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Recurrent neural networks are used to demonstrate the dynamic data rectification
of process measurements containing Gaussian noise. The performance of these
networks is compared to the traditional extended Kalman filtering approach and to
published results for model-based nonlinear programming techniques for data rec-
onciliation. The recurrent network architecture is shown to provide comparable, if
not superior, results when compared to traditional methods. The networks used
were trained using conventional nonlinear programming techniques in a batch

fashion.

Introduction

In a modern chemical plant, a wide variety of measurements
of the process variables are collected for the purposes of cost
accounting, process control, statistical quality control, and
performance evaluation. These measurements are often con-
taminated in the sense that random noise and gross errors may
be present due to measurement irreproducibility, instrument
degradation, human error, or other unmeasured disturbances.

Rarely does the measured amount of raw material processed
and energy furnished to a modern chemical plant or refinery
exactly match the measured amount of product produced or
energy consumed. Data rectification methods were first de-
veloped in order to reconcile inaccurate and inconsistent plant
data using steady-state mass and energy balances as con-
straints. In the literature, the term data reconciliation is com-
monly used to refer to the reduction of additive random noise
from process measurements by adjusting the measurements to
fit a prescribed model usually via constrained least squares.
We prefer the broader term data rectification which means
removal/reduction of not only noise but other types of con-
taminants in the data such as biases and gross errors. This
term includes data reconciliation as a subset but also includes
filtering, and/or prediction, and/or hypothesis testing as well
as other methods. A typical example of data reconciliation in
the literature is to select a process model, add normally dis-
tributed random noise to the measured process inputs and
outputs, and minimize the squares of the deviations between
the simulated process measurements and the predicted (recti-
fied) measurements at each time ¢ by using the process model
as a constraint in the least-squares calculation. In contrast,
rectification methods do not necessarily adjust the data col-
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lected at time ¢ to satisfy a model. In fact, in our work with
artificial recurrent neural networks (RNN), we do not adjust
data at time ¢ to get the rectified values at time ¢ as will be
explained below.

We focus here on the removal of random errors via three
techniques: (1) artificial neural networks, (2) extended Kalman
filtering, and (3) constrained nonlinear programming. We first
present some background on data rectification for dynamic
processes, then explain how Kalman filtering, artificial neural
networks, and nonlinear programming can be applied to the
problem. Finally, we provide an example to help evaluate the
three techniques.

Data Rectification

Statistical methods have been the mainstay of data rectifi-
cation in the chemical process industries. Most research to date
has centered on the detection and removal of gross errors and
filtering of measurement noise from somewhat idealized steady-
state plant data. Recently, a few investigators have turned their
attention toward dynamic systems and serially correlated data
with some success (Narasimhan and Mah, 1988a,b; Darouach
and Zasadzinski, 1991; Liebman et al., 1992; Kao et al., 1992;
Ramamurthi et al., 1993).

Data rectification is traditionally performed in two steps.
First, nonrandom measurement errors must be detected and
their presence eliminated. Then the random measurement noise
is reduced, typically through some sort of filtering or data
smoothing. Traditional techniques demand an accurate process
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model in order to yield unbiased results. Unfortunately, ac-
curate process models are not always available in practice.

Steady-State Processes

Most of the techniques developed for data rectification have
been for steady-state material balances. In the absence of gross
or other types of nonrandom errors, the goal of data rectifi-
cation is to make adjustments to the measurements in order
to satisfy the process constraints. One would like to minimize
some criterion such as the norm of the error involved, or the
absolute value of the error. Because the “‘true’’ values of these
variables are not known, the reference value for which the
error is calculated usually is the reconciled value of a variable.
If the constraints are linear, the problem can be posed math-
ematically as:

Minimize: (y— )L '(v— )
y
Subject to: Af=b (1)

where y is the vector of actual measurements, y is the vector
of reconciled measurements, L~ is the inverse of the covari-
ance matrix of the measurement noise, and Ay=>5 is a set of
linear balance equations. This minimization problem has the
closed form solution:

$=y—EAT(AZAT) '(Ay-b) @

but this equation is not valid unless gross errors have been
detected and removed. Numerous authors have developed sta-
tistical tests to detect gross errors in linearly constrained sys-
tems (Tamhane and Mah, 1985; Serth and Heenan, 1986;
Rosenberg et al., 1987; Narasimhan and Mah, 1989; Jonge-
nelen et al., 1988) most of which are based on analysis of the
constraint residuals. Unfortunately, these statistical tests are
founded on statistical assumptions frequently violated by real
plant data.

More recently, Tjoa and Biegler (1991) have sought to si-
multaneously detect and remove gross errors while reducing
random measurement errors by using the maximum likelihood
principle to generate a modified objective function. An analytic
closed form solution is no longer possible with departure from
the least-squares objective function. In addition, this method
requires prior knowledge of the nature and distribution of both
the random and nonrandom measurement errors; such infor-
mation is generally not available in real data.

If measurements are missing, Crowe et al. (1983, 1992) have
demonstrated how unmeasured variables can be eliminated
from the linear balance equations via matrix projection to form
a reduced set of balance equations. If the constraints of prob-
lem 1 are nonlinear, such as the constraints that arise when
the measurements for both a concentration and flow rate must
be rectified for the same process stream, or if the objective
function is not quadratic, nonlinear programming techniques
must be applied for data rectification (after gross errors are
deleted).

Dynamic Processes

Much less has been published for dynamic processes than
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Table 1. Data Rectification for Dynamic Systems

Gross Error
Model L or NL Error Covar.

Authors Based System® Incl.  Est.
Adams (1988) Yes L No Yes
Almasy (1990) Yes L No Yes
Barash (1987) Yes L No Yes
Cameron et al. (1991) Yes NL No Yes
Darouach and Zasadzinski (1991) Yes L No Yes
Gertler and Almasy (1973) Yes L No Yes
Gertler and Singer (1989) Yes L No Yes
Kao et al. (1992) Yes L Yes  Yes
Karjala et al. (1992) No NL No No
Liebman et al. (1992) Yes NL No No
Miyakoda and Talagrand (1971) Yes NL No Yes
Narasimhan and Mah (1988a) Yes L Yes Yes
Ragot et al. (1992) Yes L No Yes
Ramamurthi et al. (1993) Yes NL No ?
Stanley (1982) Yes L No No
Vaclavek et al. (1980) Yes L No Yes
Wolf et al. (1990) Yes L No Yes

"L = linear; NL = nonlinear

for steady-state rectification. Table 1 lists most of the recent
literature treating the problem of the rectification of data for
dynamic processes. Even processes that are characterized as
“‘steady state’’ in practice continually fluctuate about a nom-
inal steady-state value. One would expect that data rectification
techniques that account for process dynamics would show bet-
ter performance than algorithms based on the assumption of
steady state, even for ‘‘steady-state”” processes. Almost all
work in rectification for dynamic processes falls either within
the general categories of filtering methods or iterative, model-
based estimation via nonlinear programming techniques.

Kalman Filtering Methods

Filtering is one way to estimate the best values of process
variables and their confidence limits. The literature in the field
is enormous, and several excellent textbooks have been written
(Sage and Melsa, 1971; Gelb, 1974; Lewis, 1986). Although
the majority of these publications have been related to the
Kalman-Bucy filter, considerable theoretical attention has been
devoted to other concepts as well. In general, the goal of
filtering has been to make minimum variance estimates that
satisfy the dynamic model equations, provide estimates of both
the input and output variables for the process, and minimize
a performance index such as a cost function or the variance
of the estimation error for all of the variables (appropriately
weighted). However, such estimators (filters) are based on
specific discrete, or sometimes continuous, linear models of
the physical system that are often restricted in nature to be
lumped parameter and time invariant with additive random
noise that is stationary with zero mean and often only white
(uncorrelated in time) noise. Furthermore, it is often assumed
that the covariance matrices of the noises are known. Algo-
rithms appropriate for slight deviations from these basic con-
cepts have been published, but the results are still quite limited.

The most commonly used filtering algorithm in chemical
engineering is the recursive estimation scheme known as the
extended Kalman filter (Sorenson, 1985). Kalman filtering
methods suppose full knowledge of the process dynamics. The
goal is to make minimum variance, unbiased estimates of the
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process states, x(¢), that satisfy (for a continuous model) the
dynamic model equation:

x=flx(1), u(t), 1+w(t) 3

where u is a vector of process or control inputs, ¢ is time, w,
is a vector of process noises, and fis a nonlinear vector valued
function. The measured variables, y,, are related to the process
states by the discrete measurement equation:

yi=hix]+v, @

where k is a vector valued nonlinear function and v, is a vector
of measurement noises.

A number of dynamic rectification techniques are based on
variations of the Kalman or extended Kalman filter (Darouach
and Zasadzinski, 1991; Almasy, 1990; Barash, 1987). Kalman
and extended Kalman filtering require a linear model or a
locally linearized model, and modeling errors can result in
significant bias. Kalman filters require parameter tuning and
prior knowledge of the covariance matrices of the measurement
and process noise vectors, but are computationally efficient
and can be implemented in an on-line environment. However,
there is reason to believe that the accuracy of a recurrent net
in data rectification exceeds that of a Kalman filter when the
assumptions underlying the filter are violated.

Nonlinear Programming Techniques

Nonlinear programming (NLP) techniques (Liebman and
Edgar, 1990; Jang et al., 1986; Kim et al. 1990; Liebman et
al., 1992) are essentially extensions of the methods for steady-
state process rectification mentioned above. The steady-state
data rectification problem of problem 1 is recast as:

Minimize: Q(yn ﬁn yt—ls ﬁt-lr .. ')

a

y
Subject to:  f(x;, x;, W, 1) =0
h(x, t)=0
8(x, 1)=0 &)

where & is a generalized objective function (most often the
sum of squares), x, is a vector of state variables at time ¢ (not
all of which are measured), y, and J, are the measurements
and rectified measurements, f is the dynamic process model,
g is a vector of inequality constraints (including bounds on the
variables), and A& is a vector of known equality constraints.
The model constraint equations f are typically expressed as
dynamic differential equations that are solved via orthogonal
collocation on finite elements. Minimization problem 5 is often
performed using a moving window of past measurements. This
window must be long enough to capture relevant process dy-
namics but brief enough to keep the computation load for the
NLP problem tractable. The computation time required for
the NLP solution method for dynamic data rectification can
be significant, and, generally speaking, is much longer than
for Kalman filtering.
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Figure 1. Standard feedforward architecture.

Neural Network Approach

Neural network methods have been proposed as useful tools
for process modeling, diagnosis, and control by a number of
researchers (Hoskins and Himmelblau, 1988; Watanabe et al.,
1989; Bhat and McAvoy, 1989, 1990a,b; Kramer and Leonard,
1990; Hernandéz and Arkun, 1990; Psichogios and Ungar,
1990, 1992; Su and McAvoy, 1991, 1992; Qin et al., 1992).
The strength of neural networks methods stems from their
pattern recognition capability and role as nonparametric
models. One of the main attractions of these methods is the
potential to rapidly and easily perform nonlinear system iden-
tification solely on the basis of historical data.

Feedforward neural networks

The conventional artificial neural network architecture used
by the majority of researchers is depicted in Figure 1. Signals
“feed forward’’ in the sense that the inputs feed forward from
the input nodes to the hidden nodes via weighted connections.
In a similar fashion, the signals from the hidden (intermediate)
nodes feed forward to the output nodes. Computation via a
transfer function occurs only in the hidden and output nodes;
the transfer function in the input units is unity if the inputs
themselves are properly scaled. The bias nodes have a constant
output of 1.0. The weights of a network contain representa-
tional information and are the decision variables adjusted dur-
ing training.

Feedforward networks have traditionally been trained using
an algorithm known as backpropagation of error that has been
discussed at length in many sources (Hertz et al., 1991). Back
propagation is essentially a first-order, gradient descent based
optimization technique that adjusts the network weights (trains
the net) to minimize the mean-squared error between the net-
work outputs and target outputs for a set of training data,
typically sequentially on an input-output pattern pair basis. A
fixed step size in the direction of a linear combination of the
current negative gradient and the past search directions is taken
at each step. Like all first-order methods, back propagation
is a significantly less efficient optimization method than are
second-order methods such as the conjugate gradient or quasi-
Newton algorithm. This has been demonstrated for neural
networks by Watrous (1988).

The feedforward networks discussed above perform a static
nonlinear mapping of the input space to the output space. This
mapping may be adequate for pattern recognition and steady-
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state prediction, but for dynamic process modeling and pre-
diction it is necessary to either explicitly or implicitly represent
time in a network. Many neural network researchers have
chosen to use a moving window of input values introduced
into a standard feedforward network (Bhat and McAvoy, 1989,
1990a; Ungar et al., 1990). The past values for the last » time
steps of the m input variables are used as the vector of network
inputs resulting in » X m input nodes and a corresponding
increase in the number of weights. The outputs of such a
network are typically the predicted variables of interest at the
next time step. In general, the size of the data window must
be determined by trial and error (each variable in a multivariate
process might well have its own optimal data window).

Often researchers add the network outputs from the previous
time step to the input window vector. Networks of this type
are often called externally recurrent but have the same feed-
forward structure described above and are trained using the
same techniques. Networks of this type have shown better
performance than purely feedforward nets when used for sys-
tem identification of chemical processes (Su and McAvoy,
1991, 1992; Qin et al., 1992).

Internally recurrent networks

An alternative type of net that can be used to model dynamic
process is an internally recurrent (or recursive) network. These
networks are characterized by internal feedback as well as
feedforward connections between processing units. The pres-
ence of feedback connections provides the network with in-
ternal states and a form of memory. The output of such
networks no longer depends simply upon the current input but
also on the past outputs.

Figure 2 shows an example of a simple internally recurrent
network architecture. This specific architecture is often re-
ferred to as the Elman architecture after its originator (Elman,
1990). An Elman net is similar to the standard feedforward
architecture with layers of input, hidden, and output units,
but also includes a set of context units that save the prior
output of the hidden units and feed back their outputs as inputs
to the hidden units on each successive calculation cycle.

In contrast to the standard feedforward or externally re-
current network, an internally recurrent network can be much
smaller in size and use fewer parameters (weights). A moving
window of vectors of process variables at times {7, £—1, t—2,
..., t—n} is not used as input to the net. Instead, a single
vector of process variables at time ¢is used to predict the process
variables at time ¢+ 1. Recurrent networks have been dem-
onstrated to be capable of learning process dynamics in the
presence of noise and making significant reductions in the noise
level of their predictions given noisy inputs (Karjala et al.,
1992). Comparisons between externally recurrent networks and
feedforward networks used for dynamic modeling have indi-
cated that externally recurrent networks are less sensitive to
noise and give better predictions (Qin et al., 1992). Internally
recurrent networks can be expected to give comparable if not
superior performance due to their smaller parameter count and
the cumulation of information somewhat analogous to inte-

gration. o
The presence of feedback connections in recurrent networks
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Figure 2. Simple recurrent network (Elman, 1990).

complicates the calculation of error gradients which in turn
complicates estimation of the network weights. The derivatives
of the network error with respect to a given weight depend
not only on the current network input vector but also on all
of the previous network inputs. This feature complicates the
formulation of the back-propagation algorithm favored by
many researchers. A modified algorithm, known as back-
propagation through time or unfolding in time, is a particularly
efficient algorithm for calculation of the error gradient (Hertz
et al., 1991). A detailed discussion including the concept of
‘‘ordered derivatives’’ can be found in Werbos (1990). A large
and growing body of work is devoted to the training and use
of recurrent networks (Cleeremans et al., 1989; Gherrity, 1989;
Pearlmutter, 1989, 1990; Pineda, 1987; Watrous et al., 1988;
Williams and Peng, 1990; Williams and Ziper, 1989a,b).

Recurrent artificial neural networks with coefficients trained
nonsynchronously are models that can represent the dynamics
of complex processes. They serve the same role in process
modeling as do first principles models, state space models,
time-series models, transfer functions, and so on. All are ap-
proximations of the process operating characteristics of inter-
est, and all involve coefficients whose values are estimated
from process input-output data. However, artificial neural
networks are nonparametric models, that is, the form of the
model is constructed along with the estimation of the values
of the coefficients, whereas with first principles models the
form is prescribed prior to estimating the values of the coef-
ficients. Because of the large number of coefficients and the
more complex structure of an artificial neural network model
(which is composed of basis functions), the net frequently can
model a process more faithfully in the region of the given data
(by interpolation) than can a first principles model, or a state-
space model such as used in Kalman filtering or nonlinear
programming. The prospect exists that an artificial neural net-
work can rectify process data satisfactorily in the sense that
the data fit a good model of the process during the optimization
for rectification. Thus, as long as any model is of assistance
in rectifying data, artificial neural networks can serve the same
purpose.

One of the disadvantages of artificial neural networks as
models is due to the substantial number of interconnections
between nodes, each one of which has an associated coefficient.
Considerably more data is needed to estimate the values of the
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coefficients in a net than would be for the coefficients in a
first principles model. To build a model that can predict the
response of a dynamic process, representative data must be
used from over the entire operating region so that an artificial
neural network can interpolate in making predictions rather
than extrapolate in making predictions of the process response
in the desired regions of operation. A first principles model
can probably do a better job of extrapolation than an artificial
neural network, but even for a first principles model the data
has to be collected properly to get unbiased estimates of the
coefficients. The problem is if the net has to extrapolate, the
predictive ability of the net may degrade unacceptably. Con-
sequently, large amounts of data are needed to make sure that
this does not occur.

Data rectification via neural networks

Very little has been published on this topic to date. Kramer
has proposed the use of ‘‘autoassociative neural networks”’
(Kramer, 1991, 1992) for the purposes of sensor noise reduction
and sensor validation. These networks are essentially two or-
dinary feedforward networks chained together with an inter-
mediate ‘‘bottleneck’’ layer that accepts as input the output
vector of the first network, and transmits its output into the
input layer of the second network. This bottleneck is of reduced
dimensionality with respect to the network inputs and outputs
and thus implements data compression. The first network op-
erates as a nonlinear principal component taxonomy for the
input vector that in turn is reconverted to a vector of the
original dimension of the inputs by the second network. In
this operation, the measurement noise is reduced. Methods
were proposed to detect and eliminate gross errors as well
(Kramer, 1992). These techniques were applied to the data
rectification of tray temperatures for a steady-state distillation
column, and the approach worked well for that example. It is
not clear whether these methods would be as effective when
applied to less homogeneous measurements or to dynamic
processes.

Karjala et al. (1992) were the first to propose the use of
recurrent neural networks for dynamic data rectification.
Gaussian noise was successfully filtered from simulated process
measurements from a draining tank by training the network
to make one step ahead predictions. The essential idea un-
derlying the technique is that only the deterministic portion of
the measurements y, is modeled because the measurement er-
rors from ¢ to ¢+ 1 are uncorrelated. In contrast to traditional
methods, this technique does not utilize the measurements y,
to estimate the rectified value y,. If the true values were avail-
able, they could be used as targets during training and the
recurrent neural network could estimate y, directly from y, and
the internal states of the network. But, because the true values
of process measurements are not available for neural network
training, you cannot train neural networks using the meas-
urement y, as both the network input and target vector. The
result would be the trivial identity mapping because the strong
(1-to-1) correlation of the measurement noise prevents the net-
work from distinguishing between deterministic and random
portions of the measurements. The ‘‘autoassociative’’ neural
networks of Kramer are trained in this fashion but are pre-
vented from learning the identity mapping by the ‘‘bottleneck’’
layer. Such ‘‘bottleneck” neural networks would not perform
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well for the dynamic, nonhomogeneous process measurements
under consideration in this article. Our results obtained through
one-step-ahead prediction, however, compare quite favorably
to more complex data rectification methods which utilize cur-
rent information when estimating y, as demonstrated below.

Artificial neural networks accommodate zero ensemble mean
random noise if the noise is uncorrelated. The noise acts as a
regularization term added to the usual objective function that
smoothes the function approximation. Random noise specif-
ically functions as an additive norm of the first derivatives. If
gross errors are defined as intermittent large but short duration
deviations from the true measurement, then if they have zero
ensemble mean, gross errors have the same effect as random
noise. However, if a substantial fraction of the time record
includes gross errors, and they do not have zero mean, then
in addition to their smoothing influence a bias in the rectified
values can occur just as if biased measurements were used to
train a net. If a net is trained with unbiased targets, and sig-
nificant biased measurements occur, the deviation between the
prediction by the net and the measurements will signal that
the measurement is biased. How to correct such measurements
to obtain unbiased rectified values is beyond the scope of this
work, but certainly because of analytical redundancy in the
modeling, the predicted value of the measurement might be
preferred.

Example Problem

For an engineer to use a novel technique in data rectification,
he or she must have confidence that the method is valid and
reliable. To build trust in the use of internally recurrent ar-
tificial neural networks for data rectification and to demon-
strate their data rectification capabilities, we have applied them
to a popular test problem first used by Seinfeld (1970) to
demonstrate the benefit of extended Kalman filtering in op-
timal control. Simulations are used because only by knowing
the ““true’” values for the process variables can an accurate
evaluation be made of any proposed rectification method. The
test problem consisted of a continuous stirred tank reactor
(CSTR) with a first-order exothermic reaction and heat re-
moval by a coil or jacket. Jang et al. (1986) used this example
to compare extended Kalman filtering to a nonlinear pro-
gramming approach for state and parameter estimation. They
integrated the model equations over a measurement window.
In a similar approach, Liebman et al. (1992) used nonlinear
programming constrained by model equations which were
solved by orthogonal collocation over a measurement window
to estimate the process states.

The state equations for this system are:

ar_a (TO—T)—AH' kC exp<_E"> _Y4 (T-T.) (6

a v oC, T oC,V
dC q _Ea
E-T,(CO‘C)‘/COCCXP<T) )]

For consistency of comparison with Liebman (1992), the tem-
peratures and concentrations were scaled with reference values
T, and C, to yield:
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Table 2. CSTR Model Parameters

Parameter Value Units
g 10.0 cm® 57!
14 1,000.0 cm’
AH, —27,000.0 cal-mol ™!
p 0.001 g-em?
C, 1.0 cal (g-K)™!
U 5.0x107* cal cm*-s-K)~"
A, 10.0 cm’
T 340.0 K
ko 7.86% 102 s
E, 14,090.0 K
(o} 1.0x10°¢ mol-cm ™3
T 100.0 K
dT, q ’ ’ AI-Ir ' _Ea
— == (T —T')——— k,C' exp| ——
ar ~y T =20 ko p<T>
UA, , ,
- T -T, 8
pC,,V( ) (8
ac’ q ~E,
—== (Cy —C")—k,C exp| —= 9
7 V( 0 ) — Ky P( T ) ®

Table 2 lists the values of the parameters used in these models.
The above equations were integrated through time in order to
generate data that were used to compare the performance of
a simple recurrent network and an extended Kalman filter with
some literature results. As in Liebman et al. (1992), the sim-
ulated measurements consisted of the state variables 7’ and
C’ and the inputs 7, and C, sampled every 2.5 s. All four
measurements were corrupted by zero mean Gaussian meas-
urement noise having a standard deviation of 0.05. Nonzero
mean noise and autocorrelated noise both yield biased results
for rectification as might be expected, and add a higher order
of complexity to the rectification problem. These types of noise
are not dealt with in this article. The recurrent network and
extended Kalman filter were tested on the same examples as
in Liebman et al. (1992). In some instances at low values of
concentration, because of the added noise, the measured values
of the concentration became negative, but these values were
not suppressed in the simulations to avoid censoring the data.

Recurrent Neural Network

A simple recurrent network of the type described earlier was
trained as a one step ahead predictor. Given the input meas-
urement vector [C’ T’ C, T,1" at time ¢ — 1, the measurement
vector at the next time step was used as the target during
training. Training of the net was accomplished using a standard
nonlinear programming code in a batch fashion. The network
consisted of four input nodes, four hidden nodes, four context
nodes, and four output nodes. The number of input and output
nodes is dictated by the size of the measurement vector. Four
hidden and context nodes were the minimum number required
for this four variable problem. In addition there was a bias
unit for the hidden layer and input layer. This arrangement
resulted in a total of 56 adjustable parameters.

The training set was created by integrating the response of
the model Egs. 8 and 9 in response to random step changes
in both input variables within the region of interest. In this
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Figure 3. Recurrent network rectification of the outlet
concentration.

case T, ranged from 6.0 to 9.0 and C, ranged from 3.4 to
3.6. The training set was 12,824 time steps in length corre-
sponding to 89 hours of simulated data and contained 96 step
changes. Both the input vectors and target output vectors con-
tained Gaussian noise with a standard deviation of 0.05. Train-
ing times for networks of this type and for this training set
ranged from 90 to 150 minutes on a 33 Mhz Sun workstation.

The performance of the recurrent network was tested for
the same example as in Liebman et al. (1992) and for the same
variables. The simulation began at a steady-state operating
point where C, =6.5, T, =3.5, C'=0.15, and 7' =4.6. In
order to build up the correct internal representation of the
process within the net, the initial measurement vector was
repeatedly used as input to the net until the internal states of
the network (the context nodes) and hence the outputs stabi-
lized. This procedure is necessary because just as in a recursive
filter or data window based estimation procedure, additional
data points beyond the initial measurement at =0 are needed
to obtain valid output since the outputs of a recurrent net
depend on more than just the current point. Subsequent meas-
urement vectors were then presented sequentially as usual. At
time step 30, the feed concentration was stepped from 6.5 to
7.5. Figure 3 shows the estimates by the net of the CSTR outlet
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4 Measurements o
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49 + E
@ 4.85
2
]
5 4.8
Q
£ 4.75
[
3 47
3 465
46
4,55
45 . X . . .
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Figure 4. Recurrent network rectification of the outiet
temperature.
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Figure 5. Recurrent network rectification of the inlet
concentration.

concentration, the true values, and the unreconciled original
measurements. Figures 4, 5, and 6 show the network estimates,
true values, and unreconciled measurements for the CSTR
outlet temperature, inlet concentration, and inlet temperature,
respectively.

Extended Kalman Filter

An extended Kalman Filter (EKF) was also designed and
was tested for the same example. The two process states, C’
and T, were augmented by the process inputs C, to T, to
form the state vector x. The process inputs are assumed con-
stant (8C, /9t=0; 8T, /dt=0).

The process and measurement models consisted of:

x=fx, ) +w (10)

Yi=x+v, (11)
w~N(0, ), v~N(0, R)

where f is a vector of nonlinear equations with elements con-
sisting of Egs. 8 and 9 in the first and second elements and
zeros in the third and fourth elements, w is a vector of process

4 T T r T
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. True Values ------
® 38t E
5
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] 37+ ]
o
£
(4}
-
3
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£

3.3 . . . .
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time
Figure 6. Recurrent network rectification of the inlet
temperature.
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noise, y, is a vector of actual measurements, and v, is a vector
of the measurement errors. From time 71— 1 to time ¢, the
process states and error covariance matrix P, were first esti-
mated by integrating the following process and error covari-
ance update equations:

£=f&, 1 (12)
P=F(, )P+ PF'(%, t) +0 (13)
Fe, =% 0 (14)

ax

over the interval At to yield the predicted X, and P, at time
t. (The superscript ‘“ ~’’ denotes quantities obtained in the
prediction phase of the Kalman filter (Eqs. 12-14). These quan-
tities are then updated using Eqs. 15-17 to yield the final
estimates at time ¢.)

Then, given the measurements y, at the new time ¢, the
updated state estimates and covariance matrix were obtained
from:

X=X +K]ly—%] (15)
P =[1-K)P/ (16)
K=P [P, +R)"' a7

where the third equation is the equation for the Kalman gain,
K,. These equations have been simplified from the usual EKF
equations because all of the process states are measured vari-
ables in this example.

Tuning of the EKF proved simple. The elements of the two
matrices @ and R must be specified in order to balance the
speed of response of the filter with the precision of the esti-
mates. Here known error variances were used so that
R =(0.0025)1. In practice, the covariance matrix of the meas-
urement errors, @, can be estimated from a steady-state op-
erating region. As the exact model was known for the simulated
test data and there was no process noise, the diagonal elements
of the process noise covariance matrix were set to small num-
bers, Q = diag({0.00001 0.0001 0.00001 0.000011") to balance
noise reduction with reasonable tracking of EKF state vari-
ables.

Figures 7-10 show the performance of the EKF on the test
problem. The performance of the extended Kalman filter was
similar to that of the recurrent neural network.

Discussion of Results

Table 3 lists the standard deviations of the measurement
errors before rectification and after rectification by the re-
current neural network and extended Kalman filter as well as
some results from Liebman et al. (1992) who used NLP meth-
ods in this example. Table 4 shows the reduction in measure-
ment error expressed as percentages. Note that both the RNN
and EKF achieved greater reduction in measurement errors
than did the NLP approach for the variables C’, T', and T,.
All three methods yielded an increase in standard deviation
for the variable C; due to an inability to track exactly a step
change in the feed concentration, but the RNN and EKF ex-
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Figure 7. Extended Kalman filtering of the outlet con-
centration.

hibited smaller increases due to better tracking of the step
change.

The recurrent network in general made smoother estimates
of the process measurements as seen in Figures 3, 4, and 6
than did the EKF (Figures 7, 8 and 10). For rectification of
the input concentration shown in Figures 5 and 9, the EKF
seems to provide smoother estimates although the RNN ex-
hibits faster response time to the step changes. Of course, the
elements in the matrices @ and R in the EKF can be changed
to give faster but rougher response. The fact that the results
of the EKF and recurrent neural network are similar shows
that the recurrent net did a good job of modeling the process
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time
Figure 9. Extended Kalman filtering of the inlet con-
centration.

specified by the set of differential Eqs. 8 and 9. The exact
model was used in the EKF hence no model mismatch occurred,
and the EKF simply had to filter out the measurement noise.

Model mismatch

To illustrate the dependency of model based data rectifi-
cation on having an accurate process model, two runs of the
extended Kalman filter were performed using biased models.
Suppose that the activation energy E, is estimated from process
data and assume that the estimate deviates from the true value
by +£5%. The results of rectification by the Kalman filter are
illustrated for the variables C’ and 7"’ for two cases, one in
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Figure 8. Extended Kalman filtering of the outlet tem- Figure 10. Extended Kalman filtering of the inlet tem-
perature, perature.
Table 3. Standard Deviations Before and After Rectification
Present Work Liebman et al. (1992)
RNN EKF NLP
Before After After Before After
Variable Rectification Rectificaion Rectification Rectification Rectification
C’ 0.0515 0.00234 0.0055 0.0559 0.0068
T 0.0486 0.00327 0.0078 0.0546 0.0125
C, 0.0498 0.05508 0.0740 0.0484 0.1757
Ty 0.0507 0.00945 0.0117 0.0536 0.0184
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Table 4. Percent Change in Measurement Error

Present Work Liebman et al. (1992)

Variable RNN Method EKF Method NLP Method
C’ -95.5 - 89.3 -87.8
T’, ~-93.3 —84.0 -77.1
CQ +10.6 +48.6 +263.0
T, ~-81.4 -76.9 —-65.7

which the activation energy E, is biased upward by five percent
(Figures 12 and 11) and one in which E, is biased downward
by five percent (Figures 14 and 13). Model mismatch signifi-
cantly affects the accuracy of the Kalman filter which yields
biased estimates of the outlet temperature and concentration.
The EKF estimates of the process inputs, Cy and 7Ty, are not
significantly affected by model mismatch because they are
assumed constant by the EKF on each iteration. We did not
simulate the effect of model mismatch on rectification via
nonlinear programming as it was beyond the scope of this
article, but similarly biased estimates of the variables can be
expected.

One-step-ahead prediction

As mentioned previously, the recurrent neural networks used
in this research were trained as one-step-ahead predictors. Be-
cause this is a prediction approach, y, was not used to estimate
¥,. Our procedure requires adequate data to train the net prior
to it being placed in service, far more data than required to
estimate the coefficients in a first principles model. But once
trained, a net provides values of the rectified variables much
faster than traditional methods. Although current data from
¢t was not used to estimate ¥, we can state:

(1) The RNN represents the input-output relation of the
process faithfully in the domain in which data are available.

(2) The RNN predicts the inputs as well as the outputs rea-
sonably well.

(3) In our simulations, the rectified measurements generated
by the approximate RNN model had error less than or equal
to the error in the rectified values generated by the NLP-based
data reconciliation procedure, even when that procedure uti-
lized the exact process model.

The performance of rectification methods based on predic-
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Figure 11. Extended Kalman filtering of the Kalman tem-
perature when E, is biased upward by 5.0%.
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Figure 12. Extended Kalman filtering of the outlet con-
centration when E, is biased upward by 5.0%.

tion might be expected to degrade as the sampling interval
increases. However, both extended Kalman filtering and dy-
namic data reconciliation methods will also experience de-
graded performance. In practice, on-line process measurements
are usually collected in measurement intervals that are short
compared to the time constants of the process dynamics. If
the sampling rate for a given variable is high, one might be
tempted to use a moving average to filter noise from the signal.
This type of procedure might provide adequate estimates of
¥, for steady-state data but moving averages would provide
biased, lagged estimates for dynamic data. Predictive methods
such as the RNN method outlined in this article anticipate the
process trajectory and ameliorate this difficulty.

Conclusions

Both the extended Kalman filter approach demonstrated
here and the NLP approaches proposed by earlier researchers
require an exact process model if model mismatch is not to
contaminate the rectification. The results obtained for both
of these techniques are no doubt better than would be achieved
for actual process data because of the absence of model mis-
match. In addition, both approaches utilize exact knowledge
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Figure 13. Extended Kalman filtering of the outlet tem-
perature when E, is biased downward by
5.0%.
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Figure 14. Extended Kalman fiitering of the outlet con-
centration when E, is biased downward by
5.0%.

of the covariance matrix of the measurement errors for the
CSTR example. For real processes, the covariance matrix is
normally not known and may be difficult to estimate. One
might expect then that the performance of both methods would
degrade when applied to measurements from real process data.
The recurrent neural network approach, being a nonparametric
modeling method, has the advantage that a prespecified process
model and definitive knowledge of the measurement error sta-
tistics is not required.

Another important consideration in the comparison of data
rectification methods is ease of implementation. The various
iterative NLP methods of data rectification that use integration
through time or orthogonal collocation are mathematically
complex and may not be easily understood by plant engineers
and operators. As a solution of a nonlinear program is required
at each time step, these approaches can be computationally
intensive to the extent that their use might be prohibitive in
an on-line environment. Extended Kalman filtering is also a
complex algorithm, but only a single matrix inversion is re-
quired at each time step and it can be easily implemented on-
line. A recurrent neural network used for rectification could
be implemented on-line in even the simplest hardware because
only function evaluations and looping are required.

On the other hand, neural networks for data rectification
require ample process data in the operating region of interest
before they can be implemented. If process conditions change,
a new net must be trained. Recurrent network training would
best be accomplished off-line in batch mode using relevant
portions of the operating record. The use of nonlinear pro-
gramming for training makes it possible to sidestep some of
the difficulties other researchers have experienced when using
backpropagation in calculating the values of the weights.
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Notation
A = state transition matrix
A = coefficient matrix in balance equations
A, = heat-transfer area, cm’
b = vector of constants
B = input matrix
C = concentration in reactor, mol-cm™?

1874

November 1994 Vol. 40, No. 11

C, = feed concentration, mol-cm™>
C, = heat capacity of reactor contents, cal (g-K)™'
d = reference concentration, mol-cm 3
E, = activation energy, K
f = dynamic process model equations
F = process model Jacobian
hix} vector valued function

measurement matrix

heat of reaction, cal-mol™'
vector of inequality constraints
vector of equality constraints
pre-exponential factor, s™'
Kalman gain matrix

error covariance matrix
volumetric flow rate, cm’-s~
covariance matrix of process noise
covariance matrix of measurement noise
time, time step, s

reactor temperature, K

coolant temperature, K

feed temperature, K

reference temperature, K

heat-transfer coefficient, cal (cm®-s-K)~!
volume of reactor, cm?®

process or control input vector
measurement noise vector

process noise vector

vector of process states

process state estimates

measurement vector

reconciled measurement vector

B
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Greek letters

p = density of reactor contents, g-cm™>
I = measurement noise covariance matrix
$ = generalized objective function
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