gaussian inputs for 
all nonlinearities. For non-Gaussian inputs, the results 
are accurate to at least the second order [3]. 

The UKF algorithm can be implemented by the 
following steps: 

1- The algorithm is started with some initial guesses 
for the state estimation (x0) and the error covariance 
matrix (P0), defined as: 

][ˆ 00 xEx = , ])ˆ)(ˆ[( 00000
TxxxxEP −−=     (3) 

2- The algorithm is followed the recursive application 
of the "deterministic sampling" to the nonlinear system 
equations for other time instants },,1{ ∞∈ Kk  as 
follows: 

2.1- calculate a collection of sigma points, stored in 
the columns of the L×(2L+1) sigma point matrix xk-1 as: 

]ˆ   ˆ  ˆ[ 111111 −−−−−− −+= kkkkkk PxPxx γγχ        (4) 

Where LkL −+= )(2αλ  and λγ += L  are 
scaling parameters. The constant α determines the spread 
of the sigma points around x̂  and k is a secondary 
scaling parameter. 

2.2- propagate each column of 1−kx  (i.e. , 1, −kix ) 
through the nonlinear system state equation (Eqn. 1) to 
perform the prediction or time update step as: 

),( 11,1|, −−
∗

− = kkikki uf χχ ; i=0,…, 2L  (5) 

Then a priori estimate values for state and error 
covariance are calculated as: 
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Where Wi
(m) and Wi

(c) are sets of scalar weights 
defined by: 
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i ; i=1,…,2L                  (10) 
β is a parameter used to incorporate any prior 

knowledge about the distribution of x and Rw is the 
process noise covariance matrix. 

2.3- The sigma points are updated as: 

]ˆ    ˆ   ˆ[1|
−−−−−

− −+= kkkkkkk PxPxx γγχ        (11) 

2.4- Propagate each column of 1| −kkχ through the 
nonlinear system measurement equation (Eqn. 2) to 
predict the measurement values as: 

)( 1|,1|, −− = kkikki hY χ ; i=0,…,2L                                 (12) 
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2.5- After the prediction step, the correction or 
measurement update step is performed to calculate the 
posterior estimate state as follows: 

)ˆ(ˆˆ −− −+= kkkkk yyKxx                                          (14) 
Where yk is the actual measurement vector and Kk is 

the Kalman gain defined by: 
1−=

kkkk yyyxk PPK
                                                       (15) 
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             (17) 
Where Rv is the measurement noise covariance 

matrix. Finally, the posterior estimate of the error 
covariance is computed as: 

T
kyykkk KPKPP

kk
−= −                 (18) 

3. Measurement performance evaluation 
measure 

In a Typical industrial case study, the measurable 
variables are known together with their possible 
locations. Based on this knowledge different 
combinations of the sensor locations with different 
accuracies can be selected. Each one of the selected 
sensor networks can be thought as a candidate 
measurement solution to the problem. It should be noted 
that the main difference between these candidate sensor 
networks are in the corresponding measurement noise 
covariance matrix Rv and the resulting observation 
function h(xk) which demonstrates the topology of the 
measurement system. The estimation accuracy of each 
candidate network solution depends on Rv and h(xk). 
Noting that the accuracy is assumed as the main 
consideration in the performance evaluation of each 
candidate measurement solution. 

Different measurement systems have different 
performances. A performance measure is needed to 
evaluate the performance of each candidate measurement 
system. First, the following root mean squared error 
(RMSE) is introduced to evaluate the performance of 
each reconciled data: 
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This measure provides the required RMSE 
information about each measurement point. To compare 
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the RMSE measure of each candidate instrumentation 
sensor network with each other, the best sensor network 
(Pb

j), which is the measurement system with the most 
accurate sensors, is considered as the reference point. 
Then, the distance of each candidate sensor network with 
the best sensor network is considered as the desired 
network performance evaluating measure: 
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Where S denotes the set of all process variables of 
interest to be measured or observed, j indicates the jth 
process variable and jx represents the steady state value 
of the jth process variable in the instrumentation sensor 
network design. As shown, the obtained distance 
measure (dp

s) has been normalized to give an evaluating 
measure value between 0 and 1, i.e. , ]1,0[∈s

pd . 
Moreover, to increase the evaluation accuracy of the 
network performance evaluating measure, the true 
RMSE of each process variable is used by normalizing it 
with the steady state value. This indicates a better 
representation for the error covariance of each individual 
process variable. Because, it provides a normalized 
measure irrespective of each individual process variable. 

4. Instrumentation sensor network design 

A designer of sensor network has several potential 
objectives to choose from, depending on the desired 
process requirements. Some of the most important ones 
are presented in [6]. In this paper, maximizing the sensor 
network performance, defined by Eqn. (20), by 
satisfying some desired cost requirements as an 
additional constraint is utilized as follows [2]: 

( )s
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dMax

ij
 

S.t. max)( CSC
i

iji ≤∑                (21) 

Where Sij is an integer variable which indicates the 
placement of sensor type i at network location j (j∈S). 
When a process variable is measured, a sensor type with 
its corresponding variance ( 2

iσ ) is allocated in Rv. But, 
when a process variable is not measured, a dummy 
sensor with an infinite variance ( ∞→2

iσ ) is selected, 
which has a null cost. 

As a consequence, the sensor network performance 
measure given in Eqn. (20) can be maximized by 
selecting the most accurate possible network system 
subject to the maximum investment. This can be 
accomplished by varying the diagonal elements of 
matrix Rv (i.e., selecting sensors with appropriate error 
variances) subject to a cost bound Cmax. 

Associated Cmax is used to obtain a curve that can 
show the best performance of the chosen sensor network 
according to the desired cost constraint. 

There are different solutions to solve such a 
constrained optimization problem. Selecting an 
appropriate approach however depends on the size of the 
problem. In this research study, the MATLAB Genetic 
Algorithm (GA) toolbox developed by the University of 
Sheffield [7] has been used. In this GA implementation, 
each gene in the chromosome is taken as a process 
variable which can be measured once using a single 
sensor selected from a specific set of sensors with 
different cost and accuracy. In this way, the length of 
each chromosome is equal to the number of variables 
that can be measured. For a location with no sensor, a 
dummy sensor with null cost and a very low accuracy is 
considered. New populations are generated by selecting 
G individuals from the initial populations using the 
roulette wheel selection scheme and two point crossover 
and mutation operators. The GA algorithm is terminated 
if the number of generations reaches a predefined 
maximum value (NG). 

5. Simulation case study 

Fig. 1 shows the CSTR benchmark problem [8]. 
 

 

Figure 1. The schematic diagram of CSTR 
process 

The process involves an exothermic liquid-phase 
reaction: A(l) → B(l) + C(g). As shown, the temperature 
controller (TC) controls the temperature of the reactor by 
manipulating the inlet flow rate of the coolant flowing 
through the jacket. The level in the reactor is controlled 
by the level controller (VC) which manipulates the outlet 
flow rate from the reactor. The pressure in the reactor is 
controlled by changing the vent gas flow rate. Both the 
reactor and the jacket are modeled with perfectly mixed-
tank dynamics. The CSTR model equations are as 
follows: 
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Table 1 – nominal values for the CSTR 

Notation Variable Steady state / Constant value 
V Volume of reactor 48 ft3 

CA 
Reactant concentration 
in reactor 

0.2345 lb.mol of A/ft3 

T Reactor temperature 600°R 
F Outlet flow rate 40 ft3/h 
N No. of moles of vapour 28.3657 lb. mol 
P Pressure in vapor space 2116.79 lb/ft2 

Fvg Vent flow rate 10.6137 lb. mol/h 
Fi Inlet feed flow rate 40 ft3/h 

CAi 
Inlet reactant 
concentration 

0.5 lb. mol of A/ft3 

Tc Jacket temperature 590.51°R 
Fc Coolant flow rate 56.626 ft3/h 
Ti Inlet feed temperature 530°R 
Vj Volume of jacket 3.85 ft3 
K0 Frequency factor 7.08× 1010 h-1 

Cd Catalyst activity 1 
E Activation energy 29900 btu/lb. mol 
R Universal gas constant 1.99 btu/lb. mol °R 
U Heat-transfer coefficient 150 btu/h ft2 °R 
A Heat-transfer area 150 ft2 

Tci Inlet coolant temperature 530°R 
ΔH Heat of reaction -30,000 btu/lb. mol 

Cp 
Heat capacity (process 
side) 

0.75 btu/lbm °R 

Cpj 
Heat capacity (coolant 
side) 

1 btu/lbm °R 

ρ 
Density of process 
mixture 

50 lbm/ft3 

ρj Density of coolant 62.3 lbm/ft3 

Vg Volume of vapor space 16 ft3 

 
Global Mass Balance: 

dt
dVFFi =−                                  (22) 

Component Mass Balance (CA): 

dt
dCrCC

V
F A

AAAi
i =−− )(                (23) 

Overall Heat Balance on the Reactor: Result obtained 
assuming constant heat capacities and densities: 

dt
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Overall Heat Balance on the Jacket: 

dt
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Gas Phase Balance: 

dt
dnFVr vgA =−                 (26) 

Reaction Rate: 
RTE

AdA ekCCr /
0

−=                 (27) 

Elemental Mass Balances in Valves and Pumps: 
Assuming no accumulation: 
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Pressure in the Reactor: where Vg is the vapour 
space and is assumed constant, assuming ideal 
behaviour: 

nRTPVg =                  (29) 

 The CSTR model parameters together with their 
nominal operating conditions are described in Table 1. 
As shown, process consists of 5 states (F, CA, T, TC, n) 
and for simple measurement of pressure, the fifth state 
(n) has been replaced by pressure (P). 

6. Results and discussion 

In this CSTR simulation case study, the unscented 
Kalman filtering is used for data reconciliation of the 
CSTR states and also for production of an objective 
function to evaluate the performance of the selected 
network. 

In order to compare the results for different goals, we 
design networks with a minimum cost constraint up to 
the maximum cost in some fixed steps. The final curve 
of performance versus cost constraint is a good criterion 
for selecting best sensor network with a fixed available 
charge. 

There are 4 sets of sensors used for measurement of 
CSTR states. Available sensor variances and their 
corresponding costs are given in Table 2. The sensor 
with null cost and 1000% accuracy means that there is 
no such sensor in that location. Choosing 1000% 
accuracy leads to a high corresponding variance in the 
matrix Rv for such a sensor which ultimately causes a 
high covariance value in the corresponding Pk location. 

Table 2 – Available sensors in the catalogue 

Sensor type Cost Accuracy 
Temperature 1 2 1 % 

Temperature 2 1.5 2% 
Temperature 3 0 1000 % 
Pressure 1 2 1 % 
Pressure 2 1.5 2 % 
Pressure 3 0 1000 % 
Concentration 1 20 1 % 
Concentration 2 10 2 % 
Concentration 3 0 1000 % 
Volume 1 10 0.1 % 
Volume 2 8 0.5 % 
Volume 3 5 1 % 
Volume 4 3 2 % 
Volume 5 0 1000 % 
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The Genetic Algorithm (GA) has been used to search 
through the space of available sensor networks. The GA 
parameters were set to initial population Nind=20, number 
of generations NG=10, number of childs in each 
generation G=10, crossover probability PC=0.7, mutation 
probability Pm=PC/Lind=0.14, and scaling factor Sf=10-10. 

The cost constraint is considered as Cmax=2:2:36 that 
is 18 constraints with steps of 2.  The GA algorithm took 
12 seconds mean time to converge for each constraint. In 
order to test the convergence property of the GA 
algorithm, the simulation study was repeated 10 times 
taking 35 min and 13 seconds. The final curve of the 
performance versus costs for 10 trials is shown in Fig. 2. 

There are 34×5=405 possible solutions that with an 
exhaustive search it would take an about 60 seconds to 
find the optimum solution. The mean time of the 12 
seconds with GA is comparable to 60 seconds in this 
case, however in larger case studies the difference is so 
high that it is not practical to do an exhaustive search 
because it may take years to complete. 

It is clear that higher investments lead to better sensor 
networks. However, in the trade-off curve it is difficult 
to find a point that presents a clear best solution but the 
trade-off cost-performance curve helps the user to select 
a sensor network with desired performance and available 
investment constraint. 
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Figure 2. Cost-Performance trade-off of 
CSTR sensor network design for 10 trials 
optimization 

It should be noted that the GA not always converge to 
an optimum but may converge to a sub-optimal solution. 
The advantage of the GA is that it converges to optimal 
or sub-optimal solution in a short time. This advantage 
shows itself in higher order and large scale problems that 
is not possible to find optimal solution through 
exhaustive search. 

The Figures 3 (a to f) show the reconciled 
concentration (the most important state in the CSTR 
system) together with the RMSE measure value 
corresponding to each network for better comparison 
purposes.   
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Figure 3. Dynamic data reconciled 
Concentration (CA) of CSTR system in the 
face of set-point changes for three 
designed sensor networks (cost=2,12,36) 

The resulting performances with the obtained 
measurements for the three designed sensor networks are 
given in Table 3., Obviously, it can be seen that the more 
investment in sensors lead to better reconciled data of 
the states. In this example, the setpoints are changed to 
(T+10, V+4, P+100) at t=5 and then back to the original 
setpoints at t=10. 

Table 3 – The resulting performances and 
measurements for the three designed 
sensor networks (cost=2,12,36) 

Cost Performance  V  CA  T Tc P 

36 100 % 
0.1 
% 

1 % 1% 1% 1% 

12 48.5 % - 2% - - 1% 
2 35.4 % - - - - 1% 

7. Conclusions 

This paper presents a data reconciliation technique 
based on the UKF algorithm to be used in design and 
performance evaluation of instrumentation sensor 
networks for nonlinear processes. The UKF 

reconciliation technique provides the required estimation 
data to formulate an efficient measure in terms of the 
RMSE values of the estimated variables to evaluate the 
performance of each candidate sensor network design 
solution. The simulation results demonstrate the 
effectiveness of the proposed approach on a highly 
nonlinear CSTR benchmark problem. 
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