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Abstract The detection and identification of gross errors, especially measurement bias, plays a vital role in data
reconciliation for nonlinear dynamic systems. Although parameter estimation method has been proved to be a pow-
erful tool for bias identification, without a reliable and efficient bias detection strategy, the method is limited in ef-
ficiency and cannot be applied widely. In this paper, a new bias detection strategy is constructed to detect the pres-
ence of measurement bias and its occurrence time. With the help of this strategy, the number of parameters to be es-
timated is greatly reduced, and sequential detections and iterations are also avoided. In addition, the number of de-
cision variables of the optimization model is reduced, through which the influence of the parameters estimated is
reduced. By incorporating the strategy into the parameter estimation model, a new methodology named IPEBD
(Improved Parameter Estimation method with Bias Detection strategy) is constructed. Simulation studies on a con-
tinuous stirred tank reactor (CSTR) and the Tennessee Eastman (TE) problem show that IPEBD is efficient for

eliminating random errors, measurement biases and outliers contained in dynamic process data.
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1 INTRODUCTION

In the chemical industry, accurate and real-time
process data is the foundation of on-line fault diagno-
sis, real-time monitoring, advanced control and dy-
namic optimization. Data reconciliation can effec-
tively eliminate errors, typically for the normally dis-
tributed random errors, so that the quantities derived
from the process data obey the first principles. In fact
the industrial measurements are, however, usually
contaminated by gross errors, which can be subdi-
vided into measurement bias and outliers. Measure-
ment bias refers to the situation in which measurement
devices provide consistently erroneous values, either
high or low. Outliers can be considered as abnormal
behavior of the measurements, process peaks or un-
measured disturbances [1]. With the presence of gross
errors, the reconciled measurements may greatly deviate
from their true values. It’s quite necessary to carry out
gross error detection and identification, which can locate
and eliminate gross errors before data reconciliation.

For outliers there have been relatively effective
methods, which can be divided into two categories.
One is related to the process model and utilized to
identify outliers and eliminate or reduce their influ-
ences on the performance of the conventional data
reconciliation by making use of cluster analysis [2],
quantile probability plots [3] or robust estimation [4-6].
The other one has no relation with the process model
but utilizes the multi-scale property of wavelets for
data processing and outlier identification [7].

For measurement bias detection and identification,
current methods are limited in accuracy and efficiency,
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and cannot meet the demand for on-line application.

Narasimhan and Mah extended the generalized
likelihood ratio (GLR) method for identifying gross
errors and used a simple chi-square test to estimate the
occurrence time of the gross errors [8]. Kao and Tam-
hane made use of the cumulative sum (CUSUM) test
to detect the presence of gross errors and applied GLR
method to identify and estimate their magnitudes [9].
Rollins et al. presented unbiased estimation technique
(UBET) to identify measurement bias and process
leaks [10, 11]. Devanathan et al. proposed a gross error
identification approach based on the detection of bias
changes [12]. Bagajewicz and Jiang presented a dy-
namic integral measurement test (DIMT) to identify
hold-up measurements as suspects of gross errors [13].
But the above methods are all designed only for linear
dynamic systems, which usually operate around a
pseudo steady state.

Karjala and Himmelblau proposed an approach to
identify measurement bias or measurement errors,
which involved the usage of recurrent neural networks
(RNN) and the extended Kalman filter (EKF) [14].
However, it is probable for RNN to encounter combi-
natory explosion problems. Vachhani et al. viewed the
biased parameter identification as a diagnostic prob-
lem and brought in methods from fault diagnosis lit-
erature to improve the performance [15]. However, this
approach is not adoptable for the situation in which
multiple gross errors may exist.

Liebman et al. developed nonlinear dynamic data
reconciliation (NDDR) method, which estimated
measurement bias as a parameter [16]. This method
could be applied to strongly nonlinear dynamic sys-
tems with multiple gross errors present. However, no
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strategy is included in this method to detect the pres-
ence of gross errors. Instead, each variable of the
process is assumed to be biased and added a parameter
for estimation, which increases the complexity of
NDDR and limits its efficiency in on-line applications.

Based on Liebman’s parameter estimation
method, McBrayer and Edgar proposed a new ap-
proach which examined the residuals and carried out
summation test and regression test for bias detection
[17]. This approach can serially identify and compen-
sate measurement bias and avoid unnecessary pa-
rameter estimation, but involves too many unneces-
sary reconciliations. Besides, the base case required in
this approach is ideal and difficult to acquire.
Abu-el-zeet et al. simplified McBrayer’s strategy and
presented a new methodology, which combined bias
and outlier identification in dynamic data reconcilia-
tion [18]. Although base case is removed and some
unnecessary calculations are avoided, it is still a serial
detection and compensation procedure and not favor-
able for online applications. Kong et al. proposed the
concept of gross error identifiability and derived the
identifiable condition of a process. They also ad-
dressed an identification approach on the basis of pa-
rameter estimation [19]. But all these methods did not
overcome the weakness of parameter estimation and
could not meet the needs for high efficiency.

In this article, based on parameter estimation, a
new bias detection strategy is proposed, which can
simply detect the presence of bias and its occurring
and ending time. As a result, the number of estimated
parameters is remarkably reduced and the perform-
ance of parameter estimation is greatly improved.
Furthermore, the strategy is combined with present
outlier identification method. It is shown through
simulations on the continuous stirred tank reactor
(CSTR) test case and Tennessee Eastman (TE) Chal-
lenge Process that the integrated approach simultane-
ously and efficiently identifies bias and outliers for
on-line data reconciliation.

2 THE ORIGINAL PARAMETER ESTIMATION
METHOD

In the absence of gross errors the measurement

model can be written as:
xX=Xx+¢ (1)

where x is vector of the measurements, x is vector
of the true values of the process variables, and & is
vector of the random errors. Obviously, the residual
(X — x) is normally distributed.

The data reconciliation problem can be stated as
a constrained nonlinear programming problem [16]:

min @ (x,x)

st. f(x,x,u,t)=0 )
h(x,u,t)=0
g(x,u,t)=0

where t is vector of time, x is vector of the reconciled
measurements, u is vector of unmeasured variables,
f () is the differential equation constraints, A(-) is the
algebraic equality constraints, g(-) is the algebraic
inequality constraints and @(x,x) is the object func-
tion and for most applications it is simply weighted
least-squares (WLS):

D(x,%)=(x-)" V' (x-%)
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where V is the variance-covariance matrix of the
measurements, N is the number of measured variables,
t. represents the current time, H is the size of the his-
tory horizon, At is the sample time step, and o; is the
standard deviation of the ith measurement error.

The model above has been proved powerful for
nonlinear dynamic systems with random errors [16].
However, if the assumption that systematic bias is
absent is not hold, the measurement model can be
written as:

X=X+€+68 @)
where o is vector of the measurement bias. Naturally,
(x+8—x) is in normal distribution and the data

reconciliation model based on parameter estimation is
stated as [16]:
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g(x,u,t)=0

where 0; is the ith assumed parameter to be estimated.
Since the measurement bias is usually consistent with
time, the residual (J; —,_,) is introduced into the ob-
ject function to reduce fluctuations in the bias estimate
[16], where @, is the penalty weight for the ith variable.

The original parameter estimation method is ap-
plicable and effective for nonlinear dynamic process
with multiple gross errors present. But it does not in-
clude any bias detection strategy so as to be limited in
efficiency, especially when only a small proportion of
the measured variables contains gross errors, and pre-
sent improved strategies bring in other iteration prob-
lems while reducing the number of the estimated pa-
rameters [17, 18], as mentioned above.

3 THE IMPROVED PARAMETER ESTIMA-
TION METHOD WITH BIAS DETECTION
STRATEGY

3.1 Bias detection criterion

The CSTR test case published by Liebman et al. [16]
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was studied and the reconciled results which were
acquired using model (2) were analyzed. It shows that
the reconciled results differ a lot with or without the
presence of bias. If the measurements only contain
random errors in a moving horizon, there will be little
deviation between the mean of estimated values and
the mean of measured values [see Fig. 1 (a)]. If bias
exists, the reconciled results will smear a lot from the
measurements [see Fig. 1 (b)].
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Figure 1 Reconciled results (a) without measurement bias

and (b) with measurement bias
— true values; x measured values; @ estimated values

If the smearing could be detected in time using a
simple criterion, measurement bias would be identi-
fied, including the contaminated variable and the oc-
curring and ending time of the bias. However, it is not
easy to tell whether the current deviation is caused by
bias or not, because measurement bias is consistently
erroneous, as is mentioned above. As a result, detec-
tion should be carried out on the basis of statistical
analysis of measurements in a moving horizon. The
straightforward idea is to analyze the difference be-
tween the mean of estimated values and the mean of
measured values. Thus, a new criterion for bias detec-
tion is proposed as the following:

1 t-1 R 1 t-1
— X —— X
N i:tz—n l N i;n l

where ¢, represents the threshold of the criterion,

>, (6)

which should be determined according to the actual
situation, but typically £, can be initialized as 0.50;,
which proves applicable for most cases. If the criterion
is satisfied, it means x; might be contaminated by bias
and parameter estimation should be carried out. Other-
wise, there is no need to assume a parameter for %;.
This criterion is quite simple and straightforward but
can directly find the difference of statistical characteri-
zations between estimated values and measured values.

3.2 Improved data reconciliation model

Based on the criterion, the original parameter es-
timation model, as Eq. (5), is amended as the following:
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where FE is the aggregate of subscript of the variables
which might contain bias, & is a vector to record the
bias detection results.

It should be noted that a positive detection of
criterion (6) does not mean that the current measured
variable is positively biased. It should be determined

eventually by whether the estimated value of J; is over
the threshold.

3.3 Bias detection and identification strategy

Bias detection and identification strategy of the
improved parameter estimation method is quite
straightforward as the following:

1) For the first moving horizon, there is no his-
torical measured data for reference. It is assumed that
all the variables are not free of bias, so & is set to unit
vector. Then data reconciliation is carried out using
model (7).

2) Save the reconciled results of the former
moving horizon, and check whether criterion (6) holds.
Record the detection result in the vector a.

3) Reconcile the measurements in the current ho-
rizon. If the bias estimation of some variable is over the
threshold, the presence of bias is insured and recorded.

4) Return to Step 2).

In this strategy unnecessary parameter estima-
tions and iterations are avoided, so the complexity of
data reconciliation is greatly reduced. Besides, the
strategy is convenient to be integrated with the original
parameter estimation method. Therefore, the improved
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parameter estimation method with bias detection
strategy (IPEBD) can eliminate measurement bias and
random errors simultaneously and efficiently.

4 SIMULATION CASE STUDY

The IPEBD approach was successfully applied to
the CSTR test case and the TE Challenge Process via
simulation, which were both based on Matlab 7.3.0
platform on a PC (P4 3.0G, 1G ram).

4.1 CSTR test case

4.1.1 Simulation model

For comparison, IPEBD was tested on the same
CSTR test case used by Liebman et al [16]. The scaled
dynamic model can be written as:

M4y ) g
%
d—ng(TO'—T,)-F(Z rA'r Ar UA (TI_TCr)
dt v pc,T, pe,V
(®)
k=k, L4 )
exp T

where A is the scaled input concentration, 7; is the
scaled input temperature, 4" is the scaled output con-
centration, T" is the scaled output temperature, 4, is
the nominal reference concentration, and 7, is the
nominal reference temperature.

4.1.2 Implementation issues

The CSTR simulation was initialized at a steady
state operating point of 45 =65, T;=3.5 ,
A'=0.1531 and T'=4.6091. Time increment of the
simulation is 1 second, and each moving horizon in-
cludes 31 measurements. At time step 150, the scaled
input concentration was stepped from 6.5 to 8.5.

The simulation data was contaminated by ran-
dom errors in normal distribution (0, 0.05). Then
measurement biases were introduced into output con-
centration at time steps 100-250 and output tempera-
ture at time steps 200-300. The magnitudes of the
biases were all 40, where o was standard deviation of
random errors and o =0.05.

4.1.3 Simulation results

Bias detection result is shown in Fig. 2. The ver-
tical axis represents the judgment of the detection
strategy, where 1 stands for positive detection and 0
for negative detection. As a result of the assumption
that all the variables in the first moving horizon are
not free of bias, it is not detection fault that the first
stage of all the plots is 1. Since the strategy uses rec-
onciled results in the former horizon for bias detection,
there is a short delay in detection results, which is
about 0.5-1 times the size of a horizon. There is only
one detection fault at time steps 150-180. It is mainly
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Figure 2 Bias detection results of IPEBD
----bias information, — bias detection

caused by the step change in the input concentration,
which is reasonable and acceptable.

Suppose 6, , &, , O 4 and &; represent the
measurement blas of A', T", 4} and'T; respectively,
and op =6, =6, =0. "For the orlglnal parameter
estimation method because each variable has a pa-
rameter to be estimated, the searching freedom is 4,
which actually enlarges the feasible region of the op-
timization problem. Since IPEBD is able to detect the
presence of bias in due course, the searching freedom
is reduced to 1. Suppose 4 and B stand for the feasible
regions of the two situations respectively, and natu-
rally B < A, the solution of the original optimization
problem might not be the right one because of the
enlarged feasible region, although the accurate bias
estimate is in the feasible region 4 theoretically. As
the result of the affections between estimated parame-
ters, measurement bias of some variable may be con-
tributed to other variables’ estimates, which will result
in smeared bias estimation (see Fig. 3). However, the
negative effect mentioned above is avoided in IPEBD
through accurate bias detection, and much better iden-
tification results are obtained (see Fig. 4).
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Figure 3 Bias identification results of the original method
----bias information, —— bias estimates

The complexity and time consumption are greatly
reduced by narrowing the search region. Table 1 shows
that the efficiency of IPEBD is greatly improved
whether measurement bias present or not. For this test
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Figure 4 Bias identification results of IPEBD
---- bias information; —— bias estimates

Tablel  Comparison of average time consumption

IPEBD/s Original method/s Reduced/%

measured data with bias 1.47 1.90 22.6
measured data without bias ~ 1.09 1.82 40.2
integral measured data 1.30 1.86 304

case, in which approximate 50% of the measured data
is contaminated by bias, the reconciliation efficiency
is increased by about 30%. Since most measured data
is free of bias in chemical industry, the efficiency in-
creased will be up to 40%.

4.2 TE challenge process

The advantages of IPEBD have been proved in
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the CSTR test case where the measured data is con-
taminated by random errors and measurement bias.
But real industrial process is usually more complex
than a single CSTR, and the measured data usually
contains outliers. In this section, IPEBD will be tested
in a complex process named TE Challenge Process
with random errors, bias and outliers present.

4.2.1 Process description

The TE Challenge Process—hereafter called the
TE problem—was proposed by Downs and Vogel at
an AIChE meeting in 1990 [20]. It involves coordina-
tion of four unit operations: an exothermic two-phase
reactor, a flash separator, a reboiled stripper and a re-
cycle compressor. The process produces two products
from four exothermic, irreversible reactions. There are
a total of eight components labeled as A-H, with
component B an inert, components G and H the pri-
mary products, and component F a byproduct. The
chemical reactions provided are written as:

A(g)+C(g)+D(g) —> G()
A(g)+C(g)+E(g) > H()
A(g)+E(g) > F()

3D(g) — 2F()).

(10)

4.2.2 Implementation issues

Downs and Vogel omit details of the kinetics,
phase equilibria and process dynamics, and no plant
model is provided. Fortunately, some mechanistic
nonlinear model has been developed and validated
with data taken from the original Downs and Vogel
work and their accompanying Fortran programs
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Figure 5 Results of outlier detection and identification
—— true values; X measured values; @ estimated values; O outlier errors
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[21-23]. In this article, all the simulations of the TE
problem are based on Ricker’s work [21, 22]. The
mechanistic nonlinear model includes 76 algebraic
equations, 26 differential equations and a total of 112
variables including 67 measured variables. More de-
tails could be found in the Refs. [21, 22].

The TE problem is tested through computer
simulation with a sampled time of 1 min, and each
moving horizon includes 7 measurements. Random
errors in normal distribution, outliers of magnitude
5 0-10 ¢ and measurement bias of magnitude 4 -6 o
are introduced randomly.

Since outliers are present, the IPEBD approach
needs to be improved. With the object function re-
placed by a robust estimator [24, 25], IPEBD will be
capable to deal with random errors, measurement bias
and outliers simultaneously. The robust estimator
adopted in the simulation is first published by the au-
thor, which is stated as the following [26]:

p(x)=e M 4 (1 - et )clx] (1)
where a, b, ¢ are parameters to be tuned.

4.2.3 Simulation results

Since there are too many measured variables in
the TE problem, only part of the reconciled results
will be shown in the following text.

As a result of the introduction of the robust esti-
mator, outliers are successfully identified and elimi-
nated by IPEBD as shown in Fig. 5.

There are totally 4 measured variables contami-
nated by measurement bias, all of which are success-
fully detected by IPEBD (see Fig. 6). Bias detection
only decides which variable might contain bias and
the final judgments are made by the results of pa-
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Figure 7 Results of bias identification

rameter estimation. As the CSTR test case, there are a
short delay and some faults in bias detection, but bias
identification is not affected. All the 4 biases are iden-
tified and reconciled eventually as shown in Fig. 7.
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Figure 6 Results of bias detection
---- bias information; —— bias detection

Because of the accurate bias detection of IPEBD,
most parameters in the original parameter estimation
method are avoided, which greatly improves the effi-
ciency of data reconciliation. With the help of bias
detection strategy, the average time consumption is
reduced by about 30%. Since most measurements are
free of bias in the industrial process, time consumption
will be further reduced by about 38% (see Table 2). Be-
sides, for the measurements in a single time step, the
maximum time consumption of IPEBD is less than the
sampled time step, typically 60 seconds in this case,
which means IPEBD can be used for online application.
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Table2  Comparison of time consumption

IPEBD/s Original method/s Reduced/%

measured data with bias 43.1 58.4 26.2
measured data without bias ~ 34.8 56.6 38.5
integral measured data 40.2 57.7 30.3
maximum time consumption ~ 53.7 934 42.5

5 CONCLUSIONS

Parameter estimation method has been proved to
be a powerful tool for bias identification. However,
without a reliable and efficient bias detection strategy,
data reconciliation based on parameter estimation is
limited in efficiency and cannot be applied widely.
Against the shortcomings of parameter estimation
method, a new bias detection strategy is successfully
constructed and has been shown to work efficiently in
detecting the presence of measurement bias and rec-
ognizing its occurring time. With the strategy present,
the number of parameters to be estimated is greatly
reduced, and serially detection and iterations are
avoided. Besides, the number of decision variables of
optimization is reduced, through which influences
between parameters estimated are decreased and the
accuracy of parameter estimation is improved. By in-
corporating the strategy into the data reconciliation
model, a new methodology named IPEBD is con-
structed based on parameter estimation method, and it
works pretty well in CSTR and TE testing cases.

NOMENCLATURE

feasible region of the original method

scaled output concentration

heat exchange area, cm?( = 10.0)

nominal reference concentration, g~m01-cm73( =1.0x10"9)
scaled input concentration

feasible region of the improved method

heat capacity, J-(gK) '(=4.2)

aggregate of subscript of the variables which might contain bias
activation energy, K( = 14090.0)

reactor feed, kmolh ™'

reactor outlet, kmolh

differential equation constraints

algebraic inequality constraints

width of the history horizon

reaction heat, J-g'mol '(=-113042.3)

Em”\:‘ﬁi‘?:’m@m&q“ﬁ?ﬁak

h algebraic equality constraints

ko pre-exponential factor of reaction constant, s '( = 7.86x10'?)
N number of the measured variables

q flow rate, cm’'s'( = 10.0)

T scaled output temperature

T. ambient temperature, K( = 340.0)

T: nominal reference temperature, K( = 100.0)

T, scaled input temperature

t vector of time

t current time

At sample time step

U heat transfer coefficient, J-(cmz*s-K) '(=2.1x10 3)

u vector of the unmeasured variables

| 4 variance-covariance matrix of the measurements

Vv reactor volume, cm’( = 1000.0)

x vector of the reconciled measurements

X vector of the true values

x vector of the measurements

x(G) G in reactor, % (by mol)

ys(E)  E in top outlet of stripper, % (by mol)

y6(H)  H in reactor feed, % (by mol)

y7(E)  E inreactor outlet, % (by mol)

ys(B) B inrecycle stream, % (by mol)

y3(F)  Finrecycle stream, % (by mol)

a vector to record the bias detection results

a4 catalyst deactivation factor( = 1.0)

o vector of the measurement bias

o4 measurement bias of A4’

Sy measurement bias of 4]

i the ith assumed parameter to be estimated

or measurement bias of 7’

S, measurement bias of 7;

& vector of the random errors

G threshold of the criterion

) density, grem (=0.001)

o; standard deviation of the ith measurement error

[ object function

w; penalty weight for the ith variable
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