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ABSTRACT

In a modern chemical plant, the implementation of a distributed control system
leads to a large number of measurements that are available online for process monitoring,
control, optimization and management decision making. Unfortunately, these
measurements often contain errors that degrade the information quality obtained from the
raw data. This thesis is dedicated to the development of dynamic data reconciliation
(DDR) algorithms for the optimal estimation of variables in dynamic processes. More
importantly, the DDR algorithms were implemented within the structures of feedback
control loops, and the performance of the DDR algorithms as well as the controllers was
quantitatively assessed via a series of process simulations. The DDR algorithms, acting as
digital filters, were compared to commonly used filters, such as the exponentially
weighted moving average (EWMA), moving average (MA), Kalman and extended
Kalman filters. Methodologies to use the DDR algorithms to deal with autocorrelated

noise were also investigated.

The DDR algorithms integrate information from both measurements and process dynamic
models such that, at each sampling time, the estimates obtained by the DDR algorithms
provide more precise representations of the current state of the process. Three DDR
algorithms were developed, namely, nonlinear programming (NLP) based DDR,
predictor-corrector based DDR, and autoassociative meural metwork (AANN) based

DDR.

Evaluations of these DDR algorithms were conducted via simulations of three chemical
processes, namely a cylindrical storage tank, a spherical storage tank and a binary
distillation column. Results demonstrated that the DDR algorithms are efficient and
effective tools for the estimation of dynamic processes. They perform significantly better
than the EWMA and MA filters. Furthermore, compared to the Kalman filter, the DDR
algorithm is easier to understand and to implement. Studies also showed that the structure
of process models has considerable impact on the performance of the DDR. The use of

the DDR algorithms embedded in feedback control loops significantly enhanced the
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controller performance. For example, the cost function of the control system in the
distillation column was reduced by 28~39% when linear, adaptive linear and nonlinear
DDR algorithms were used. The cost function of the controller in the cylindrical storage
tank was reduced by 46% using DDR, while it was reduced by 33% when using a
EWMA filter.
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RESUME

Dans une usine chimique moderne, l'implantation d'un systéme réparti de
commande automatique fournit un grand nombre de mesures qui sont accessibles en ligne
et servent a la surveillance des procédés, a la commande automatique, a l'optimisation et
a la prise de décisions. Toutefois, ces mesures contiennent souvent des erreurs qui
dégradent la qualité de l'information obtenue a partir des données brutes. Cette theése est
consacrée au développement d‘algorithmes dynamiques de réconciliation des données
(DDR) pour l'estimation optimale des variables des procédés dynamiques. De plus, les
algorithmes DDR développés sont incorporés a 'intérieur des boucles de régulation
automatique, et la performance des algorithmes DDR comme celle des régulateurs sont
évaluées par l'intermédiaire d'une série de simulations. Les algorithmes DDR, utilisés
comme filtres numériques, sont comparés aux filtres généralement utilisés, tels les filtres
a moyenne mobile pondérée exponentiellement (EWMA), 2 moyenne mobile (MA),
Kalman et les filtres de Kalman étendus. Les méthodologies pour permettre I’utilisation

des algorithmes DDR pour traiter le cas des bruits autocorrélés sont également étudi€es.

Les algorithmes DDR intégrent l'information des mesures et des modéles
dynamiques des procédés de sorte que, & chaque période d’échantillonnage, les
estimations obtenues par les algorithmes DDR fournissent une représentation plus exacte
de l'état actuel du procédé. Trois algorithmes DDR sont développés, & savoir, un
algorithme DDR basé sur la programmation non-linéaire, un algorithme DDR sous la
forme d’un prédicteur-correcteur, et un algorithme DDR sous la forme d’un réseau

neuronal autoassociatif.

La performance des algorithmes DDR est évaluée par l'intermédiaire de
simulations de trois procédés chimiques, soit un réservoir de stockage cylindrique, un
réservoir de stockage sphérique et une colonne binaire de distillation. Les résultats
démontrent que les algorithmes DDR sont des outils efficaces pour l'estimation des
procédés dynamiques. Ils sont de beaucoup supérieurs aux filtres EWMA et MA. De

plus, comparés au filtre de Kalman, ils sont plus faciles a comprendre et & implanter. La

v



structure des modéles dynamiques des procédés a un impact considérable sur la
performance des algorithmes DDR. L'utilisation des algorithmes DDR a l'intérieur des
boucles de commande peut augmenter de maniére significative les performances du
systéme de régulation. Par exemple, la valeur du critére de performance du systéme de
commande de la colonne de distillation est réduite de 28~39% lorsque les algorithmes
DDR linéaire, non-linéaire, et linéaire adaptatif sont utilisés. Le critére de performance
du systeme de commande pour le réservoir cylindrique de stockage a été réduit de 46%

en utilisant I’algorithme DDR et de 33% avec le filtre EWMA.
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CHAPTERI1

Introduction



1 PREAMBLE

One of main thrusts of modern plant operation is to improve the quality of online
information in distributed control systems (DCS). Accurate and reliable information
about the current state of a process is paramount for plant monitoring and control.
Unfortunately, sampled values of plant variables are usually corrupted by measurement
noise. The presence of measurement noise not only prevents plant operators from
identifying the true values of process variables, but also deteriorates controller
performance when the raw measurements are directly transmitted to controllers to

calculate control moves.

To cope with these problems, digital filters, such as exponentially weighted moving
average (EWMA) or moving average (MA) filters have been widely applied. The EWMA
and MA filters use measurement temporal redundancy where past and current
measurements are averaged to give estimates for the current values of the process
variables. These classical filters provide satisfactory performance for steady-state or slow
dynamic processes. However, under transient process conditions, they inevitably

introduce larger time delays, thereby reducing their effectiveness for noise attenuation.

Optimal estimation of dynamic processes is an important topic that has been studied for a
long time by academic researchers and practicing engineers. Advanced model-based
filters have been developed. The model-based filters employ both measurement temporal
and spatial redundancy, where information from both past measurements and process
models is used for state estimation. A well known model-based filter is the Kalman filter
developed in 1960. It employs stochastic linear state-space process and measurement
models. The most attractive advantage of the Kalman filter lies in its optimal estimation,
in the sense of minimum mean squared prediction errors, and it has acquired a reputation
as a panacea for process state estimation and prediction (Kamen and Su, 1999). However,
the optimality of the Kalman filter requires two restrictive prerequisites: linear state-
space models and independent white Gaussian noise for both process models and

measurements. Although applications of the Kalman filter in tracking moving objects



such as aircraft and missiles have been common, their applications in chemical
engineering are relatively infrequent. In these situations, difficulties are associated with
identification of reliable stochastic state-space models as well as the complex
mathematical manipulations in implementing the Kalman filters (Roffel and Chin, 1987,

Wilson, et al., 1998; Brosilow and Joseph, 2002).

In recent years, there has been a nascent interest in using data reconciliation techniques
for process state estimation. The principle of data reconciliation lies in its integration of
information from both measurements and process models to provide more reliable
estimates of process variables. More importantly, the reconciled data are consistent with
known relationships between process variables, such as mass and heat balances. The
concept of data reconciliation was initially developed to calculate mass balances for
steady-state processes (Kuehn and Davidson, 1961, Mah et al.,, 1976, Hodouin and
Everell, 1980; Crowe et al, 1983; Crowe, 1986). The interest in applying data
reconciliation in chemical processing plants started in the late 1980s when plant
managers realized that data reconciliation could turn raw process data into more
consistent, reliable information, and that such information is critical for effective plant
operation and management. Nowadays, data reconciliation for steady-state processes is a
mature technology and has been widely applied in chemical, petrochemical and mineral
industries. However, chemical processes are prone to frequent external disturbances and
process state setpoint changes. Process conditions are continually undergoing variation.
Moreover, some chemical processes are intrinsically dynamic (e.g., a batch reactor). The
development of data reconciliation techniques for dynamic processes is critical and

therefore is the theme of this thesis.

2 BACKGROUND AND LITERATURE REVIEW

Plant measurements are usually contaminated by measurement errors consisting of
random noise, bias, and/or outliers. Random noise is due to irreproducible factors that
randomly affect the measurements. Measurement bias represents a discrepancy between

the expected value of the measurements and the true value of the process variable, and is



attributed to improper instrument installation and/or miscalibration. Spikes occurring in
measurements due to nonrandom events such as a sudden failure of a measurement
device characterize outliers. Measurement bias and outliers are often referred to as gross

CITOTS.

2.1 Steady-state data reconciliation

Steady-state data reconciliation is a technique used to improve the accuracy and
precision of measurements by reducing the impact of random measurement errors as well
as gross errors in steady-state process data. The concept of data reconciliation was
initiated by Kuehn and Davidson (1961). Since then, it was studied extensively (Mah et
al., 1976, Stanley and Mah, 1977, Hodouin and Everell, 1980; Romagmoli and
Stephanopoulos, 1981; Crowe et al., 1983; Jordache et al., 1985; Tamhane and Mabh,
1985; Serth and Heenan, 1986, Crowe, 1986, 1989, Narasimhan and Mah, 1987,
Rosenberg et al., 1987; Tjoa and Biegler, 1991; Rollins and Davis, 1992; Tong and
Crowe, 1995; Sanchez and Romagnoli, 1996). The basic principle of data reconciliation
lies in its integration of information from both measurements and process models to
provide more accurate estimates of process variables. For a steady-state process, the
reconciled or estimated values of the process variables are obtained by minimizing a

constrained, weighted sum of squared measurement errors, i.e.,

Minimize J(§,2) = (y—§) V"' (y-§) O
subject to f(y,z)=0
g(y,2)>0

where y is a Mx1 vector of measurements for M process variables. Values in y are often
averaged values of raw measurements over a period of time (e.g., one-hour period). y is

a Mx1 vector of reconciled values for the M process variables, z is a Nx1 vector of
estimates for N unmeasured process variables or model parameters, V is a MxM

covariance matrix of the M measurements, f is a functional vector of model equality



constraints, and g is a functional vector of model inequality constraints including simple

upper and lower bounds for y and z .

The simplest example in steady-state data reconciliation is to reconcile flow rates around
a plant where all flows are measured. Because the flow rates must satisfy the mass

balances around each unit, the reconciled flow rates are obtained in order to

Minimize J(y) = (y — §)T Vi(y-y) 2

subject to Ay =0

where A is the incidence matrix of the plant. Each row of the incidence matrix represents
a particular unit (a node) in the plant and each column represents a given stream,
respectively. Each element in A is either 1, -1 or 0 depending on whether the
corresponding flow stream is an input stream, an output stream or a stream that is not
associated with this node, respectively. The optimization problem of Equation (2) can be

solved using the method of Lagrange multipliers. It can be shown that the final solution is
y=y-VA'(AVA") Ay €)

If unmeasured flows appear in the model constraints of Equation (2), it is possible to
estimate the unmeasured flows by data reconciliation using the projection matrix method
proposed by Crowe et al. (1983). The constraint equations of the mass balances are first
partitioned into terms of measured and unmeasured variables; then the unmeasured
variables are eliminated by multiplying by a projection matrix, and then the measured
flows are reconciled. Finally, the unmeasured flows are estimated by least-squares
(Hodouin et al., 1998; Narasimhan and Jordache, 2000; Romagnoli and Sanchez, 2000).

It is also possible to use other process models (e.g., thermodynamic equations, reaction
kinetic equations, etc.) as constraints to reconcile the associated raw plant measurements.

Because these process models, used as the constraints, are often nonlinear in terms of



reconciled or unmeasured variables, the reconciled values of process variables in
Equation (1) cannot be solved analytically, but numerically by techniques of nonlinear
programming (NLP). Detailed descriptions of nonlinear programming in optimization can

be found in many monographs (e.g., Edgar et al., 2001).

Data reconciliation employs measurement redundancies to improve the accuracy and
consistency of process data. Redundancy arises from the fact that at least some
information about the process is known and this information relates measurements to
each other. Some important concepts in data reconciliation necessarily need clarification.
A redundant variable is a measured variable that can be estimated by other measured
variables via process models, in addition to its own measurement. A nonredundant
variable is a measured variable that cannot be estimated other than by its own
measurement. An observable variable is an unmeasured variable that can be estimated
from measured variables through process models. A nonobservable variable is a variable
for which no information is available for its estimation. A comprehensive study for
classifying these process variables in steady-state data reconciliation can be found in
Crowe (1989).

Nowadays, with the implementations of DCS in the plants, steady-state data
reconciliation has been interfaced with plant databases and runs online. The data

reconciliation module can perform mainly two roles:

1. Mass and heat balance reconciliation for the plant. The balanced plant data can be
used for plant performance monitoring, management reporting and other technical
applications.

2. Plant parameter estimation. Accurate estimates of plant parameters, such as heat
transfer coefficients, fouling factors of heat exchangers and tray efficiencies of
distillation towers, play important roles for tracking equipment performance. One
approach to the parameter estimation is to solve the estimation problem
simultaneously with the data reconciliation. The model parameters are treated as

unmeasured variables and adjusted via the data reconciliation algorithm to match the



plant measurements and process model constraints (MacDonald and Howat, 1988).
The reconciled model parameters are expected to be more accurate and can be used

with greater confidence.

2.2 Dynamic data reconciliation

Beginning in the early nineties, the benefits of applying data reconciliation to steady-
state processes have triggered some researchers to develop data reconciliation techniques
for dynamic processes. For example, Darouach and Zasadzinski (1991), Liebman et al.
(1992), Ramamurthi et al. (1993), Albuquerque and Biegler (1996), Hodouin and Makni
(1996), Bagajewicz and Jiang (1997) and Binder et al. (2002) extended the concept of
steady-state data reconciliation to dynamic processes. Mathematically, the estimates of
the measured process variables, as well as unmeasured variables or model parameters, at
each sampling time t, are obtained by solving the constrained least-squares optimization

problem expressed as

t
Minimize J(y,,z,) = Z[(yi —)A’i)T \ & (Yi - Ai)} )
i=0
subject to f[ﬁ y i} =0
] a’ v
g(y,2)=0
h(y,2)20

where y, is a Mx1 vector of measurements for M process variables at sampling time t =
i, y, is a Mx1 vector of estimates (reconciled values) for the M process variables at time

t=1, z, is a vector of estimates for unmeasured process variables or model parameters, f

represents a functional vector of differential equations, g and h represent functional

vectors of algebraic equality and inequality constraints.

Comparing Equation (4) to Equation (1), it is observed that steady-state data
reconciliation uses measurement spatial redundancy, meaning that the measurements in

different locations of a plant can be related to each other by means of algebraic equations



such as the mass and heat balances. On the other hand, dyramic data reconciliation
(DDR) uses both spatial and temporal redundancies in the measurements. The temporal
redundancy of a measurement implies that the current measurement can be related to its

past measurements via differential equations.

For the DDR problem formulated by Equation (4) with model constraints consisting of
linear differential equations, Darouach & Zasadzinski (1991) developed a recursive
scheme, while Bagajewicz & Jiang (1997) proposed an integral approach. With model
constraints consisting of nonlinear differential and algebraic equations, Liebman et al.
(1992) proposed the use of orthogonal collocation on finite elements, Albuquerque and
Biegler (1996) applied an implicit Runge-Kutta method, and Binder et al. (2002)
proposed a non-uniform discretization method to discretize the differential equations
within a moving window over a time horizon. In each case the DDR problem was
converted to minimizing the objective function constrained by algebraic equations so that

the optimization problem was solved by nonlinear programming.

Although these approaches to solving the DDR problem formulated by Equation (4) have
been well established in the literature, the DDR algorithm suffers from several

shortcomings, notably:

1. A critical assumption in Equation (4) is that the models represent the true dynamics of
the process, and the reconciled data exactly satisfy the models. However, no
mathematical model is a perfect representation of a real plant, as they invariably
contain some degree of model mismatch (model error). The reconciled values should
therefore be obtained considering both measurement and model errors.

2. First principle models, such as reaction rate equations, were used as constraints in
reconciling the raw measurements. Unfortunately, such phenomenological models are
rarely available in practice for chemical plants. Consequently, the difficulties to
obtain such phenomenological models would be one factor that has impeded DDR for

a wide range of applications.



3. The DDR algorithm requires complex and sophisticated mathematical manipulations.
As a result, online computations to iteratively solve the nonlinear optimization

problem for dynamic data reconciliation can be significant.

In an early attempt to overcome these difficulties, Makni et al. (1995) and Hodouin and
Makni (1996) modified the steady-state data reconciliation algorithm to perform real-time
data reconciliation considering process dynamics. More importantly, the effect of model
errors on the reconciled values was considered. In this case, the reconciled values of
measured process variables and the estimates of unmeasured variables at each sampling
time, t, were obtained by simultaneously minimizing the weighted sum of squared

measurement and model errors expressed as

t
Minimize J(9t7it) = Z |:(y1 - 5,t)T V_l (y1 - 9! )] + (5)
i=t-K

g §.2)¥ "8G 2)+ §.2)Q71(F .2,

where g(§,,Z,) is a functional vector of process steady-state models such as mass
conservation equations, f(y,,Z,) is a functional vector of dynamic process models in

discretized formats and ¥ and Q are the associated covariance matrices of the model

errors (i.e., ¥ = Cov({,) with §, =g(y,,z,), and Q=Cov(e,) with e =f(y,,z,)). The
current and recent past measurements y, ., ¥, . --» ¥, Within a moving window [t-K,

t] were used in reconciling the current measurements as well as estimating the current
unmeasured variables. Minimization of the objective function attempts to smooth the
measured values, while forcing the reconciled data to obey the steady-state models.
However, it also allows the reconciled data to vary to a certain extent with process
dynamics. The trade-off between these properties for the reconciled values is balanced by
adjusting the window width, K, and the elements in ¥ and Q, all of which are treated as
tuning parameters in this data reconciliation algorithm. The optimization of Equation (5)
can be solved analytically or numerically by nonlinear programming, depending on the

complexity of the problem to be tackled. The DDR algorithm formulated by Equation (5)



is very useful for processes having slow dynamics. Although, this DDR algorithm can
also be applied to processes having fast dynamics by setting a small number for the
moving window width K and very large numbers for the elements in ‘¥, the

incorporations of the moving window and the steady-state models g(y,,z,) in the

objective function make the algorithm complex.

3 SCOPE OF RESEARCH

In this work, it is assumed that the plant measurement error contains random noise
only. Other issues for measurement bias and outliers detection for dynamic processes are
not considered. They have been addressed, however, in many papers and monographs
(e.g., McBrayer and Edgar, 1995; Chen and Romagnoli, 1998; Gertler, 1998, Chiang et
al., 2001; Abu-el-zeet et al., 2002; Luo et al., 2003). The main objectives of this thesis

were:

1. To develop efficient DDR algorithms. The developed DDR algorithms were based on
statistical fundamentals and principles, and are expected to have theoretical and
practical significance.

2. To investigate the impact of model structure on the performance of DDR. DDR uses
process models as redundant information to compensate for measurement error and,
as a result, process models play an important role in the performance of DDR. Often,
first principle models such as reaction kinetics, thermodynamics for a chemical
process are difficult or impractical to obtain. Consequently, black-box models have to
be identified and used. The black-box models have a variety of structures (e.g., linear
or nonlinear). The following model structures were studied: linear model, linear
model having adaptive gain, and nonlinear model (neural networks).

3. To evaluate controller performance with embedded DDR strategies. Investigations of
DDR to this point have been exclusively focused on open loop operation. This work,
however, studied the use of DDR within the structure of feedback control loops to
mitigate the impact of measurement noise on controller performance. The

performance of DDR as well as the controllers was quantitatively evaluated. In
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addition, the performance of DDR was compared to that of traditionally used EWMA
and MA filters for their ability to improve controller performance.

4. To compare the proposed DDR algorithm with the Kalman filter. Both the Kalman
filter and DDR utilize process models for the estimation of dynamic processes.
Relationships between the two strategies were discussed. Assessments of the DDR
and the Kalman filter to deal with measurements corrupted by both white noise and
autocorrelated noise were conducted.

5. To develop a novel AANN-based DDR algorithm. An approach to use
autoassociative neural networks (AANN) to perform DDR was explored in this work.
Architectures of AANNs for dynamic processes were proposed. Network training
methodologies for effective dynamic data reconciliation were studied. Closed-loop

performance of the AANN-based DDR was quantitatively evaluated.

These studies were carried out via process simulation, using developed FORTRAN
programs. Three simulated processes, namely a cylindrical storage tank, a spherical
storage tank, and a binary distillation column were employed. The cylindrical storage
tank and the spherical storage tank are simple processes used for ease of understanding
and simplicity of analysis, whereas the distillation column is a complex process used to
evaluate more typical chemical engineering processes. Respective descriptions for the
three processes are presented in each chapter whenever they are cited as illustrative

examples in this thesis.

4 THESIS STRUCTURE

This thesis is presented in paper format. Chapter 2, the first paper, investigates the impact
of measurement noise on controller performance. Also, two data reconciliation filters,
namely, a single-set data reconciliation (SSDR) filter and a moving-window data
reconciliation (MWDR) filter are developed in this paper. The SSDR and MWDR filters
are categorized as quasi-steady-state data reconciliation algorithms because stationary
process models are used in the data reconciliation. The controller performance with the

embedded filters is quantitatively assessed. A simulated distillation column is employed
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in this study. Simulation results show that the use of data reconciliation filters can
effectively attenuate noise propagation inside feedback control loops, therefore allowing
implementation of more aggressive controllers, and thereby yielding better performance
of the control system. Furthermore, it shows that the degree of knowledge available in the
process measurements is an important factor in the performance of the data reconciliation
filters. It demonstrates that the data reconciliation filters can deal with biased and

autocorrelated measurements.

Chapter 3, the second paper, develops dynamic data reconciliation (DDR) algorithm
where process dynamic models replace the quasi-steady-state models in Chapter 2 in
order to overcome their limitations. Based on a least-squares criterion where the weighted
sum of squared deviations between reconciled and measured values and deviations
between reconciled and model predicted values are minimized, the developed DDR
algorithm has a predictor-corrector form. The DDR algorithm, as a filter, is evaluated
when it is embedded in feedback and feedforward/feedback control schemes. In addition,
the performance of the DDR filter is compared to that of commonly used EWMA and
MA filters for improved process performance. The simulated cylindrical storage tank and
the distillation column processes are employed as numerical examples to demonstrate

DDR strategies using phenomenological and empirical process models.

The work reported in the first and the second papers is an extension of the candidate’s
Master’s thesis on the same research topics. These papers were significantly revised and

improved during the candidate’s PhD program.

Chapter 4, the third paper, rigorously derives the DDR algorithm based on statistical
properties of measurements and models using Bayesian arguments. The DDR algorithm
has a convenient predictor-corrector format like the Kalman filter. The relationships
between the DDR and the Kalman filter are studied, showing that the Kalman filter is a
subset of the DDR. Statistical analysis for reconciled values shows the DDR is an
unbiased estimator and it results in more precise estimates than using either raw

measurements or model predictions individually. Modifications to the DDR algorithm are
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introduced to allow its applications to situations involving autocorrelated measurement
noise. For cases involving autocorrelated measurement noise, an effective shortcut
procedure is also developed to simplify implementations. The effectiveness of the DDR
algorithm embedded in the feedback control system for the distillation column is

demonstrated, and compared to that of Kalman filter via the simulation.

Process dynamic models provide an integral part of the DDR algorithm. When
phenomenological models are unavailable or impractical to develop, black-box models
can be identified and used in the DDR. Chapter 5, the fourth paper, investigates the
impact of the structures of black-box models on the performance of the DDR. It shows,
despite their different forms, black-box models can be tailored and used in DDR.
Implementations of linear DDR, adaptive-linear DDR and nonlinear DDR strategies are
demonstrated for the simulated distillation column. It is shown that the structures of the
models have a considerable impact on the performance of the DDR as well as the
performance of controllers. A linear DDR can successfully attenuate the measurement
noise. However, further improvement can be achieved using adaptive-linear and
nonlinear DDR which employ more comprehensive models that can more efficiently

capture underlying dynamics of the process.

Implementations of the DDR algorithms developed in Chapters 2-5 require calculating
model predictions (e.g., one-step-ahead predictions) at each sampling time, or solving a
dynamic optimization problem for cases where model predictions cannot be explicitly
calculated. For complex processes, the real-time optimization may need longer
computation time. To remedy this problem, a method to train an autoassociative neural
network (AANN) to perform the DDR is developed in Chapter 6, the fifth paper. In this
study, the architecture of an AANN for a dynamic process is developed. Then the AANN
is trained by minimizing the data reconciliation criterion. A methodology to train the
AANN to perform DDR is proposed. It is shown that, after offline training, the AANN
can be implemented online to perform dynamic data reconciliation to efficiently attenuate

the impact of measurement noise on controllers.
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The AANN-based DDR algorithm developed in Chapter 6 is evaluated for the control of
a linear process, the cylindrical storage tank, and a nonlinear process, the spherical
storage tank. The storage tanks have multiple inputs and a single output.
Phenomenological models (mass balances) for the two processes are used to train the
AANNSs to perform DDR. Unfortunately, such phenomenological models are often
unavailable for complex chemical processes. Consequently, Chapter 7, the sixth paper,
explores the methodologies of AANN-based DDR using process empirical models.
Moreover, strategies to apply AANN-based DDR to multiple input and multiple output
processes are demonstrated. The multivariable control of the distillation column process
is employed as an illustrative example in this study. Two AANN architectures for
dynamic data reconciliation, namely a feedforward AANN and a recurrent AANN, are
proposed. The performance of the recurrent AANN is shown to be more effective than
that of the feedforward AANN. The AANN-based DDR is also shown to be robust to
changes of noise level in plant measurements. Also, the performance of the AANN-based

DDR is compared to that of the Kalman filter in the control of the distillation column.

After the presentations of the preceding studies, Chapter 8 summarizes this research
work, draws some overall conclusions and emphasizes some important issues. Some

recommendations and directions for future studies are also discussed in this chapter.

The DDR algorithms developed in this work are based on the assumption that the
measurement noise and model prediction error are normally distributed. If this
assumption is valid, it can be shown that the reconciled values are also normally
distributed and the reconciliation error is less than both model prediction and the
measurement errors. In order to validate this assumption, histograms of measurement
errors, model prediction errors and reconciliation errors for the storage tank and
distillation column processes are presented in Annex A. It is shown that both the model
prediction errors and reconciliation errors very closely resemble normal distribution, and
the reconciliation errors have smaller standard deviations than the model prediction errors
and the measurement errors. It can therefore be concluded that the assumption of normal

distribution made in this work is valid.
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Annex B presents the initial development of a simple dynamic model for an
autogenous/semi-autogenous (AG/SAG) grinding process. Compared to conventional
AG/SAG models reported in the literature, the proposed model has a smaller number of
parameters that can be more easily calibrated using plant data. Based on the proposed
models, steady-state conditions and dynamic behaviors of the grinding process are
investigated. This work provides a starting point for future studies on the applications of
DDR algorithms in an industrial grinding process. In fact, this work started with the
collaboration of COREM, a Quebec mineral processing consortium, with the objective to
calibrate and use the model for on-line applications. However, priorities of the company
shifted and the project is not pursued at the present time. It is believed, however, that this
model could, following a proper calibration, be used efficiently for dynamic data

reconciliation, process control and optimization in the mineral industry.

Finally, all simulation software developed and used in these studies is packaged into a

CD. Details about the contents of the CD are provided in Annex C.
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ABSTRACT

Data reconciliation is a procedure that makes use of process models along with
process measurements to give more precise and consistent estimates for process
variables. Data reconciliation has been traditionally used to provide a more representative
set of data to calculate steady-state inventories and process yields. For dynamic systems,
the use of data reconciliation is relatively nascent. This article examines the potential use
of data reconciliation in closed-loop control as a filter to attenuate the noise in
measurements of the controlled variables so that the controllers can access more accurate
sets of data. Data reconciliation filters were implemented in simulations of a PID control
system for a binary distillation column. Results showed that data reconciliation could
efficiently reduce the propagation of measurement noise in control loops, so that the

overall performance of the controller is enhanced.

Keywords: Measurement noise, Data reconciliation, Distillation, Process control.
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1 INTRODUCTION

Reliable knowledge of the current state of a process is paramount to its
assessment, control, and optimization. However, chemical plant measurements are
inevitably corrupted by process noise. The impact of such noise on process measurements

can be represented by

y =Ely]+e (1)

where y is a M x1 vector of the M observed values of the measured variables, E[y] is a

M x1 vector of expected values of these process variables and € is a M x1vector of the
measurement noise, which is usually assumed to be normally distributed with mean zero

and known variance.

The measurement noise is usually of high frequency, and results in high-frequency
oscillations of manipulated variables that deteriorate the performance of the control
system. In order to approach optimal control, it is therefore necessary to attenuate the
measurement noise before calculating the control actions. Analog and digital filters are
widely used to cope with these problems. Narasimhan and Jordache (2000) have
discussed classical digital filters, including linear/nonlinear exponential filters, moving
average filters, and polynomial filters. These classical digital filters provide satisfactory
performance under steady-state conditions if they are well tuned. However, under
transient conditions, their efficiency to reduce noise is decreased and time delays are
introduced. Today, the use of high-speed computers in process control makes it possible
to implement more complex algorithms to filter the measurement noise. One such
approach is data reconciliation (DR), a technique based on using process models as well
as process measurements to obtain a more accurate estimate of system variables,

particularly controlled variables in the context of this study.

Data reconciliation has been widely applied in a variety of processing industries.

However, most applications have been limited to process monitoring, gross error
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detection, and process inventory calculations. For example, Bussani et al. (1995),
Pierucci et al. (1996), Chiari et al. (1997), and Li et al. (2001) respectively applied on-
line steady-state data reconciliation and optimization to a hydrogen plant, olefin plant,
refinery, and crude oil distillation unit. McBrayer et al. (1998) applied open-loop
nonlinear dynamic data reconciliation to a feed-blend tank to estimate unmeasured flow
rates. Soderstrom et al. (2000) successfully implemented a real-time dynamic data
reconciliation strategy to improve inventory calculations of a diluent for a chemical plant.
Ramamurthi et al. (1993) showed that dynamic data reconciliation in nonlinear systems
could improve the closed-loop performance of a nonlinear predictive controller. Recently,
Abu-el-zeet et al. (2002) investigated the use of dynamic data reconciliation and

systematic bias detection in model predictive control (MPC).

Despite these applications of DR, no reports of the use of DR with widely used
proportional-integral-derivative (PID) control schemes were found. The use of data
reconciliation within the control loop is shown schematically in Figure 1. The data
reconciliation algorithm is treated as a digital filter to reconcile the raw measurements;
then the reconciled data are used by the controllers to calculate adjustments for the
manipulated variables.

Disturbances l

Controlled

Set point + output
Controller D/A Control valve —» Process

Y
Y

A/D Sensor

A
A

Data reconciliation filter

Filtered data Raw measurements

Figure 1 Application of data reconciliation algorithms in process control.
The objective of this work was to evaluate the use of quasi-steady-state data

reconciliation to improve the performance of conventional PID controllers when

measurement noise is significant. The presence of measurement noise distorts the

22



dynamics of the process, leading to the detuning of controllers that, in turn, results in
more sluggish control action. In this work, data reconciliation algorithms, embedded
within control loops, were used as filters to reduce the impact of measurement noise and
its propagation through the control loop. It was expected that noise reduction would allow
higher controller gains to be used such that the performance of the controllers would be
enhanced. The performance of a quasi-steady-state data reconciliation filter for the
control of a binary distillation column was evaluated and compared to the use of classical

filters.
2 FORMULATION OF DATA RECONCILIATION FILTERS

Data reconciliation techniques are used to obtain precise estimates of the true
(expected) values of measured or unmeasured process variables that are consistent with
underlying process models. Data reconciliation can be formulated as a constrained
weighted least-squares optimization problem such that reconciled values of process

variables are those that

Minimize J(§,2)=(y - )" V'(y - ¥) @
subject to f(§,%) =5

yISySyu
Z, <2<z

where y is a M x1 vector of estimates for the true values of measured process variables,

z isa Nx1 vector of estimates for the true values of unmeasured variables, z is a Nx1

vector of true values of the unmeasured variables, V is a MxM covariance matrix for

the measured variables. Vectors y,, y,, z,, and z, are vectors of lower and upper

bounds for the measured and unmeasured variables, f is a Cx1 model constraint vector

whose elements are process model equations (e.g., mass and energy balances) that may

be algebraic or differential and 8 is a Cx1 vector of model residuals that are the

estimates of model random error, f(y,z)=9.

23



Conventional data reconciliation algorithm formulated by Equation (2) considers the
process models to be exact such that all elements of the model residual vector & are
equal to zero. This implies that reconciled values are adjusted to perfectly satisfy these
models. However, perfect models rarely exist and the reconciliation of measured values
will more likely be a compromise between inaccuracies in both measurements and
process models. In such cases, at each sampling time t, the reconciled values of the

process variables, y, and Z,, should be obtained by minimizing the weighted sum of

squared measurement and model errors defined as

Minimize J(i’nit) = (yt —§'t)T V_l(yt —S't)'i' fT (9t,2t)0_1f(§1 t> it) (3)
subjecttoy,, <y, <y,.

zZ,, <z, < z,,

where Qz{vi,j} i=12, ..,C;j=12 .., C,isa CxC covariance matrix of model

C€ITor.

For linear models, the variances and covariances in the € matrix can be obtained
analytically. For nonlinear models, they can be calculated using linear approximations or
they can be calculated more rigorously by Monte Carlo simulation. If correlations

between the model errors are neglected, Q becomes diagonal.

Equation (3) will be called the Single Set Data Reconciliation (SSDR) filter, since it only
uses information available at the current sampling instant. It should be noted that: i) the
process models, f(y,,Z,)= 5, employed in the SSDR filter, can be fundamental or
empirical; ii) since process models contain unmeasured variables, the number of models

must be greater than the number of unmeasured variables in order that the models can

provide the redundancy required for the data reconciliation in the SSDR case.

In order to further reduce the noise level, a moving average filter can be integrated within
the structure of a SSDR filter to make use of past information about process

measurements. If the differences of the current estimates from the most recent L
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measurements are minimized simultaneously with the minimization of the model errors, a

Moving Window Data Reconciliation (MWDR) filter can be formulated as

L-1
Minimize J(§,,2) = .| (. ~§)" V' s — 9+ G, 2)Q G 2) | @)
k=0

subject toy,, <¥, <Yy,

Z, <z, < z,,

where L is the window width in which L sets of recent measurements are used. The
MWDR filter considers the process as being stationary within the window. The window
width, L, can be considered as a tuning parameter for the filter. If L is large, the filtered
data should be smoother at the expense of longer time delays under dynamic changes.
When the variance of the model error is significantly larger than the variance of the

measurement error, the MWDR filter approaches the simple moving average (MA) filter.
3 SIMULATIONS OF DISTILLATION DYNAMICS

3.1 Distillation system

The SSDR and MWDR filters were implemented in the control of a binary
(benzene/toluene) distillation column by computer simulation. The schematic diagram of
the column is shown in Figure 2, and the geometric parameters of the column are

summarized in Table 1.

Table I Distillation column geometric parameters.

Parameter Value Parameter Value

Column diameter 1.016 m Weir height 0.051 m
Tray type Sieve Downcomer width 0.132 m
Total number of trays 21 Hole diameter 4.8 mm
Tray spacing 0.457 m Hole pitch 14 mm
Tray bubbling area 0.68 m? Fractional hole area 0.1
Downcomer area 0.065 m* Reflux drum diameter 1.016 m
Weir length 0.681 m Column base diameter 1.016 m
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Figure 2 Schematic diagram of benzene-toluene distillation column.
The control configuration of the distillation column consists of four control loops. Two

inferential feedback PI controllers, TIC-D and TIC-B, are used to control the top and

bottom compositions of benzene by manipulating the reflux flow rate and the reboiler
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heat duty, respectively. Two other feedback PI controllers, LIC-D and LIC-B, are used to
control the reflux drum and column base liquid levels by manipulating the distillate flow
and the bottom product flow rates, respectively. Three flow meters, FI-F, FI-D, and FI-B,
monitor the feed, distillate, and bottom flow rates, respectively. The pressure sensors, PI-
D and PI-B, measure the column top and bottom pressures. The nominal steady-state

values for the measurements and their typical noise levels are listed in Table II.

Table IT Nominal steady-state values and noise levels of measured variables.

Variable Unit Steady-state value Standard deviation
Feed flow, F kmol/h 100.0 0.50
Distillate flow, D kmol/h 29.90 0.50
Bottom flow, B kmol/h 70.10 0.50
Top temperature, Tp °C 84.20 0.25
Bottom temperature, Tg °C 117.4 0.25
Reflux drum level, Hp m 0.500 0.02
Column base level, Hg m 0.700 0.02
Top pressure, Pp kPa 111.2 0.50
Bottom pressure, Pg kPa 125.6 0.50

Mathematical models for the distillation column consist of a set of differential-algebraic

equations (DAESs) that describe the transient behavior of the column (Gani et al., 1986).

These models include relationships describing mass and heat balances, vapor-liquid

phase equilibria, tray hydraulics, physical properties, and controller algorithms. The

dynamic simulator of the column was based on the following assumptions:

= The liquid holdups on trays, in the downcomers, reflux drum, and column base were
considered to be well-mixed, continuous, stirred tanks.

» The vapor hold up was neglected.

= The tray efficiency was assumed to be 100%.

= The dynamics of the condenser, reboiler, measuring devices, and control valves were

negligible compared with the dynamics of the distillation column.
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The mass and heat balances for each stage (trays, condenser and reflux drum, reboiler and
column base) were ordinary differential equations (ODEs), while the other
phenomenological equations (e.g., phase equilibria and tray hydraulics) were algebraic
equations. The PI control algorithms were in difference form since the controllers were
operated at discrete time. This set of mathematical models of the distillation column
formed an ensemble of coupled DAEs that needed to be solved as a function of time. An
explicit Euler’s method was used to integrate the ODEs (Pantelides and Barton, 1993).
The simulator was coded in FORTRAN.

3.2 Closed-loop responses without measurement noise

For each pair of controlled and manipulated variables, the open-loop response of
the controlled variable to a step change in the manipulated variable, was first simulated to
obtain the process reaction curve. The open-loop responses were approximated by either
first-order-plus-dead-time, or pure-integrator-plus-dead-time models. The discrete
sampling time, At, was set to 30 seconds for all measurements. Ziegler-Nichols tuning
rules (Ogunnaike and Ray, 1994) were used to determine initial estimates of the discrete
PI controller parameters, K. and < (see Table III). The performance of the controllers
was tested for disturbance regulation with the initial Z-N tuning parameters and without
measurement noise using a 20% step increase in the feed flow rate. Results of this
simulation are presented in Figure 3. These results illustrate that the controllers have

good performance in the absence of measurement noise.

Table III Controller parameters.

LIC-D TIC-D LIC-B TIC-B
Controller

T K¢ T K¢ T Kc T

kmolLh’.m? min kmolh?°C' min kmolh’m”' min MJh'°C' min

nitial Z-N 5000 465 870 483 -9600 465 8507 716
values

Detuned 247 50  -18 50 -455 50 408 5.0
values
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Figure 3 Closed-loop responses with initial Z-N tuning parameters without measurement

noise for a 20% step increase in feed flow rate at t = 20 min.

3.3 Closed-loop responses with measurement noise

In real plants all measurements are inevitably corrupted by noise. Using the

standard deviations given in Table II, Gaussian white noise was added to the true values

of the process variables to provide more realistic measured values. Subsequently, these
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noisy measured values were used by the controllers to generate closed-loop responses.
Results for the same feed flow disturbance are presented in Figure 4. The presence of the
measurement noise significantly reduced the performance of all control loops. The
dynamic responses of the system were characterized by large high-frequency, often
saturated oscillations of manipulated variables that completely masked the expected

responses following the feed flow rate disturbance.
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Figure 4 Closed-loop responses with initial Z-N tuning parameters with measurement

noise levels listed in Table II, for a 20% step increase in feed flow rate at t = 20 min.
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To regain an acceptable system performance, the four controllers were retuned using
noisy measurements having standard deviations given in Table II. For this multiple-input
multiple-output (MIMO) discrete PI control system, the tuning objective function was
formulated as

K ts 1y
Minimize J(K¢, 7;) =, {Wl S ui-yu) AL+ w Y (U, —u )’ At} )

i=1 t=1 t=1

In Equation (5), J(K,T,) is defined as the cost function of the control system, K, is the
vector of controller gains, T, is the vector of controller integral times, K is the total

number of control loops. y,; is the true value of controlled variable of controller i at

sampling time t, y,; is the setpoint for controller i, u,; is the value of the manipulated

variable for controller i at sampling time t. W, is the weighting factor for the integral of

1

the squared error (ISE) of the controlled variable of controller i, w, is the weighting

1

factor for the integral of the squared differences (ISDU) of the values of manipulated
variable between sampling times t and t-1 for controller 1. t, represents a time sufficiently

long to approach steady state.

It should be noted that, in order to bring the scales of the ISE and ISDU components in
the objective function (5) to similar levels, the ISE and ISDU for each controller were
scaled via division by their initial values (ISEq and ISDUjy) obtained using the initial Z-N
tuned controllers, before starting minimization of the objective function. The values of

the weights, W, and w,, for each controller were set at 0.15 and 0.1, respectively. The

optimization was performed in two steps: a rough grid search was carried out to identify
the optimal region, followed by a rigorous optimization using a quasi-Newton method

with lower and upper bounds.

Values of new optimal controller parameters are presented in Table III, along with the
original Z-N values. The integral times, obtained when the measurement noise was
considered, hit their lower bounds, which were set at 5 minutes. Meanwhile, the

controller gains were reduced significantly. The controller gains were, on average, thirty
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times smaller whereas the integral times were, on average, ten times smaller. Closed-loop
responses with the new controller parameters are presented in Figure 5. The oscillations
of the manipulated variables were significantly reduced compared to those in Figure 4.
The dynamics of the controlled variables could be observed despite the noisy
measurements, but at the expense of more sluggish control that resulted in larger

deviations from setpoint during the transient period.
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Figure 5 Closed-loop responses with detuned controllers with measurement noise level

listed in Table II, for a 20% step increase in feed flow rate at t = 20 min.
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The values of ISE, ISDU and cost function for each controller evaluated when the
controllers, tuned with Z-N, were used without and with measurement noise are presented
as Cases A and B of Table IV, whereas the values obtained with the detuned controllers,
considering measurement noise, are presented as Case C of Table IV. As expected, these
results showed that the presence of measurement noise greatly enlarged the ISEs and
particularly the ISDUs, resulting in very large values of the cost function. When the
detuned controllers were used, the ISDUs were reduced by about three orders of
magnitude, the ISEs for the two top control loops were reduced, and ISEs for the base
control loops were increased. The overall cost function with the detuned controllers

decreased from 248 to 0.391.

The effects of the variations of the manipulated variables on the true values of process
variables were investigated. Figure 6 shows the true values of the four controlled
variables at the nominal process steady state when the four control loops were closed
with noisy measurements but without external disturbances. The resulting variances of
the true values of controlled variables were significantly magnified due to the large
changes in the manipulated variables with the initial Z-N tuning parameters. On the other
hand, using the detuned controllers, the variances of the true values of the controlled
variables were relatively small due to smaller changes in the manipulated variables. The
calculated variances of the controlled variables with the initial Z-N tuning parameters
were, on average, 20 times greater than those with the detuned controllers. It is obviously
important to attenuate unnecessary variations of the manipulated variables caused by

process noise in order to attain good controller performance.
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Figure 6 True values of controlled variables at process nominal steady-state conditions.

- with detuned controllers.

----- - with initial Z-N tuning controllers;
4 IMPLEMENTATION OF DATA RECONCILIATION FILTERS

To attenuate the propagation of the measurement noise, the SSDR and the

MWDR filters formulated by Equations (3) and (4) were implemented within the

feedback control loops in the distillation column. For this distillation column, the

measurement vector is denoted by y, =[F,D,,B,, T, T ,,Hp,,Hz,, Py, Py, ]', and the

vector of model residuals is given by
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The first two rows of the model residuals are the equations of conservation of total mass
and of one of the components, benzene, respectively. The assumption of process
stationarity was partly relaxed by adding accumulation terms for both the reflux drum

and the column base. On the other hand, the mass and component accumulations on each

tray were neglected. A, and A, are the cross-sectional areas of the reflux drum and the
column base. p, and p; are the top and bottom liquid densities, which are assumed to be
constant, and x; is the feed composition. The third row is the dew point equation of the
vapor leaving tray 2 employed to estimate the unmeasured variable x,, using the
measurements P,, and T,,. The fourth row is the bubble point equation for the bottom
liquid, used to estimate the unmeasured variable x;, using measurements P;, and T, .

Parameters A;, B;, and C, are Antoine constants.

The random error of the four models was assumed to be uncorrelated and the variances of
the individual model errors were calculated by Monte Carlo simulation. The
minimization of the objective function for the data reconciliation filters was implemented
using a quasi-Newton method with lower and upper bounds. The filtered data vector for

the raw  measurements obtained by  optimization is denoted as

§'t=[Ft,Dt,ﬁt,TD,pTs,nI:ID,wI:IB,wf)D,nf’B,z]T, where the reconciled values of the
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controlled variables, IA{D,“ TD,U I:IB,t and 'i"B’t, were used by the four controllers to

calculate the manipulated variables. The auxiliary vector of the estimates of unmeasured

variables is Z, =[Xp,,Xg,] -

The performances of the SSDR filter and the MWDR filter, having window width four,
were evaluated for a 20% step increase of the feed flow rate at timet =30 min . Results

are presented in Figures 7 and 8, respectively.
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Figure 7 Responses for a 20% step increase in the feed flow rate at t = 30 min with a

SSDR filter. (a) reflux drum level control loop; (b) top temperature control loop.
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Figure 7 (continued) Responses for a 20% step increase in the feed flow rate at t = 30
min with a SSDR filter. (c) column base level control loop; (d) bottom temperature
control loop; (e) estimation of the distillate and bottom benzene compositions.
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Figure 8 Responses for a 20% step increase in the feed flow rate at t = 30 min with a
MWDR filter. (a) reflux drum level control loop; (b) top temperature control loop; (c)

column base level control loop.
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Figure 8 (continued) Responses for a 20% step increase in the feed flow rate at t = 30

min with a MWDR filter. (d) bottom temperature control loop; (e) estimation of the

distillate and bottom benzene compositions.

It should be noted that, in Figures 7(¢) and 8(e) some values of the estimated composition

reached their upper or lower bound and were consequently set to 1.0 and O respectively.

The SSDR filter was effective in reducing the noise propagation for the two liquid level

control loops, whereas its filtering effects on the two temperature control loops were

hardly noticeable. These results indicated that the mass balances played the dominant role

in the data reconciliation filter with a secondary role for the thermodynamic models. The

benzene compositions estimated by the SSDR filter are unbiased; however they are still
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relatively noisy. On the other hand, the MWDR filter was effective for all control loops,
and the noise reductions through the control loops were significant. The estimates of the
benzene compositions by the MWDR filter were much less noisy than the estimates
obtained by the SSDR filter. The overall performance of MWDR filter was better than
that of the SSDR filter. This is because the MWDR filter used several past measurements
which provided more information for the filter. This can also be interpreted in terms of
the improvement in precision of the measured values as result of averaging the past

several measurements.

Values of ISE and ISDU calculated for each control loop, along with the evaluations of
the cost function for each controller with the DR filters are presented as Cases D and E of
Table 1V, respectively. The values of ISDU using the SSDR filter was reduced by
approximately one order of magnitude for LIC-D, and 50% for LIC-B; for TIC-D and
TIC-B, there were no significant differences in the ISDU. The values of ISDU using the
MWDR filter for all loops were decreased by at least one order of magnitude. On the
other hand, the values of ISE were increased for all loops using either the SSDR or
MWDR filters. The cost function of the controller decreased due to the significant
reduction in ISDUfor all cases except for the temperature loops using the SSDR filter for
which the values of the cost function were essentially unchanged. The overall cost
function of the control system was reduced from 0.39 to 0.35 when the SSDR filter was
used, and to 0.31 with the MWDR filter.

Due to the presence of measurement noise, it was necessary to considerably detune all
control loops to obtain acceptable performance. Since data reconciliation filters were able
to reduce the effect of noise, more aggressive controllers could therefore be used. To
evaluate the performance of the control loops using a MWDR filter with larger controller
gains, the process was subjected to a 20% step increase of the feed flow rate. Results are
presented in Figure 9 where the values of ISE and ISDU of each control loop are plotted
as a function of the controller gain ratio K¢/Keo. Ko corresponds to the optimal detuned
value of the gain listed in Table III when process noise was considered. The gains of all

controllers were incremented simultaneously. Figure 9 illustrates that the ISE decreased
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significantly when the controller gains were increased by a factor of 3. However, for

higher values of the gain ratios (3.0<K¢/K¢o<7.0), the change of the ISE values for the
three controllers, TIC-D, LIC-B and TIC-B, remained relatively small, but the ISE of the

controller LIC-D showed a larger increment. Eventually, for large enough values of the

ratio Ko/Kco, the ISEs for all the other control loops would be expected to increase

significantly. In this situation, the ISE for LIC-D increased very rapidly with the increase

of the gain ratio because of its greater sensitivity to the manipulations.
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Figure 9 Performance of control loops with MWDR filter with higher controller gains

(Kco: detuned controller gains listed in Table III).
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The cost function for each control loop with the increase of K¢/Kco was also calculated,
and the results are presented in Figure 10. For the control loop TIC-B, a minimum value
of the cost function was obtained at Kc/Kgo = 3.0. For other control loops, the minimum
values of their cost function were obtained when K¢/Kco = 2.5. Using the new optimal
controller gains, the values of ISE, ISDU, and cost function for each control loop were
evaluated and the results are listed in Case F of Table IV. The overall cost function of the
control system was reduced from 0.313 to 0.153 when the new optimal controller gains
were used with the embedded MWDR filter.
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Figure 10 Cost function of control loop with MWDR filter with higher controller gains
(Kco: detuned controller gains listed in Table III).

Data reconciliation filters have been shown to significantly attenuate the impact of
measurement noise, thereby enhancing the performance of controllers. However, as
indicated in Figure 7 and Table IV, the SSDR filter did not perform as well as the
MWDR filter. In order to demonstrate how the level of knowledge affects the
performance of a SSDR filter for the distillation column, the problem was slightly
modified. First, two additional variables were measured; the top and bottom benzene

compositions were assumed to be measured without time delay and with standard

43



deviation of 0.0005 mole fraction. Second, it was assumed that the two pressures were
measured more precisely with one-tenth of the standard deviation listed in Table II.

Third, the SSDR filter only used pressure, temperature and composition measurements
(y, :[xD,t,xB,t,TD,t,TB’t,PD,t,PB,t]T) and two model residuals consisting of the two

thermodynamic models of Equation (6). The performance of this reduced SSDR filter
was tested for a 20% step increase of feed flow at time t = 30 min. The resulting raw
measurements and filtered values of the compositions, temperatures and pressures are
presented in Figure 11. These results show that significant filtering occurred for the two
temperatures, whereas, the filtering of the compositions and pressures was hardly
observable (i.e., the raw and filtered values are indistinguishable in the figure). This was
because the temperatures had relatively larger errors compared to those of the pressures
and compositions. The high precision of measurements of the compositions and pressures

resulted in a much heavier weight on correcting the temperatures.

The performance of the reduced SSDR filter in attenuating the measurement noise of the
two temperatures was compared to that of an exponentially weighted moving average

(EWMA) filter,
T, =0T, +1-0)T, ()
and a moving average (MA) filter
==2T, (8)

for the same 20% step increase of feed flow. The mean squared error (MSE) defined as

n 2

MSE = ﬁ;(x -T™) (9)
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for the raw measurements and with T, replaced by T, for the filtered data are presented in

Figure 12. These results indicated that the performance for the SSDR filter for

reconciling the temperature was clearly superior to that of EWMA and MA filters.
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Figure 11 Performance of the reduced SSDR filter for a 20% step increase in feed flow

rate at t = 30 min.
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Figure 12 Comparison of performance of the reduced SSDR filter with EWMA and MA

filters during process transient condition.

The closed-loop performance of the reduced SSDR filter to deal with biased
measurements and autocorrelated measurements was also studied. Figure 13 shows the
results when the top temperature measurements are biased by 1.0 °C, and the

measurements of the bottom temperature are highly autocorrelated and given by

T, =09T,, , +a, (10)

where a, is white noise. The SSDR filter effectively compensated for the measurement

bias as the filtered values for the top temperature were much closer to the true values than
to the raw measurements. In addition, despite the strong autocorrelations of the
measurements of the bottom temperature, the SSDR filter displayed good performance in

tracking the true values of the controlled variable.
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5 CONCLUSION

The magnitude of measurement noise must be considered when designing
controllers using models of the process. Otherwise, the controllers are too aggressive,
resulting in excessive variations in the controlled and manipulated variables. On the other
hand, the detuning of controllers due to the presence of noise leads to more sluggish
responses and lower controller performance. In this work, two data reconciliation filters
were developed: the SSDR filter, which uses only the current set of measurements and
process models, and the MWDR filter, which uses a series of past measurements and
process models to further decrease the effect of noise. The DR filters allowed the
implementation of more aggressive controllers, thereby yielding better overall
performance of all control loops. The DR filters also provided estimates for unmeasured
process variables. The degree of knowledge available in the process measurements and
models is an important factor for good performance of a DR filter. With sufficient
knowledge, a SSDR filter was shown to perform better than classical EWMA and MA
filters. The SSDR filter was also shown to be effective in dealing with biased and

autocorrelated measurements.
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NOMENCLATURE

A: Cross-sectional area of the column, m?
A, B;, G Antoine constants

B: Distillation bottom flow rate, kmol/h
C: Number of process models

D: Distillate flow rate, kmol/h

Mx1 vector of expected values of process variables

s
=

Cx1 model constraint vector
Feed flow rate, kmol/h

Liquid level, m

Vector of controller gains

Total number of control loops
Window width

Number of measured variables
Number of unmeasured variables
Pressure, kPa

Reboiler heat duty, MJ/h

Reflux flow rate, kmol/h
Discrete sampling time interval, s
Temperature, °C

Manipulated variable

MxM covariance matrix of the measurements
Weighting factor for ISE
Weighting factor for ISDU
Composition, mole fraction

Mx1 vector of raw measurements

NEHEEgCE AREROFZIOARTD®®

Nx1 vector of estimates for unmeasured variables

Greek letters
€ Mx1vector of random variables
o’ Variance

Cx1 vector of model random error
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Q: CxC covariance matrix of model error

T Vector of integral times for each controller
p: Liquid density, kg/m’

0: Parameter in EWMA filter

Superscripts and Subscripts

B: Column bottom

D: Distillate

F: Feed

I: Lower bound

t: Time instant

u Upper bound

A Estimate

*; Setpoint

Acronyms

DAEs: Differential-algebraic equations
EWMA: Exponentially weighted moving average
ISE.: Integral of squared errors for controlled variable
ISDU: Integral of squared differences of manipulated variable
MIMO: Multiple-input multiple-output

MA: Moving average

MWDR: Moving window data reconciliation
MPC: Model predictive control

MSE: Mean squared errors

ODEs: Ordinary differential equations

SSDR: Single set data reconciliation
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Preface

Chapter 3 develops a dynamic data reconciliation (DDR) algorithm where
process dynamic models replace the quasi-steady-state models that were used in Chapter
2 in order to improve the performance of data reconciliation for processes having

significant dynamics.

ABSTRACT

Measured values of process variables are subject to measurement noise. The
presence of measurement noise can result in detuned controllers in order to prevent
excessive adjustments of manipulated variables. Digital filters, such as exponentially
weighted moving average (EWMA) and moving average (MA) filters, are commonly
used to attenuate measurement noise before controllers. In this article, we present another
approach, a dynamic data reconciliation (DDR) filter. This filter employs discrete
dynamic models that can be phenomenological or empirical, as constraints in reconciling
noisy measurements. Simulation results for a storage tank and a distillation column under
PI control demonstrate that the DDR filter can significantly reduce propagation of
measurement noise inside control loops. It has better performance than the EWMA and

MA filters, so that the overall performance of the control system is enhanced.

Keywords: measurement noise, filter, data reconciliation, controller performance
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1 INTRODUCTION

Measured values of process variables are subject to measurement noise. When
noisy measurements are directly used to calculate control moves, the manipulated
variables can display excessive adjustments and controllers have to be detuned for the
process to have an acceptable behavior. However, with detuning, processes show more
sluggish responses to disturbance and setpoint changes. To remedy this problem, filters,
such as exponentially weighted moving average (EWMA) and moving average (MA)
filters are usually used inside feedback loops to attenuate the measurement noise before
transmission to controllers. In this article, we propose another approach, a dynamic data

reconciliation (DDR) filter.

Data reconciliation (DR) is a technique to compensate for measurement errors by using
prior knowledge of the process in the form of mathematical models so that more reliable
and accurate estimates of the process states are obtained. Data reconciliation techniques
for steady-state processes have been well documented by Romagnoli and Sanchez (2000).
Only in recent years, has data reconciliation for dynamic processes been investigated
(e.g., Liebman et al., 1992; Ramamurthi et al., 1993; Albuquerque and Biegler, 1996;
Binder et al., 2002; Abu-el-zeet et al., 2002). In such studies, reconciled data were
obtained by minimizing a weighted least-squares objective function, subject to dynamic
process models consisting of differential-algebraic equations (DAEs). Most of this work
has been devoted to optimal estimation of process states under open-loop conditions. Few
papers have assessed controller performance using DDR strategies instead of raw
measurements. Ramamurthi et al. (1993) proposed a DDR algorithm that led to better
closed-loop performance for a nonlinear predictive controller. Abu-el-zeet et al. (2002)
claimed that DDR, in conjunction with systematic bias detection, enhanced a model
predictive control scheme. However, the degree of improvement for the controller

performance was not specified.

In our work, an algorithm for a DDR filter was embedded in feedback loops to reconcile

noisy raw measurements before calculating the control actions and the controller
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performance was quatitatively assessed. The formulation of the DDR filter is presented in
the next section. Then, implementations of the DDR filter, as an integral part of
conventional PI control loops, are demonstrated in simulated storage tank and distillation
column processes. Comparisons of the performance of the DDR with EWMA and MA

filters are carried out.

2 FORMULATION OF DYNAMIC DATA RECONCILIATION ALGORITHM

The DDR filter formulated in this paper is valid for filtering random measurement
errors. The output variables of the process are assumed to be measured without

systematic bias and, at sampling time t, to follow the additive noise model,

Y. =X, +&, (1)

where y, is a Mx1 vector of measured values of the M output variables, x, is a Mx1
vector of true values of the M output variables, and €, is a Mx1 vector of random

variables that are usually assumed to be normally distributed with mean values of zero

and known variances and covariances (i.e., € ~ N(0, V)). Since any covariance between

the measured variables can arise only if some relationship exists between the measured
values (e.g., as a result of a dependency through calibrations based on peak area fraction
for chromatographic analysis), it can often be assumed that covariances are not
significantly different from zero so that V is diagonal. In addition, it is assumed in this
work that there is no serial correlation between the measurement errors. Furthermore, it is
assumed the covariance of the measurement error is constant over all operating

conditions. If we take expectations of Equation (1), then E(y,)=x,, which means the

“best” estimates for the process output variables at time t are just the realizations (i.e.,
measurement values) of x,. If other information about the dynamics of the process is
available, such as a model of the process, such information could be used in conjunction
with the measurements to obtain better estimates of process variables. Because a process

model is never a perfect representation of the real plant, model predictions inevitably
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contain some degree of error. We can write the predicted values of the M output variables

in the additive noise form

Y. =x.+8, @

where y, is a Mx1 vector of model predictions at time t, 8, is a Mx1 vector of model

prediction error. Often, the model predicted values of the output variables can be

explicitly calculated by

V. =f(X,, Xp, ooy Uy, Upyy, o) 3)

where X, is a Mx1 vector of past reconciled outputs at time t-i (to be defined by
Equation (6)), u,, is a Nx1 vector of values of inputs including manipulated and

disturbance variables at time t-d, and d represents the process time delay associated with
each input. f represents a Mx1 vector of functional forms for which any suitable model

structures (linear or nonlinear) could be used.

The model prediction error, d,, is a complex function of various factors such as improper

model form (e.g., linear approximations of nonlinear processes), uncertainties in values

of model parameters, inaccurate information in X,, or measurement errors in wu, ;.
Because stochastic properties of 8, are difficult to evaluate, d, is often simply assumed
to be Gaussian white noise (i.e., e, ~ N(0, R)). This implies that R is constant over all

operating conditions. Moreover, serial correlation of the model prediction error is

negligible. Another assumption is that &, is independent of & . Based upon above

assumptions, the optimal estimates of the true values of process output variables at time t,
can be obtained by simultaneously minimizing the weighted sum of squared
measurement and model errors, that is

Minimize J(it) = (yt - it)T V-l (yt - i:) + (91 - it )TR-] (9t - it) (4)
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where V is the covariance matrix of the measurement error €. R is the covariance
matrix of the model prediction error J,. At the current time t, since the values of the
model predictions (e.g., one step ahead prediction), y,, are known by Equation (3), the
values of X, can be solved analytically. Taking partial derivatives of the objective

function with respect to X,, and setting it to zero yields

oJ

A

t

=-2V~ (yt _it) -2R" (91: _it) =0

Solving for x, gives

X =(V'+R7")(V'y,+Ry,)

%, =(V'+R")'Vy, +(V'+R")'R™y,
Adding and subtracting V™' to R in the second term gives

% =(V'+R)'Vy, +(V'+R)'[(V'+R -V 3,
Expending and rearranging yields

2, =(V'+R)Y'Vy, +(V+RD) (V' +R Dy, (V' +R)'Vy,

X =3, +(V'+R)'V(y, -¥) (5)
Rewriting Equation (5) in a simple form gives

it :5’t +K(Yt _5’t) (6)

where K =(V"' +R ™)'V Equation (6) is the final expression for the DDR filter.

56



It is worth noting that the reconciled values of the output variables, X,, are given in a
predictor-corrector form. The first term, y,, in the right-hand of Equation (6) represents
the model predictions, and the second term K(y, —y,) represents corrections to y, based

on the current measurements y, . The matrix, K, is regarded as the gain of the DDR filter.

For a univariate output process, Equation (6) of the DDR filter can be reduced to

2 2 2

" " /o
~(y.—y) =Yy, +

vro w0 Y @

where v’ is the variance of the model predictions, and o* is the variance of the
measurements. This equation indicates that the filtered data follow an asymptotic curve
as a function of v’ /c’, and are bounded by measured and model predicted values. If the
level of confidence in the model is low compared to that in the measurement, the ratio

v’ /c? is large and the gain of the filter approaches 1. In this case, the filtered data are

close to raw measurements. On the other hand, if a perfect model is available, the ratio

v?/c? is small, the gain of the filter approaches 0, and the filtered data are close to
model predictions. As a result, reliable process models are paramount for good

performance of the DDR filter in reducing the measurement error.

It is interesting to note that the form of the DDR filter is similar to that of a Kalman filter.
The use of a Kalman filter demands a specific structure for process state/measurement

models, namely,

xt = Axt-l + But-1+ wt-l 2 (8)
¥ =Cx, +g, e
where A, B, and C are deterministic matrices with appropriate  dimensions

respectively. If all the state variables of the process are directly measured, C is an
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identity matrix. w, denotes process model noise which is assumed to be Gaussian white
noise and independent of €,, w, ~ N(0, S). An important assumption in the Kalman filter

is that all uncertainties in the models of the process can be efficiently translated to the

process white noise w,. For the problem defined by Equations (8) and (9), the optimal

estimates of process state variables by the Kalman filter are given by

ﬁt :9t+K-t (yt—Cyt)’ (10)
where

5’t = Ait-l + Bu, (11)

and the Kalman gain, k., is recursively calculated by

P =AP AT+S (12)
x, =B C"(CB.C"+V)" (13)
P =P —xCP (14)

For nonlinear models, nonlinear terms in the models have to be linearized at each
sampling time in order to implement the Kalman filter. The Kalman filters were
developed in 1960, but their applications in chemical engineering have been limited
(Roffel & Chin, 1987). This is not only because the apparent mathematical complexity of
the Kalman filter is a deterrent for its wider use, but also because it is difficult to
determine the covariance matrix of the process noise S. As a consequence, the elements
in S are commonly viewed as tuning parameters rather than measurable constants in

implementing the Kalman filters (Wilson et al., 1998).

It has been observed that, if matrix C in the Kalman filter is an identity matrix, the form
of the DDR filter (Equation (6)) is identical to that of the Kalman filter (Equation (10)),
but their gain matrices are calculated differently. Furthermore, if R for the DDR filter
and S for the Kalman filter are appropriately tuned, the two filters will be equivalent to
each other. Compared to the Kalman filter, the concept of DDR filter is relatively

concise and straightforward so that it is easier to understand and implement. Also, the
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DDR filter can use a variety of structures for process models, unlike the Kalman filter
which requires a state-space formulation. However, similar to the Kalman filters, it is also
difficult to determine the covariance matrix of the model predictions (matrix R) in the
DDR filter. Again, for simplicity, a diagonal gain matrix K is used, and its elements

treated as tuning parameters in the DDR filter (Makni et al., 1995).

3 SIMULATION EXAMPLES

In order to illustrate the implementation of the DDR filters for closed-loop control, two
simulation examples are now considered. One example is a simple process, a storage tank
with one control loop. The other example is a more complex process, a distillation
column with four control loops. The distillation column is first studied with feedback

control, followed by the study of feedforward/feedback control with DDR filters.

3.1 Storage Tank

The schematic diagram of the cylindrical storage tank process is shown in Figure
1. The diameter and the height of the tank are 1.0 m and 1.2 m, respectively. A PI
controller is used to regulate the liquid level of the tank by manipulating the outlet flow.
The feed flow to the tank is measured but not controlled. The sampling interval is 1
minute and zero-order hold is used. At steady state, the feed flow rate and the liquid
level are 30.0 L/min and 60.0 cm, respectively. Measured values were assumed to be
normally distributed with standard deviations of 0.6 L/mim and 2.4 cm, respectively. The

dynamics of the measuring device and control valve were neglected.

PI controller

Outlet, F,
>

Figure 1 Schematic diagram of a storage tank process.
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With measurement noise, the controller gain K, and integral time t; were obtained by

subjecting the storage tank to a series of step changes in the feed flow rate having
magnitude of 20%, -40% and 20% of steady-state value respectively, followed by a series
of controller setpoint changes with magnitude of -33%, 66% and -33% of steady-state

value respectively, and then minimizing the objective function,
t, t,
(D(KC’TI) = a’z (ht _ht)2 At + BZ (Fo,t _Fo,l-l )2 At (15)
t=0 t=0

where @ denotes the cost function for controller performance, h; is the setpoint, h, is
the true value of the tank level at sampling time t, F,, is the value of the manipulated
variable, the outlet flow, at time t, At is the sampling time interval. o is a weighting
factor for the integral of squared errors of the controlled variable (ISE), and B is a
weighting factor for the integral of squared differences of the manipulated variable
between sampling times t and t-1 (ISDU). t, represents the total number of process
sampling periods over which the integration is performed. The minimization of the ISE
term in the objective function attempts to maintain the controlled variable as close as

possible to its setpoint, and the minimization of the ISDU term attempts to prevent

excessive adjustments of the manipulated variable.

Minimization of ®(K,T,)was carried out using a quasi-Newton method to find optimal

values of the controller parameters. The minimization was carried out 100 times, each
time with different white noise sequences. The average values and their standard errors
evaluated for the optimal controller parameters and the cost function for the controller

performance are presented in the first row of Case I of Table 1. On average, the optimal

controller gain was K. =-1.48+0.007 m>h!  the integral time was
T, =12.89+0.266min, and the controller resulted in cost function of controller

performance ®,_ .. =14.05+0.07 .
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Because noisy measurements were used for the controller, the controller performance was
inevitably deteriorated. To attenuate the propagation of measurement noise throughout
the control loop, a DDR filter for the storage tank was developed and embedded inside
the feedback loop. The DDR filter (using Equation (6)) for the storage tank had the form

h{ =h, +k(h" -h,) (16)

where h! is the filtered tank level used to calculate the control moves, k is the filter gain,

h" is the measured tank level, and ﬁt is the model predicted tank level given by the

t

mass balance around the tank

A At
ht = hf—l +X(Fi,t—l _Fo,t—l) (17)

In the Equation (17), A is the cross-sectional area of the tank, and E,, is the raw

measurements of feed flow rate at time t-1. Using the embedded DDR filter, the optimal
controller parameters along with the filter gain were obtained by minimizing the
objective function of Equation (15) when the tank was subjected to the same external
disturbances and controller setpoint changes. Results of average values and their standard
errors for the controller and filter parameters obtained for the same 100 sequences of
Gaussian random noise, are presented in the second row of Case I of Table 1. With the
embedded DDR filter, the optimal controller gain was increased by a factor of 1.7, while
the controller integral time was decreased by a factor of 1.7, indicating that a more

aggressive controller was obtained. The cost function of the controller performance

decreased from @, .. =14.05+0.07 to P, =7.54£0.01, a 46% reduction. The

average optimal DDR filter gain wask = 0.05+0.003, such a small value meaning that

significant confidence had been put on model predictions in the DDR filter.

Results of raw measurements, reconciled (filtered) and true values of controlled and

manipulated variables for the storage tank using the optimal controller and the DDR filter
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are presented in Figure 2. It shows that the noise associated with the filtered data of the
liquid level was significantly less than the original measurements. The filtered tank level
was very close to its true value and the high-frequency swings in the control moves were

eliminated by the DDR filter.
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Figure 2 Performance of the DDR filter to reduce noise propagation through the control
loop in the storage tank. The dashed line for manipulated variable (outlet flow rate)

represents the control moves without DDR filter.

The enhanced controller performance using the DDR filter was compared to that using

common EWMA and MA filters. The EWMA filter, for the filtered level, is given by

hf =6h’, +(1-6)h" (18)
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where 6, the tuning parameter of the filter, is the fraction of the estimated tank level at the
previous sampling instant retained for the current estimated value. The MA filter, for the

filtered tank level, is given by

1 L-1

h! :EZh;{; (19)
i=0

where the most recent L measurements are averaged. Using the EWMA filter in the
feedback loop, the controller parameters K¢ and 1, along with the filter parameter 0

were optimized by minimizing the same objective function when the tank was subjected
to the identical feed flow disturbances and controller setpoint changes. Results obtained
for the same 100 Gaussian random noise sequences are presented in the third row of Case
I of Table 1. The results for the MA filter are also presented in Case I of Table 1.
Compared to the DDR filter, the optimal controller gain and integral time were increased.

The cost function of the controller performance using the EWMA and MA filters were

D npn =9.45+£0.02 and @,,, =9.08+0.02 respectively, corresponding to similar
reductions of 33% and 35% respectively. These reductions were significantly smaller

than the 46% reduction achieved with the DDR filter.

The true values of controlled and manipulated variables for the storage tank without
filter, with DDR filter, and with EWMA filter are presented in Figure 3. This figure
shows that, with optimal filters, the controlled variable displayed faster response to
external disturbances and controller setpoint changes and had smaller deviations from the
target when the external disturbances occurred. However, with the DDR filter, the
controlled variables displayed smallest deviations and smallest settling time. The high-
frequency variation of the manipulated variable was reduced by all filters, but

significantly more by the DDR filter.
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Figure 3 Performance of the storage tank level controller, with and without embedded
DDR and EWMA filters, when subjected to a series of step changes in the feed flow rate

followed by controller setpoint changes.

The DDR filter performed better than the EWMA and MA filters because it incorporated
intrinsic, dynamic process models to provide a better estimate of the controlled variable.
It is noted that the measured disturbance variable, the feed flow rate, was used in
Equation (17) to calculate the predicted tank level in the DDR filter. The impact of the
measurement error of the disturbance variable on the performance of the DDR filter was
also examined. After doubling the variance of the noise affecting the measurements of the
feed flow rate, the controller and the DDR filter were retuned by minimizing the same
objective function under the same process conditions. For this case, the optimal filter gain

was k=0.08+0.005 and the cost function of the controller performance was

@, =7.60+0.01. Compared to the results in Case I of Table 1, these results indicate
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that, with an increase in the noise level of the disturbance variable, the gain of the DDR
filter increased, indicating a decrease in the confidence put on the model due to the
increased input noise to the model. On the other hand, the cost function of controller
performance remained essentially unchanged with the increase of noise level in the
disturbance variable. The impact of measurement noise in the disturbance variable on the

performance of DDR filter was negligible, because of inertia of the process.

The objective function of controller performance depends on the weighting factors
applied to the ISE and ISDU terms (Equation (15)). Results presented above were
obtained for =03 and B=0.7. In practice, the weighting factors for controller
performance are chosen by system expert to obtain the desired closed-loop response. To
determine the impact of these weighting factors on the performance of the controller and

the filters, the above analysis was repeated with o =0.7 and =0.3. The values of the
optimal cost function for controller performance without filter and with DDR, EWMA
and MA filters were® ., =1630+0.03 @, =9.45+0.01, Dy, =11.30+0.02

and®,,, =11.05+0.02, respectively. Nevertheless, all values were significantly higher

than the original weightings which placed most weight on the ISDU. This is not
surprising since ISE values were considerably greater than ISDU values. The presence of
DDR, EWMA and MA filters resulted in 42%, 31% and 32% reductions in the cost
function, respectively. These performance improvements are nearly identical to Case I of
Table 1 and it was concluded that although the weighting factors did cause a significant
increase in the controller performance criteria, they did not have a major impact on the

percentage improvements when using filters.

The enhancement of controller performance is due to the noise reduction in the controlled
variable by the filters and resulting reduction in unnecessary controller moves. The
impact of the noise level of the controlled variable on the performance of controller and
filters was examined by performing the above analysis with half and twice the noise
magnitude on the measurements of the tank level. Results of this analysis are presented as

Cases IT and III of Table 1. In the absence of a filter, a larger noise level affecting the
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controlled variable resulted in a significantly lower controller gain and a significant
increase in the cost function for controller performance. Adding any of the three filters
led to a more aggressive controller and a lower cost function for controller performance.
As expected, the gain of the DDR filter decreased with an increase of the noise level of
the controlled variable, indicating that more confidence was put on model predicted
values and less confidence on actual measurements. It is interesting to observe that the
value of the objective function with the DDR filter is nearly independent on the level of
noise whereas it varied greatly for the unfiltered data. For the EWMA filter, the optimal
parameter 0 increased significantly with the increase of noise level, meaning that more
weight is put on past measurements. For the MA filter, the length of the averaging
window remained essentially the same for the three levels of noise. For use of both
EWMA and MA filters, the controller performance was affected by the noise level. The

advantages of using the DDR filter increase remarkedly with higher levels of noise.

3.2 Distillation Column

For simple processes like the storage tark, it is easy to develop phenomenological
dynamic models for the DDR filter. However, for a complex process, it becomes
impractical to use fundamental models. Therefore, empirical input-output models are
normally used in the DDR filter. In this study, a distillation column used to separate
benzene and toluene was employed to demonstrate the strategies of developing DDR
filters for complex processes and to determine the effectiveness of the DDR filter when

using approximate model predictions.

3.2.1 Feedback Control

A schematic diagram of the control system for the distillation column is presented
in Figure 4. Two feedback PI controllers, TIC-D and TIC-B, are used to control the top
and bottom temperatures by manipulating the reflux flow rate and the reboiler heat duty,
respectively. Feedback PI controllers, LIC-D and LIC-B, are used to control liquid levels
in the reflux drum and column base by manipulating the distillate flow rate and the
bottom product flow rate, respectively. The discrete sampling time is 30 s for all control

loops. The external disturbances are the feed flow rate and feed composition. The
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nominal steady-state values for all measurements and their typical noise levels are listed
in Table 2. A simulator for the dynamics of this column, based on rigorous models (i.e.,
mass and heat balance, thermodynamics and tray hydraulics), was developed for this

study (Bai, 2003).

CWR
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=2 >

Distillate flow

-
. Reflax purp
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|
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"""""" N,

Steam

Rehoiler

Ll

'Steam condensate "ﬁ 2 Bottom flow

Bottom pump

Figure 4 Schematic diagram of the binary distillation column.
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Table 2 Nominal steady-state values and noise levels of measured variables for the

distillation column.

Variable Units  Steady-state values  Standard deviation, ©
Feed flow, F kmol/h 100.0 0.50
Top temperature, Tp °C 84.2 0.25
Bottom temperature, Ty °C 117.4 0.25
Reflux drum level, Hp m 0.50 0.02
Column base level, Hg m 0.70 0.02

For the four PI controllers, tuning parameters were obtained by minimizing the overall

objective function of the control system
4 t, t,
O(K., 1)) = Z |:ai Z X — Xi,t)2 At + B Z (v, — ui,t—1)2 At] (20)
i=1 t=0 t=0

when the column was subjected to a series of step changes in feed flow rate having

magnitudes of 20%, -40% and 20% of steady-state value, respectively. In Equation (20),

x,, represents the true value of controlled variable i, x;, represents the setpoint for

it
controlled variable i, and u;, represents the manipulated variable for control loop i. The
weighting factors, o, for all the ISE terms were set to 0.15 while the weighting factors,

B,, for all the ISDU terms were set to 0.1. The optimal controller parameters, obtained

for ten different Gaussian noise sequences, are presented as Case I of Table 3. The
associated optimal values for ISE and ISDU for each controller, as well as the overall

cost function of the control system are presented as Case I of Table 4.
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Table 3 Optimal controller Tuning Parameters for the Distillation Column (Values listed
are sample means plus and minus one standard errors based on 10 random noise

sequences).

LIC-D TIC-D LIC-B TIC-B

Case Filter
K¢ T Kc T Kc T K¢ T
kmolh’m? min kmolh’°C?' min kmolh'm’ min MIh'°C’' min

I No -41.7¢03 150 -22+0.03 50 -758+04 50 44605 5.0
II DDR -92.6+05 150 -5.0£003 50 -172.8+1.0 5.0 1448+14 5.0
111 EWMA -159.1+63 150 -5.0£¢030 5.0 -181.0£3.1 5.0 143.6+25 5.0
v No -359+0.1 150 -19+003 50 -479+04 5.0 233+04 5.0
A\'% DDR -81.6£0.5 150 -55+006 5.0 -110.2+1.1 5.0 1042+08 5.0
VI EWMA -123.7427 150 -3.8+0.10 5.0 -108.5+0.8 5.0 1453+73 5.0
VII DDR -79.0£1.4 150 -7.44+0.06 50 -1052+27 5.0 91.2+02 5.0
VIIIT EWMA -116.7+92 150 -8.0+0.1 50 -1383+32 5.0 709+1.1 5.0
Cases I, II, III: Feedback Control; Cases IV, V, VI: Feedforward/feedback control,
Cases VII, VIII: Setpoint changes.

In order to improve the controller performance, a DDR filter was developed to reduce
noise propagation throughout the control loops for the distillation column. The first step
in developing the DDR filter was to identify empirical process models. The open-loop
process reaction curve with measurement noise for a pair of input/output variables with a
20% step change in the input was simulated. Then, pure-integrator-plus-dead-time or
first-order-plus-dead-time models were used to approximate the process dynamics around
the steady state. The model parameters, process static gains, time constants and dead
times, were obtained by fitting the data using the least-squares criterion. For the multiple-
input, multiple-output (MIMO) system of the distillation column, the superposition
property of the step responses for each output variable was assumed. As a result, the
overall effects of the inputs on the outputs are additive, and the Laplace domain dynamic

models were given by
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H,(s) D(s)

LO|_. |RO FG)
H, (s) G,(s) B(s) +Gp (S){X(S)i| (21)
T (s) Q(s)

where H is the reflux drum liquid level, T, is the top temperature, Hy is the column
base liquid level, T, is the column base temperature, D is the distillate flow rate, R is
the reflux flow rate, B is the bottom flow rate, Q is the reboiler heat duty, F is the feed
flow rate, and X is the benzene mole fraction in the feed. All variables are in deviation
form. In Equation (21), G (s)is the matrix of transfer functions related to the

manipulated variables, and G (s)is the matrix of transfer functions related to external

disturbances.

Discrete forms (see appendix A) of the dynamic models were used to predict the values
of the four controlled variables at each sampling time. Consequently, the DDR filter for

the distillation column can be written as

— - - - A -1
£ H m H
Hy, Dit Hp, Dit
f T m -
T T T T
Dt | _| "Dt Dt Dt
ol I BG4 I B I b (22)
HBJ HB,t HB,‘ HB,t
f N m A
T, T
B.t i TB’t ] | Bt i TBt |

where K is the gain matrix of the DDR filter. For simplicity, we assumed K to be
diagonal, and its diagonal elements were treated as tuning parameters. For the distillation
column, the DDR filter was first tuned by minimizing the mean squared differences
between the reconciled and the true values. In other words, the diagonal elements of the

matrix K were obtained by minimizing

Y(K)= Z(t ;z Z'(;(i,t Xt )2j (23)

s
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where o7 is the variance of the raw measurements for variable i. The optimal DDR gain

matrix was obtained for ten different Gaussian random noise sequences, and their average

values and standard errors of the diagonal elements were found to be

0.2140.003 0 0 0

_ 0 0.24+0.003 0 0

K= (24)
0 0 0.21£0.003 0
0 0 0 0.23+0.003

Using the DDR gain matrix of Equation (24), the DDR filter was embedded in the
feedback loops, and the controller parameters were obtained by minimizing the objective
function given by Equation (20) when the distillation column was submitted to the same
sequence of feed flow rate disturbances. Optimal values of the controller parameters from
ten different Gaussian random noise sequences are presented as Case II of Table 3. The
controller gains obtained with the DDR filter increased by factors of 2 to 3 compared to
those in Case I, while the integral times remained unchanged. Values of the ISE and
ISDU obtained with the DDR filter are presented as Case II of Table 4. With those more
aggressive controllers, the ISE and ISDU values were reduced significantly by a factors
of 2.5 to 7.0, whereas the overall cost function of the control system was reduced by a
factor of 5.0 compared to the results obtained without a filter. The raw measurements, the
filtered and true values for both the controlled and manipulated variables are presented in
Figure 5. The reduced noise level of the filtered values compared to the raw
measurements was significant and the filtered values were close to their true values. In
addition, the high-frequency oscillations of the control moves were significantly reduced

by the DDR filter.
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Figure 5(a) Performance of feedback controllers LIC-D and TIC-D with embedded DDR
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filter in the distillation column for a series of step changes in feed flow rate that are 20%,

-40% and 20% of the nominal steady-state value. For the manipulated variables, the

dashed line represents the control moves without DDR filter.
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The performance of the DDR filter was compared to that of EWMA filters. The tuning
parameters for the controllers and EWMA filters were simultaneously optimized by
minimizing the controller cost function of Equation (20). Results for the optimal
controller parameters obtained for the same ten Gaussian random noise sequences used
for Cases I and II are presented as Case III of Table 3. Compared to Case II (with the
DDR filter), the controller gain for the two liquid levels increased, while the controller
gains for the two temperatures displayed no significant changes. The optimal parameters
for the EWMA filters associated with controllers LIC-D, TIC-D, LIC-B and TIC-B were
0.86+0.004, 0.77+0.008, 0.73+0.004 and 0.79+0.005, respectively. The resulting values
of ISE and ISDU for each controller using the EWMA filters are presented as Case III of
Table 4. All mean values of the ISE and ISDU obtained for the EWMA filters, except the
ISDU value of the bottom temperature, increased compared to the case when the DDR

filter was used. The overall cost function of the control system increased from

®; =0.93+£0.003 to @, =1.3720.012. However, this still corresponds to a 70%
reduction in the cost function with EWMA filters, compared to Case I; an 80% reduction
was obtained with the DDR filter. The true values of controlled and manipulated
variables for the distillation column, without filter, with DDR filter and with EWMA
filters, are presented in Figure 6. The responses of the column were relatively slow
without filters. It took about 210 minutes for the column to reach steady state following
the —40% step change in the feed flow rate. The dynamic response of the column became
faster when any one filter was implemented. For example, it took approximately 150
minutes for the column to reach steady state following the —40% step change in the feed
flow rate. The use of EWMA filters resulted in more oscillatory control than with DDR
filter except for the bottom temperature control loop. The DDR filter performed better
than the EWMA filters in improving the controller performance. The better performance

of the DDR filter was attributed to the fact that the DDR filter is able to anticipate

process dynamics because process dynamic models are an integral part of the filter.
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Figure 6(a) Comparison of feedback controller performance for LIC-D and TIC-D with

and without embedded filters inside feedback loops for a series of step changes in feed

flow rate that are 20%, -40% and 20% of nominal steady-state value.
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Figure 6(b) Comparison of feedback controller performance for LIC-B and TIC-B with
and without embedded filters inside feedback loops for a series of step changes in feed

flow rate that are 20%, -40% and 20% of nominal steady-state value.
3.2.2 Feedforward/Feedback Control

Since the DDR filter incorporated information about the disturbance while the

EWMA did not. It was therefore decided to add feedforward control action, in addition to
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the feedback action, to the two control loops at the bottom of the column and to compare
the performance of both filters. Using the empirical model consisting of Equations (A-5)
and (A-6) (see Appendix A), a feedforward controller for the column base level was

obtained by the following equation to compensate for disturbances in the feed flow rate

B, =0.69F, +0.35F,_, (25)

and similarly for the bottom temperature, the feedforward controller was determined as

Q, =12.5F,, (26)

These two loops were chosen because the feed flow rate had a greater impact on these
two controlled variables. With the feedforward/feedback controllers and without filters,
the tuning parameters for the feedback controllers were re-optimized by minimizing the
objective function of Equation (20) subject to the same series of feed flow disturbances.
No tuning was performed for the feedforward controllers. Results of the optimal feedback
controller parameters are presented as Case IV of Table 3, and the associated ISE and
ISDU values are presented as Case IV of Table 4. Compared to Case I where only
feedback controllers were employed, the gains of all controllers decreased, and more
importantly for the two loops with feedforward actions, the base level and bottom
temperature controllers. The values of ISE and ISDU for all control loops were reduced
significantly with the feedforward/feedback control scheme. Adding a feedforward action
to the two bottom control loops also had a beneficial effect on the top control loops. The

corresponding overall cost function of the control system

was®; e =2.60+0.03, resulting in a 44% reduction compared to

D, o =4.64£0.03.

The DDR filter for the distillation column was re-tuned for the feedforward/feedback
control system by minimizing the same objective function defined in Equation (23), and

the optimal gain matrix of the DDR filter was
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0.24+0.003 0 0 0

_ 0 0.20+0.003 0 0

K= 27
0 0 0.21+0.003 0
0 0 0 0.20+0.003

Equation (27) indicates the DDR filter gain changed slightly compared to Equation (24)
for the case of feedback control. Embedding the DDR filter inside the feedback loops, the
feedback controller parameters were re-optimized under the same series of feed flow
disturbances. Results of the optimal controller parameters obtained for the ten Gaussian
random noise sequences are presented as Case V of Table 3 and results for the associated
ISE, ISDU and the overall cost function of the control system are presented as Case V of
Table 4. Use of the DDR filter increased the gain of the feedback controllers and resulted
in significantly smaller values of ISE and ISDU for all controllers. The overall cost
function of the feedforward/feedback control system was reduced from
) =2.60+0.03 to®, =0.65+0.003, corresponding to a 75% reduction.

No filter

The performance of the DDR filter for the feedforward/feedback control scheme was also
compared to that of EWMA filters. Using EWMA filters in the feedback loops, the
optimal parameters of EWMA filters along with the feedback controllers were
simultaneously optimized under the same conditions. For this case, on average the
optimal EWMA parameters were 0.86+0.001, 0.79+0.015, 0.74+0.004 and 0.90+0.003,
respectively. The feedback controller parameters are presented as Case VI of Table 3, and
the resulting ISE, ISDU and overall cost function of the control system are presented as
Case VI of Table 4. Compared to Case V (with DDR filter), the gains of the controller for
the reflux drum level and bottom temperature increased, while it slightly decreased for
the top temperature and column base level. In general, the EWMA filters produced
smoother responses such that the ISDU were significantly lower with the exception of the
base level controller. On the other hand, the ISE values were higher for three control
loops. Only the bottom temperature controller led to a decrease in ISE when the EWMA
filters were used. The overall cost function of the control system with the EWMA filters
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was @, ,, =0.69+0.003, while it was @, =0.65+0.003 with the DDR filter. The

DDR filter performed slightly better than the EWMA filters for the feedforward/feedback

control scheme.

3.2.3 Setpoint Changes

The performance of the DDR and EWMA filters was studied for setpoint changes
of some of the controllers. The control loop TIC-B was subjected to a series of setpoint
changes, and the filter and controller parameters were optimized. The resulting values of
controller parameters as well as ISE, ISDU and overall cost function of control system
are presented in Tables 3 and 4 as cases VII and VIII for the DDR and EWMA filters,
respectively. The use of a DDR filter resulted in smaller controller gains, ISE and ISDU
values than those for EWMA filters, except for the bottom temperature control loop. No
significant difference in the overall cost functions of the control system with DDR and
EWMA filters was found. The raw, filtered and true values of the bottom temperature are
presented in Figure 7. With the EWMA filter, the filtered values were relatively smooth,
but were delayed and displayed relatively large deviations from their true values. On the
other hand, with the DDR filter, the filtered values performed very well in tracking their
true values, but were affected by larger variations. It is interesting to note that despite the
delayed filtered values for the EWMA filter, the controller performance for the TIC-B
control loop did significantly better than the control loop with a DDR filter. However,
these results were obtained under the unrealistic assumption that the true values of the
process were available to optimize the filters and controllers. This assumption does not
affect the control loop with the DDR since it was able to accurately track the true values.
Using the filtered values to tune both the filters and controllers led to values of the
objective function equal to 0.98+0.003 and 1.19+0.012 for the DDR and EWMA,
respectively. From these results, one can conclude that under ideal, but unrealistic
conditions, the DDR and EWMA filters have similar performances. However, under

more realistic conditions, the DDR filter is superior.
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3.2.4 Model Mismatch
Previous results have shown that DDR filters led to a significant improvement of
the controller performance by filtering measurement noise and allowing the use of more

aggressive controllers. The DDR filter relies strongly on the accuracy of the process
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model to predict the controlled variable in order to provide a good estimate of its true
value. In the case of the distillation column, linear models were used to represent the
process dynamics and these models are valid in the vicinity of the nominal operating
point. For relatively large setpoint changes, the new stationary value predicted by the
model may not correspond to the true value of the process. Since the filtered value using
the DDR is essentially a compromise between the measured and the predicted values of a
controlled variable, the DDR filter will lead to an offset in the controlled variable. The
best solution to remedy this problem is to derive a more accurate process model. For
instance, such offset was not observed in the response to setpoint changes in the simple
example of storage tank process where an accurate process model was used. On the other
hand, a EWMA filter would provide a filtered value that approximates the true value

provided the mean value recorded by the measuring device are accurate.

4 CONCLUSION

The DDR filter developed in this work was shown to be an effective tool that can
be implemented in real-time to reduce the impact of measurement noise before
calculating the control action. The application of the DDR filter can result in significantly
better feedback controller performance. It allows more aggressive controllers to be used,
and at the same time, prevents the manipulated variables from excessive manipulations.
The performance of DDR filters is not affected by the noise level in the controlled
variable, whereas, the performance of EWMA and MA filters deteriorates with the
increase of noise level in the controlled variable. The DDR filters can give better
performance than commonly used EWMA and MA filters because they can anticipate the
process dynamics using process models. When using DDR filters, the external
disturbances have to be measured, and process models have to be identified if
fundamental models are unavailable. However, these are not required for the use of

EWMA and MA filters.

When available dynamic information is used through a feedforward action, the

performance of the feedforward/feedback controllers is enhanced and the filters provide
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very similar dynamic performance. Accurate process models play an important role for

good performance of DDR filters. Model mismatch is an important factor to be

considered for the use of DDR filters. The DDR filters have to be adapted when using

linear models for nonlinear processes.

NOMENCLATURE
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Cross-sectional area of storage tank, (m)

Matrix defined in state-space process model
Matrix defined in state-space process model
Bottom flow rate in distillation column, (kmol/h)
Matrix defined in state-space measurement model
Process time delay

Distillate flow rate, (kmol/h)

Functional vector

Measured feed flow rate entering storage tank, (m*/h)

Outlet flow rate leaving storage tank, (m’/h)

Feed flow rate to distillation column, (kmol/h)

Matrix of Laplace transfer functions for manipulated variables
Matrix of Laplace transfer functions for external disturbances
Storage tank level, (cm)

Reflux drum level of distillation column, (m)

Distillation column base level, (m)

Controller gain

Matrix of DDR filter gain

Window length of MA filter

Matrix used to calculate Kalman gain

Matrix used to calculate Kalman gain

Reboiler heat duty of distillation column, (MJ/h)

Reflux flow rate returning to distillation column, (kmol/h)

Covariance matrix of model prediction error

84



S: Covariance matrix of process noise

ty:  Total number of process sampling time

T,: Top temperature of distillation column, (°C)

T,: Base temperature of distillation column, (°C)

u: Vector of inputs including manipulated and disturbance variables
V:  Covariance matrix of the measurement errors

w:  Vector of process noise

X: Feed composition of benzene, (mole fraction)

X: Vector of true values of process output variables

X: Vector of estimates (reconciled) for process output variables
y: Vector of measured values for output variables

y: Vector of model predictions

At:  Sampling time interval
Greek letters

o:  Weighting factor for ISE
B:  Weighting factor for ISDU

€: Vector of measurement noise

o: Vector of model prediction error

v?:  Variance of model predictions

o’: Variance of measurements

x:  Matrix of Kalman gain

®: Cost function for controller performance
0: Tuning parameter in EWMA filter

7,:  Integral time constant for PI controller

Superscripts, subscripts and overscripts

t: Sampling time

*: Setpoint of controller
N Estimated

f: Filtered

m: Measured
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- Average

Acronyms

DDR: Dynamic data reconciliation

EWMA: Exponentially weighted moving average

ISDU: Integral of squared differences of the manipulated variable
ISE: Integral of squared errors of controlled variable

MA: Moving average
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APPENDIX A
In Equation (21), the matrices of the transfer functions G;(s) and G(s) are given by

[-0.1087  -0.1087 0 0.0038¢™ |
S S S
0 -0.0621¢* 0 0.0297¢*%*
176s+1 S
G..(s)= A-1
v(®) 0 0.1228¢™*  _0.1382 -0.0037¢'* (A-1)
S S S
-1.8344¢™'® 0 0.0031e™*
i 3672s+1 126s+1
i 0 -9.0e*™
S
-0.0426e™  -18.88¢™*
372s+1
G .(s)= S A-2
o(®) 0.1429¢™  9.1¢** (A-2)
S S
-0.1335e%*  -114.7¢"*
513s+1 917s+1

The empirical models of Equations (21) were discretized by z-transformation. The

discretized and simplified models are given by

Hp, +H,, ,=— 9.058x10°D,, — 9.058x10"R,,+2.112x10°Q,,

(A-3)
+1.06x10°Q,, -2.5x10°X,, —5.0x10?X,

Ty, —0.9414T, = —5.64x10°R,, —4.332x10°R,+2.5x107Q,,

(A-4)
—1.184x10°F,_, —2.368x10"F,, -1.227X,, - 0.233X
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H,, ~Hy, = 1.023x10°R , -1.152x10°B,, -2.056x10°Q,, ~1.028x10°Q,,

(A-5)
+7.942x107F_,+3.971x107*F_,+5.06x107X,,+2.53x10°X

T,, —0.9228T, ,=—0.011R,, —0.00385R ,+4.867x10°Q,,+6.084x107Q,,

(A-6)
—7.583x10°F, —3.69X

where all the variables are in deviation forms.
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Preface

Chapter 4 rigorously derives the DDR algorithm based on statistical properties of
measurements and models using Bayesian arguments. The DDR algorithm has a
convenient predictor-corrector format akin to the Kalman filter. The relationships
between the DDR and the Kalman filters are identified and evaluated. Modifications to
the DDR algorithm and the Kalman filter are introduced to allow applications to

situations involving autocorrelated measurement noise.

ABSTRACT

Process measurements are often corrupted with varying degrees of noise.
Measurement noise undermines the performance of process monitoring and control
systems. To reduce the impact of measurement noise, exponentially-weighted moving
average and moving average filters are commonly used. These filters have good
performance for processes under steady state or with slow dynamics. For processes with
significant dynamics, more sophisticated filters, such as model-based filters, have to be
used. The Kalman filter is a well known model-based filter that has been widely used in
the aerospace industry. This paper discusses another model-based filter, the dynamic data
reconciliation (DDR) filter. Both the Kalman and the DDR filters adhere to the same
basic principle of using information from both measurements and models to provide a
more reliable representation of the current state of the process. However, the DDR filter
can more easily incorporate a wide variety of model structures and is easier to understand
and implement. Simulation results for a binary distillation column with four controlled
variables showed that the DDR filters had equivalent performance to the Kalman filter in

dealing with both white and autocorrelated noise.

Keywords: Measurement noise, Dynamic data reconciliation, Kalman filter
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1 INTRODUCTION

Sampled process data are affected by measurement noise. Noisy measurements
not only mask the true values of process variables, but, when used to calculate control
moves, they may significantly deteriorate controller performance. In such cases the
manipulated variables can display excessive adjustments even becoming saturated, and
possibly upsets in other process variables. As a result, the controllers must be detuned to
regain acceptable performance. However, detuned controllers lead to more sluggish
response of controlled variables. In order to reduce the impact of measurement noise,
filters such as exponentially-weighted moving average (EWMA) and moving average
(MA) filters have been widely applied to measurement signals before they are transmitted
to controllers. The EWMA and MA filters employ current and past measurements to
estimate the current state of measured variables. These filters are acceptable for steady-
state operation or processes with slow dynamics. Although these filters can effectively
reduce the effects of measurement noise, they may introduce unacceptable time delays

for processes having significant dynamics.

For such processes, it is beneficial to use more advanced filters. The well-known Kalman
filter uses underlying dynamic models to estimate the current state of process variables,
and has acquired a reputation as a panacea for process state estimation and prediction.
Although applications of Kalman filters in tracking moving objects such as aircraft and
missiles have been common, their applications in chemical engineering are relatively
infrequent [1, 2]. As Brosilow and Joseph [3] pointed out, the difficulties in
implementing Kalman filters in the chemical industries are associated with identifying
reliable dynamic models for the process as well as specifying the process noise terms

required in the Kalman filter.

Recently, Bai et al. [4] proposed an alternative model-based approach, based on dynamic
data reconciliation (DDR), to attenuate measurement noise inside control loops. The
DDR filter, in a predictor-corrector format, used dynamic process models as redundant

information to complement that in the process measurements. At each sampling time, the
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filtered data were obtained by reconciling values of model predictions and raw
measurements. It was demonstrated that the DDR filter was an effective tool to attenuate
propagation of measurement noise inside control loops. It yielded better performance
than EWMA and MA filters for dynamic processes when sufficient redundancy was
available. Due to noise reduction, the DDR filter allowed more aggressive controller
tuning and, as a result, controller performance was significantly enhanced. In this work,
we compare its structure and performance with that of the Kalman filter and extend the
form for both filters to deal with autocorrelated measurements in the context of

multivariable control of a binary distillation column.

We first provide a more rigorous development of the DDR objective function using
Bayesian principles, along with the predictor-corrector form of the DDR filter and
expressions for estimating the covariance of the filter predictions. In addition, we show,
under typical assumptions regarding the error structure of the models and measurements,
that the DDR filter predictions are unbiased and that their variance is always smaller than
that of predictions using either the measurements or the model on their own. The filter

form is then modified to handle cases involving autocorrelated measurements.

A brief overview of the Kalman filter is provided in Section 3 along with its modification
to deal with autocorrelated measurements. In Section 4, closed-loop performances of the
use of the DDR and Kalman filters are compared, via simulation for control of a binary
distillation column under different noise structures. Conclusions are summarized in

Section 5.

2 DYNAMIC DATA RECONCILIATION

Plant measurements are stochastic variables and plant models display some
degree of uncertainty. The problem is to estimate the state of the dynamic process given
the information provided by measurements and plant models. Consider a process with M
state variables that are monitored and/or controlled, subject to random variation. The true

values of the M process variables at time t can be represented by a Mx1 vector, x,. The
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measured values of the M process variables, y,, are assumed to be adequately described

by the additive noise model
Y. =X, T§& (1)

where €, is a Mx1 vector of the measurement noise associated with each of the M
measured values at time t. The goal is to estimate x, based on the available information
in the measurements, y,, y,,, ..., ¥, The resulting estimate of x,, denoted as x,, can be

expressed as
X, =0, Yerr - Y1) )

where ¢ represents the functional form of the estimator. This function can be linear or
nonlinear. However, given only Equation (1) and the current and past measurements, X,

cannot be computed. Other information beyond the current and past measurements is

required. Indeed, information about x, or €, is needed in the estimation of x, .

Assuming that €, is normally distributed (g, ~ N(0,V)) for all t and where V is the

MxM covariance matrix of €, the probability density function of €, can be written as

f(e)= exp (—%SEV'I& ) ©)

1
(27I)Ml2 | V |1/2

where | V| is the determinant of V and &; is the transpose of €,. From Equation (1), and
assuming x, and €, are independent, it follows that the conditional density function of

measurements y,, given X, , Is

f(yt | xt) = f(yt - xt) = f(st) (4)
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Sinceg, ~ N(0,V), f(y,|x,) is Gaussian with mean x, and covariance V, and the
probability density function for y, can be interpreted as the likelihood of x, given the

measurements, y, , denoted as

L(xt I yt) = 172 €xXp Ii_%(yt - xt)T V‘l (yt - Xt)j| (5)

1
2n)""* |V

Now the problem is to find the most likely value of x, (i.e, the value that
maximizesL(x, | y,)). These estimates are known as maximum likelihood (ML)
estimates. From Equation (5), it is clear that the maximum occurs wheny, =x,.
Therefore, the ML estimates are X, =y,, which means that the optimal estimates of the

true values of process variables are simply the raw measurements when the only available

information on measurement noise is €, ~ N(0, V).

Fortunately, in many cases, prior information about x, is available. One common source
of information about x, can come from a wide variety of process models which can be

phenomenological or empirical, discrete or continuous, linear or nonlinear. For example,

x, can be estimated from model predicted values, §, (e.g., a one-step-ahead prediction).
The information about the measurement noise, €,, can be combined with the information
about the model predictions, y, of x,, to give better estimates of x,. Because process

models can rarely be considered to be perfect, model predicted values also contain some

degree of error. Therefore, we assume the model predictions, ¥y, can be expressed in an

additive noise model,

5”( = xt +8t (6)
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where 8, represents the vector of model prediction error which is a complex function of

numerous factors, such as incorrect model structure, uncertainty in model parameters,
unaccounted model inputs as well as inaccurate measured input variables. For simplicity,

we assume§, ~ N(0, R) where R is the covariance matrix of the prediction error. The
problem is now to find the best estimates of x, given both the measured data and the

predicted values. Using Bayes’ formula [5] we can write
f(x, y,) < L(x, [y )f(x,) (7

where f(x, |y,) is the posterior distribution of x, given the measured data, L(x, |y,)is the
likelihood function and, f(x,)is the prior distribution which expresses our knowledge
about x, prior to having the data. If we now add independent information about x,,

based on model predictions, y,, we can apply Bayes’ formula again, giving

f(x,|¥,y,) o L(x, | §.)f(x, |y,) o< L(x, | ¥ )L(x, [y )f (x,) (8)
where f(x, | §,,y,) represents our posterior knowledge of x, based on both y, and y,.

Based on our assumptions about the measured data and the model predictions, it follows

that

L(xt | yt) = €xXp |:_%(yt —X; )T Vil (yt - X ):| (9)

1
(ZE)M/Z | V |1/2

L(xt I S,t) = exp l:_%(j}t - X )T R-l (5’t - X, )i\ (10)

1
(Zn)M/Z | R |1/2

If we also assume that our initial prior information is noninformative (i.e., f(x,)is

constant over the range of x values of interest) then our posterior distribution
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becomes
f(x |y,¥y)=

exp{—%[(yt - xt)T A% (yt - xt) + (5', - xt)T R’ (§'t - xt)}}
(11)

where k is a constant. We select the value of x, which maximizes Equation (11) as our

k
(zn)M | VR |1/2

best estimate of the true value of the vector of process states. We refer to these estimates

as maximum a posteriori (MAP) estimates and denote them as X, .

The maximization of Equation (11) is equivalent to minimizing the positive argument of

the exponential in Equation (11). The MAP estimate, X,, consequently can be obtained

by minimizing
,\ 1 : - q/n
J(xt) = 5|:(yt _xt)T Vv ' (yt _xt)+(yt _xt)T R’ (yt _xt):| (12)

2.1 Predictor-corrector algorithm for DDR
Solving Equation (12) yields the predictor-corrector form of the DDR algorithm
(see Appendix A) given as

X, =y +K(@y,-¥) (13)
where

K=(V'+R")'V'=I+VR")! (14)
and I is the identity matrix. Equations (13) and (14) are the expressions of the DDR filter.

Equation (13) indicates that X, is composed of two terms that are respectively the model

predicted values, ¥,, plus the measurement corrections K(y, —¥,) . Kin Equation (13) is

the gain of the DDR filter. From Equation (14), it is seen that K — 0 when measurement

errors are significantly larger than model prediction errors; consequently X, — y,. On
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the other hand, when the model predictions have significant errors, K — I, and then

X, Y,

2.2 DDR estimation error

The estimation error, & , of the DDR filter is given by

E =X, X, (15)
Putting Equation (13) into (15) and using Equations (1) and (6) results in

E =0, +K(, -96,) (16)
Taking expectations of both sides of Equation (16) yields

E[€,]=KE[e, ]+ (I-K)E[5,] (17)

Since E[e,]=0 and E[§,]=0, E[£,]=0. Therefore, X, is an unbiased estimator. From

Equation (16), the covariance matrix of the estimation error, or the covariance matrix of
the reconciled values by DDR, can be obtained as

Cov(€,) = K'Cov(g, ) K+ (I-K)" Cov(5,X(I-K) (18)

Putting Cov(g,)=V, Cov(§,)=R and K=(V'+R")'V' into Equation (18) and

rearranging yields
Cov(E,) = Cov(x,) = (V' +R)" (19)

Equation (19) indicates that the covariance matrix of the estimation error of the DDR

filter for the M process variables is a function of V and R. Because both V and R are
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positive definite symmetric matrices, the elements in Cov(§,) are less than those in V

and R, meaning that combination of the measured values and model predicted values

results in more precise estimates than using only one of them.

2.3 Modified DDR algorithm for autocorrelated measurements

The DDR filter algorithm derived in Section 2.1 is based on the assumption that
the measurement error is white Gaussian noise. For the case where the noise is
autocorrelated, Equation (13) has to be modified to incorporate the correlation.
Accordingly, we can write the autocorrelated measurement noise for all measurements in

the form of a weighted sum of previous values driven by white Gaussian noise
9
g, = De, +a, (20)

where @, is a MxM matrix of coefficients, a, is a Mx1vector of white Gaussian
noise, and q is the order of the noise model. The measurement noise at each time t-1, g,

can be estimated by
€a=Yu — Xy, (21)

Using Equations (20) and (21), the estimated measurement noise at time t can be obtained

by the one-step-ahead prediction
~ q -~
€ = Z(Diat-i (22)
i=l

After the realization of the measurements at time t, €, is subtracted from y, and, under

ideal conditions (model mismatch for the process model and the measurement error

model is zero), the pre-whitened measurements, (y, —€,), only contain white Gaussian

noise. Substituting (y, —£,) for y, in Equation (13), the reconciled data vector X, is
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calculated. Repeating the above procedure continues the dynamic data reconciliation
algorithm. Information flow to deal with the autocorrelated measurement noise is
schematically illustrated in Figure 1. It is worth noting that the filter gain matrix, K, is
calculated based on the pre-whitened measurements. However, in practice, since

(y, —&,) may not represent the fully pre-whitened measurements due to potential

inadequacies of the process and the measurement error models, the covariance matrix of

(y, —¢€,) is inflated and, as a result, the gain, K, will need to be detuned.

Y. » I-K
. X,
Pre-whitened ) >
Y
K !
 |Equation
1 @
» !

Figure 1 Information flow diagram to deal with autocorrelated noise using DDR filter. z!

represents the backshift operator such that z'y, =y,

3 KALMAN FILTER

The Kalman filter also employs information from both measurements and process
models. Dynamic state-space models, assumed linear and stochastic, are used to describe
the dynamics of the process, and additive noise models are used to represent raw

measurements. The process state/measurement models used in the Kalman filter are

written as
X, = Axt—1+ But-l+ Wi (23)
y, =Cx, +¢g, (24)
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where A, B, and C are deterministic matrices having appropriate dimensions. The input

vector u,, containing manipulated and disturbance variables can also embrace values of
inputs at several previous time steps (e.g., B,u,_,, B,u,_;, ...). w, denotes process
model noise assumed to be white Gaussian noise,w, ~ N(0,S), accounting for: (i)

improper model structure (e.g., lower order approximation for a higher order process),
(ii) inaccurate values for elements in matrices A and B; (iii) inaccurate implementation of

inputs u,_,; (iv) other unaccounted disturbances to the process. €, is the measurement

noise, also assumed to have white Gaussian form. w, and €, are assumed independent.

3.1 Kalman filter under white noise

For the process defined by Equations (23-24), it is desired to find an estimate of

the state vector x, based on known quantities y, and u,_, at time t. The Kalman filter

provides an estimator having minimum prediction variance. Detailed derivation of the
Kalman filter has been well documented in literature [6]. Practical implementation of the

Kalman filter consists of the following steps:

1. Filter initialization. At time t = 0, initialize the filter with

x, = guess of X, (25)

P, = guess of covariance of estimation errors, Eli(xvx0 — X )Xo — X, )T] . (26)
Set t = 1, start the Kalman filter recursive calculations.
2. Model prediction. At time t, calculate the model prediction with

y, = Ax, +Bu,, (27)
and the covariance matrix of the model predictions with

P  =AP_A"+S. (28)
3. Measurement correction. At time t, after the measurements y, are available, compute

the a posteriori quantities
K, =P CT(CPC"+V), (29)

it = }A': +K, (Yt _CS’t)’ (30)
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P =P -K,CP’ 31
where P, is the covariance matrix of estimation error at time t, and K, is known as the

Kalman gain.

4. Time increment. Increment time index and repeat calculations starting at step 2.

Because covariance matrices P, and P, and the Kalman gain K, need to be updated at
each sampling time, the Kalman filter is a time-variant system. However, for the process
defined by Equations (23-24), matrices P, , P, and K, reach a steady state and take on

constant values. At this point, the Kalman filter becomes time-invariant, and the Kalman
filter is known as the steady-state Kalman filter. It is noted that the recursive calculations

of the matrices P, P, and K, are independent of the measurement realizations y,.

Therefore, they can be computed offline without actually making any measurements.

Assuming all state variables of interest are measured, C = I . For this case the Kalman

gain, Equation (29), reduces to

-1

K, =P (B +V) = (1 n VP;“) (32)

Because P/ is the covariance matrix of model predictions, it is consequently equivalent to

R used in the DDR filter. Replacing P, by R in Equation (32) shows that the gain of the

Kalman filter is equivalent to the gain for the DDR filter (see Equation (14)) under such
restrictions. It can also be shown that P, in Equation (31) is equivalent to the covariance
of the reconciled values in the DDR filter in Equation (19). The Kalman filter is indeed a
subset of the DDR filter since it only uses process state-space models and thus the DDR

filter can be viewed as a more generalized model-based filter.

The Kalman filter employs linear state/measurement models. For many chemical
engineering processes, especially dynamic processes, where values of the process

variables change considerably, this assumption is unlikely to be valid. To overcome this
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problem, the process model is linearized at each time step and the usual Kalman
algorithm is used; this is known as the Extended Kalman filter (EKF). A considerable

increase in complexity is introduced in this case. The matrices A and C become time-
dependent as do matrices P, P, and K, . As a result, they must be calculated at every

time step (rather than the single off-line calculation required for linear models). On the
other hand, the DDR filter places no limits on the model form, but it may require

numerical solution of the nonlinear model equations at each time step.

3.2 Kalman filter under autocorrelated measurement noise

The derivation of the Kalman filter is based on the assumption that the
measurement error is white Gaussian noise. However, when the measurement noise is
autocorrelated, the Kalman filter has to be augmented by incorporating the
autocorrelation information into the structure of the process state/measurement models.
This starts with transformation of the models of the autocorrelated measurement errors to
yield a state-space format that can be combined with the process state/measurement
models to formulate new state-space models with increased dimension. Then, an
augmented Kalman filter is applied. Details of the mathematical manipulations to

formulate the new state-space models are given in Appendix B.

4 SIMULATION EXAMPLES

The performance of the DDR and the Kalman filters in attenuating measurement

noise was evaluated by simulating a multiple-loop control of a binary distillation column.

4.1 The distillation column

The distillation column, presented in Figure 2, has four PI control loops.
Controllers TIC-D and TIC-B are used to control the top and bottom temperatures by
manipulating the reflux flow rate and the flow of steam to the reboiler, respectively.
Controllers LIC-D and LIC-B are used to control the reflux drum and column base liquid
levels by manipulating the distillate flow rate and the bottom product flow rate,

respectively. External disturbances to the column were made by changing the feed flow
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rate. A sampling period of 30 seconds and a zero-order hold were used. Nominal steady-
state values for all measurements and their Gaussian noise levels are listed in Table 1.

The configuration of each control loop with embedded filter is depicted in Figure 3.

CWR
Condenser
Reflux Drum
Tlcg
Feed l
( 1
; |
' |
! 1
|
| ey
N
o
% >
Distiliate flow
el - S
\1 Raflux pump
|
|
]
)
Steam T
Reboiler |
|
|
|
|
{ |
K >
L E— y
Steam condansate g 2 Bottom flow

Bottomn pump

Figure 2 Schematic diagram of the distillation column.
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Table 1 Nominal steady-state values and noise levels of measured variables

Measured variable Units  Steady-state value  Standard deviation
Feed flow, F kmol/h 100.0 2.0
Reflux drum level, Hp cm 50.0 2.0
Top temperature, Tp °C 84.2 0.25
Column base level, Hg cm 70.0 2.0
Bottom temperature, Tp °C 117.4 0.25
Disturbances 1 Measurement noise
Set point +
* Controller Distillation output
- Column
- +
DDRﬁlter, or
Filtered data Ralman Fifter | Raw measurements

Figure 3 Schematic diagram of a control loop with filters.

A dynamic distillation simulator developed by Bai [7] was used in this study. This
simulator is based on rigorous distillation models (mass and heat balances, vapor-liquid
equilibria, and tray hydraulics). For each controlled variable, an empirical input-output
model was identified around the process nominal steady state using step responses as
described by Marlin [8]. These models were either first-order-plus-dead-time models or
pure-integrator-plus-dead-time models. The discrete version of these models was
obtained by z-transformation and is presented in Appendix C. One-step-ahead prediction
errors of these models were computed by comparing true values of process variables to

model predictions under nominal white noise conditions as listed in Table 1. The

covariance matrix of model prediction errors was evaluated as

H, T, H,
10 0 0
0 0013 0
Cov[5,]=R =
0O 0 10

TB
0
0
0

0 0 0 0014
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The cross-correlation and autocorrelation of the model predictions were found to be
negligible and set to zero. It is important to note that, in practice, the exact values of the
covariance matrix of model predictions may be difficult to determine. As a result,

elements of R could be treated as tuning parameters. This is demonstrated in Section 4.3.

4.2 White noise case study
Since the measurement error for each of the four controlled variables was white
Gaussian noise, without cross correlation, the measurement covariance matrix based on

standard deviations given in Table 1 was

0 00625 O
0 0 4.0
0 0 0 0.0625

Covlg,]=V = 34)

N
o
o
o
OOOw'_]

The DDR filter gain calculated by K = (I+ VR™")" was

02 0 0 0

_ 0 0172 0 0 35)
L ) 0 02 0

0 0 0 0.183

Using these values forK . , closed-loop performance of the DDR filter was evaluated

for a 20% step increase in the feed flow rate. Results for the raw measurements, filtered
values and their true values for the four controlled variables are presented in Figure 4.
Initially under steady state and without disturbance for the first 60 minutes, the four
controlled variables displayed variations around their setpoints because of the internal
propagation of measurement noise inside the control loops. With the external disturbance

in the feed flow rate, the dynamic responses of the four controlled variables were
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significant, and they returned to steady state after about 240 minutes under closed-loop
conditions. Figure 4 shows that the data filtered by the DDR filter were less noisy than
the raw measurements, and performed well in tracking the true values of controlled

variables.

Next, a Kalman filter was tested to deal with the same sequence of white noise. As stated
in Section 3.1, using the values of R in Equation (33) for P in Equation (32), the
Kalman gain is equivalent to the DDR gain, Equation (35). Thus, knowing the Kalman
gain, by trial-and-error it is possible to calculate the value of S defined in the Kalman

filter, given by

0.1999 0 0 0
Coviw,)=§ = 0 00035 O 0 36)
' 0 0 0.1999 0
0 0 0  0.0043

As a result, the DDR and Kalman filters were equivalent to each other and, of course

yielded the same results.

In practice the values of S may not be known. To test the sensitivity of the Kalman filter

to the values of S, the values of R, given in Equation (33), were substituted for S in

Equation (36). Assuming the initial value, P, = I, the Kalman gain was calculated. After

11 iterations, the Kalman gain reached the steady state given by

0390 0 0 0
K | 0 0336 0 0 37
Kalman 0 0 039 0
0 0 0 0339
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Figure 4 Performance of the DDR and Kalman filters to reduce white Gaussian noise for
a 20% step increase in the feed flow rate at t = 60 min. Inserted expanded graphs more
clearly show results for the DDR and Kalman filters for purposes of comparison. o Raw;

------ Kalman filter, — DDR filter, — True; — - — Setpoint
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The closed-loop performance of the Kalman filter was evaluated for the same feed flow
rate disturbance. The simulation results are also presented in Figure 4. This figure shows
that the filtered data obtained by the Kalman filter were very close to those obtained by
the DDR filter. The data produced by the Kalman filter also displayed much less
variability and tracked the true values of the controlled process variables well. The
addition of either a DDR or Kalman filter smoothed the raw measurements, thereby
reducing the propagation of measurement noise through the control loops. The

differences shown in Figure 4 did not appear to have any practical significance.

In order to quantitatively evaluate the performance the two filters, the standardized mean

squared error (MSE) of the filtered data for each variable defined as

138(% -x, Y
MSE = — Lt 38)

N ;( o) (
where o is the standard deviation of the nominal white measurement noise listed in
Table 1, was introduced. The MSE values were calculated for the two filters for the same
feed flow rate disturbance and identical white noise sequence for each simulation. One
hundred and ten simulation runs were performed each with a different noise sequence.

The differences in MSE values between the two filters, (MSE . —MSE,, .. ), for each

noise sequence were determined and histograms of these differences were created and are
presented in Figure 5. Negative values of the difference indicate the DDR filter
performed better, whereas positive values indicate the Kalman filter performed better.
The mean of the differences, the standard deviation and the standard error of the mean
evaluated for each variable are also presented in Figure 5. At the nominal variance level,
it shows that the Kalman filter gave significantly larger MSE values for all controlled

variables. This is the result of using an inappropriate value for S.
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Figure 5 Histograms of the differences of MSE values obtained by DDR and Kalman
filters for one hundred and ten white Gaussian noise sequences. [1] = Mean of the
differences. [2] = Standard deviations of the differences. [3] = Standard deviation of the

mean of the differences.

The effect of the magnitude of the measurement noise on the performance of the DDR
filter was also examined. When the nominal variances of the measurements were
doubled, the gain matrix of the DDR was re-calculated. For the same process disturbance,
the MSE values for one hundred and ten white Gaussian noise sequences were evaluated
for each controlled variable and their mean values and standard deviations are presented
in Table 2. For comparison, the mean values and standard deviations for the nominal
measurement variances are also presented in Table 2. The mean MSE value increased by
50% for the top temperature, while the mean MSE values for the other controlled
variables approximately doubled. However, for the doubled measurement variances,
using these variances to scale the MSE values, it is clear the mean MSE values for the
four controlled variables reduce to 0.25, 0.08, 0.20 and 0.18, respectively. Compared to
the case of the nominal measurement variances, the effectiveness of the DDR filter for
noise reduction remained relatively unchanged even though the measurement noise level

was doubled.
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Table 2 Sample mean and standard deviations of the MSE values for each controlled
variable obtained by the DDR filter.

Controlled Nominal measurement Doubled Ir}easurement
variance variance
variable — S—
MSE Ouse MSE Onise
Reflux drum level 0.21 0.029 0.50 0.079
Top temperature 0.11 0.017 0.16 0.034
Column base level 0.19 0.026 0.41 0.077
Bottom temperature 0.19 0.023 0.36 0.046

The white noise case study demonstrates that both the DDR and Kalman filters are
effective tools to reduce white noise propagation through feedback control loops. The
gain matrix of the DDR is directly calculated by covariance matrices of model
predictions R and measurements V, whereas the gain matrix of the Kalman filter is
calculated iteratively using covariance matrices of process noise S and measurements V
with an initial guess of the covariance matrix of estimation error. If both matrices R and

S were known precisely, using a DDR or a Kalman filter should make no difference.

4.3 Treating R as tuning parameters in DDR

Often, neither the covariance matrix of model predictions used in the DDR filter,
nor the covariance matrix of process model noise used in the Kalman filter can be easily
evaluated. To deal with this problem, the elements in R or S can be treated as tuning

parameters in the implementation of the DDR and Kalman filters.

To investigate this approach, the diagonal elements of matrix R were treated as tuning
parameters in the DDR filter for the nominal white noise case. Matrix R in Equation (33)
was multiplied by a factor of magnitude c. Matrix cR was used to calculate the DDR
filter gain matrices, and then the DDR filters were implemented inside the control loops.
For each DDR filter, the MSE values for each of the controlled variables were evaluated

when the column was subjected to the same feed flow disturbance under the nominal
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white noise. The MSE values for each variable are shown in Figure 6 as a function of the
logarithm of the factor ¢, along with the values of the filter gain. The minimal MSE
values for the four variables are at ¢ = 1, which represents the optimal gain given by
Equation (35). By decreasing the factor c, the gain of the filters decreased, meaning that
the filter was placing more weight on model predictions. For higher values of c,
corresponding to higher gains, a greater confidence was placed on the measured data. In
both cases, moving away from the optimal filter gain, the MSE values increased as shown
in Figure 6. This study shows that degradation of the DDR filter may occur if the DDR
filter is poorly tuned. In addition, it is important to comment that, the performance of the
DDR filter relies on the accuracy of the process models used to predict the true value of
process variables. In this case study, linear models were used to represent the process
dynamics in the vicinity of the nominal operating point. If process state shifts or
operating point changes, the increased model mismatch of the linear models will
deteriorate the DDR performance. To remedy these problems, process models have to be

adapted or more accurate process models such as nonlinear models have to be used.

4.4 Autocorrelated noise case study

In practice, measurement noise is frequently autocorrelated to some degree due,
for example, to the dynamics of measuring devices. In this case study, the performance of
both DDR and Kalman filters was tested in the presence of autocorrelated noise. The
measurement noise for each of the four controlled variables following a first-order
autoregressive model was taken as the case study
€, =AE_, +0Q, 39)

t t-1

where A is the autocorrelation coefficient and o, is a white Gaussian noise whose

standard deviation is identical to the one given in Table 1.
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predictions as tuning parameters for nominal white noise case. ¢ is the multiplier of the

matrix R in Equation (33).

4.4.1 DDR and augmented Kalman filters

Using A = 0.8 as an illustrative example, the autocorrelation information given by

Equation (39) was incorporated in the DDR filter by evaluating intermediate variables of

noise terms as illustrated in Figure 1. For this case, Equation (35) is the filter gain matrix.

The raw measurements, filtered values and true values of the four controlled variables are

presented in Figure 7. It shows the controlled variables displayed larger variations around
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their setpoints compared to the white noise case study, due to the propagation of the
autocorrelated noise throughout the feedback loops. Next, to consider the autocorrelated
measurement noise using the Kalman filter, the process state/measurement models for the
column were augmented to incorporate the information of the autocorrelated
measurements noise using Equation (39). The covariance matrix of process noise of
Equation (36) was used to calculate the augmented Kalman filter gain. After 80 iterative

calculations, the steady-state value for the augmented Kalman filter gain was

0154 0 0 0
0 0082 0 0
0 0 0154 0
0 0 0  0.084
Ko =g o — (40)
0 0538 0 0
0 0 0464 0
0 0 0 0539

Compared to the DDR filter, the dimension of the Kalman filter gain was doubled. For
the same feed flow disturbance, the closed-loop performance of the augmented Kalman
filter was tested and the simulation results for the filtered data were also plotted in Figure
7. These results show that the augmented Kalman filter performed well and the two filters

appeared to display no practically significant difference in their performance.
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To more rigorously evaluate the performance of the two filters for the autocorrelated
noise cases, the MSE values of filtered data for each controlled variable obtained by the
DDR filter and the augmented Kalman filter were calculated. One hundred and ten
simulation runs were performed each with a different autocorrelated noise sequence. The
histograms of the differences of the MSE values are presented in the first row of Figure 8.
It shows the DDR filter performed better for the reflux drum level, column base level and

bottom temperature, while the Kalman filter performed better for the top temperature.
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Figure 8 Histograms of differences of MSE values obtained by DDR and augmented
Kalman filters for autocorrelated noise cases (A = 0.8). [1] = Mean of the differences. [2]
= Standard deviations of the differences. [3] = Standard deviation of the mean of the

differences.

115



As described in Section 2, the gain of the DDR filter needs to be detuned in dealing with
autocorrelated measurement noise as a result of process model mismatch in predicting
values of the measurement errors. The impact of detuning on the performance of DDR
filter was then examined. The DDR filter gain was detuned by factors of 1.5, 2.0 and 2.5,
respectively. Then, the performance of the detuned DDR filters was compared to that of
the augmented Kalman filter. The results are also presented in the Figure 8. It shows that,
when the detuning factor was set at 1.5, the DDR performed better than the Kalman for
all controlled variables. However, when the detuning factor was increased to 2.0 and 2.5,
the augmented Kalman filter performed better for the two liquid levels, while the DDR
filter performed better for both the top and bottom temperatures. These results indicate
the need for proper tuning of the DDR filter to achieve its best performance in dealing
with auto correlated measurements. We expect that tuning of the Kalman filter will also

be beneficial in these cases.

4.4.2 Shortcut DDR and Kalman filters

It is important to recall that, in the implementations of the DDR and augmented
Kalman filters for autocorrelated measurements, the noise terms had to be evaluated as
intermediate variables. As a result, the dimensionality of the filters was increased. In
addition, the DDR filter has to be detuned after its initial design and no general rule for
detuning exists. Therefore, a more direct approach to implement the DDR and Kalman

filters for the autocorrelated noise case is now examined.

From Equation (39), the variance of the autocorrelated measurements can be easily
evaluated [9] as

Var[a, ]

Varle, ] = Y

(41)

Thus, for A =0.8 as the illustrative example, the covariance matrix of the measurements

was
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11.11 O 0 0

0 0.174 0 0
Covle, }]=V = (42)
0 0 11.11 0

0 0 0 0174

Using Equations (33) and (42) results in a shortcut DDR filter with gain matrix

0.083 0 0 0

Ko —(+VR') = 0 0070 0 0 @3)
0 0 008 0

0 0 0 0.075

Compared to the filter derived for the white noise case study (Equation (35)), the shortcut
filter gain for the autocorrelated noise is much smaller, indicating that a greater
confidence is placed on model-predicted values than on measured values when
calculating the filtered data. The closed-loop performance of the shortcut DDR filter was
evaluated for the identical one hundred and ten autocorrelated noise sequences. The
differences of the MSE values for each variable obtained by the shortcut and the

complete DDR filters (i.e., AMSE = (MSE .., — MSE )) were calculated and their

complete
histograms are presented in the top row of Figure 9, along with pertinent statistics. The
shortcut DDR filter performed better for the top temperature, while the complete DDR
filter performed better for the reflux drum level. The performance of the shortcut and the
complete DDR filters showed no significant differences for the column base level and
bottom temperature. This example indicates that the shortcut DDR filter provides a much
easier approach to deal with autocorrelated measurement noise and it has comparable

performance relative to the complete DDR filter.
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Figure 9 Histograms of the differences of MSE values obtained by shortcut DDR and
complete DDR filters (the top row), (MSE, ... ~MSE_, . ...), and shortcut Kalman and

augmented Kalman filters (the bottom row), MSE, .. ~MSE, renea), fOT

autocorrelated noise (A = 0.8). [1] = Mean of the differences. [2] = Standard deviations of

the differences. [3] = Standard deviation of the mean of the differences.

Akin to the DDR filter, a shortcut Kalman filter was considered. Using Equation (42) as

the covariance matrix of measurements in the Kalman filter, after 44 iterative

calculations, the steady-state shortcut Kalman filter gain was

0.077 0 0 0

K | 0 0045 0 0 4
Kelman =1 0 0077 O

0 0 0 0.097

The closed-loop performance of the shortcut Kalman filter was compared to that of the

augmented Kalman filter for the identical one hundred and ten autocorrelated noise

sequences. Differences of the MSE values, (i.e, AMSE =(MSE ... —~MSE__ i)

were calculated; their histograms along with pertinent statistics are presented in the
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bottom row of Figure 9. It indicates that the concise shortcut Kalman filter resulted in
better performance for all variables. This case study indicates that the shortcut DDR and
Kalman filters have equivalent or better performance than their complete formats for
nearly all controlled variables. The better performance results from the ability of the
shortcut formats to overcome the process model prediction errors occurring in the
evaluation of the intermediate variables in their complete formats. The two shortcut

filters can be reliably and more easily used to deal with autocorrelated noise.

5 CONCLUSION

Using a dynamic data reconciliation filter is an effective approach to reduce
measurement noise inside control loops. It uses information from both measured values
and model predicted values, such that the filtered data better represent the current state of
the process. In this article we have developed a convenient predictor-corrector form for
the DDR filter, along with expressions for estimating the covariance of the filter
predictions. Modifications of both filters have been introduced to allow application to
situations involving autocorrelated measurement noise. In cases where the process can be
adequately described by linear models with white Gaussian measurement and model
noise, the DDR and Kalman filters are essentially equivalent, differing only in the
information required and the manner of calculating the filter gain. When the process is
nonlinear, DDR can be applied directly using the nonlinear models, albeit numerical
solution of the model equations is required, while an extended Kalman filter is required.
In cases involving autocorrelated measurements, the modified DDR filter has a potential
computational advantage over the augmented Kalman filter. For cases involving
autocorrelated measurement noise, an effective shortcut procedure was developed to
simplify implementation. In all but one case, the shortcut method was shown to provide

equivalent or better performance than use of the complete format in our simulations.
The effectiveness of both filters as part of a feedback control system for a binary

distillation column has been demonstrated via simulation. Differences in performance

were observed due to differences in the calculation of the filter gains. In practice the
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covariance information required for setting up the filter may not be easy to obtain.

Consequently, it is recommended to assume that the covariance matrices are diagonal and

to use the diagonal elements as tuning parameters to achieve acceptable performance.

Simulations showed that this procedure was effective.

NOMENCLATURE

SERCET L I

s
- w) o

A R

<

SE :

Matrix of coefficients in process state models
Matrix of coefficients in process state models
Matrix of coefficients in measurement models
Flow rate of column feed stream, (kmol/h)

Column base level, (m)
Reflux drum level, (m)
Matrix of Kalman gain

Matrix of DDR gain

Mean square errors

Covariance matrix of prior estimation error
Covariance matrix of posterior estimation error
Order of measurement noise model.

Covariance matrix of model prediction error

Covariance matrix of process noise

Column bottom temperature, (°C)
Column top temperature, (°C)
Vector of manipulated and disturbance variables

Covariance matrix of the measurement noise

Vector of process noise defined in Kalman filter
Vector of the true values of process variables at time t
Vector of reconciled values of the measured process variables

Vector of measured values of process variables
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y.:  Vector of model predicted values

Creek letters

g,:  Vector of random variables representing measurement noise

€,.  One-step-ahead prediction for measurement error

8,:  Vector of random variables representing model prediction errors

€.  Estimation error by the DDR algorithm

o Functional form of process estimator
®,: Matrix of coefficients in measurement noise model
a,: Vector of white Gaussian noise
Standard deviation of the raw measurements
A Autocorrelation coefficient
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APPENDIX A
Taking the derivative of the objective function given by Equation (12) with

respect to x,, and setting it equal to zero yields

T lronr ar. ot vl
'aTt_’_z_[V (yt_xt)+R (yt—Xt)]—O (Al)

Solving Equation (A1) yields

%, =(V'+RDH(V'y, +Ry) (A2)
Expanding Equation (A2) gives

% =(V'+R)'Vy, +(V+R")'Ry, (A3)
Adding and subtracting (V"' +R™)"'V'y, to the right-hand side of Equation (A3) gives

& = (VAR Vy, + (VI +R) (VI +RD) -V 3,

£, =(V'+R)'Vly +§, - (V'+R)'V'y,

X, =y, +(V'+R)'V(y, -3,)

X =y, +K@.-¥) (A4)
where,

K=(V'+R")'V'=(I+VR")" (A5)
Equations (A4) and (AS) express the predictor-corrector form of the DDR algorithm.

APPENDIX B

Consider the noise term ¢, of the measurements y, in Equation (24) to be
autocorrelated, and that it can be described by a linear model driven by white Gaussian

noise, oy. The transfer function of €,, in the z-domain can be written as

_eu(@ _ L, P@)
G@) S =D+ o (B1)

where D is a constant and ®(z) and Y(z) are two polynomials in z given by
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@@:imi, (B2)

L1
Y(z)=2z" +Z az (B3)
i=0

with H<L . The model of g,, given by Equation (B1) can be transformed into a state-

space representation as

xs,t = Asxe,t-l +rsat-1 (B4)

Eppy = C.x,, +Da, (BS)

where x,, represents state variables of the noise. Matrices A, I', and C, can be

represented in the control canonical form

0 1 0 0 0
0 0 1 .. O 0
A=t L=} (B6)
-a, -a; -4, “ay, 1
C,=[b, b, .. by 0 .. 0] (B7)

It is now possible to define a new state vector comprised of the model and the noise state

variables

The combination of Equations (23), (24), (B4) and (B5) gives a new process

state/measurement model that accounts for the autocorrelated nature of measurements
., [A 0], [B I o] .
X, = 0 A Xt 0 u,_, + 0T, Wi (B8)
y. =[C E]x{ +¢g, (B9)

* wt_1 0 * T . *
where w,_, = , E= c | and €, = [8“ € - Eni Da,:] . Since both w,
t-1 €

and ¢ are white noise in the new process state/measurement models, the augmented

Kalman filter can then be implemented by steps described by Equations (25-31).
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For example, assume a state-space model for a two-output one-input system is given by

x| [07 07[x] [0 0111

= + ut—1+ (Blo)
X | L0 06] X5 | [0 )11
(v ] [1 0][x €, |
i | _ } || B (B11)
| Yau | [0 1| X €t |

where &,, and §,, are white noise. The measurement noise affecting the two outputs is a
white Gaussian noise €, and an autocorrelated noise €,,. The autocorrelated noise is

given by the following model

€, =08, ,+0.1g,, , +a, (B12)

where o, is white Gaussian. The transfer function of Equation (B12) can be written as

G-t ®13)
T a, 1-08z'-0.1z7 z°-0.8z-0.1
The transfer function of (B13) can be reorganized as
0.8z+0.1
G@)=D+—"—"— B14
@ 2z’ -0.82-0.1 (B14)

where D=1. Following the procedures described by Equations (B1-B7), the coefficients

are b, =0.1, b, =038, a, =—-0.1, a, =-0.8. The matrices are consequently

0 1 0
Asz{ } re{ };Cs:[o.l 0.38].
0.1 08 1

Therefore, the state-space model for the autocorrelated measurement noise is given by

X, 0 1 [ Xgpqo 0
M= S o, (B15)
Xeat 0.1 0.8} X 1
Xsl,t
€,, =[0.1 O.S{X }+oct (B16)
€2,t

Combining the two state-space models, (B10), (B11), (B15) and (B16), gives the new

state-space model as
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X,, 07 0 0 01 x,., 0 1 00 5
X, 0 06 0 0| x,,,]| {01 o1 of_ "
= ’ + u,, + 8,
X 0 0 0 1 [x4. 00 Oof >
(0 4
X, 0 0 01 08|xX.,. 00 1[- "
LTS
Yie | 1 0 O 0 | Xo, + €4
Vau 0 1 01 08jxg, o,
X

€2,t

where both €,, and o, are white.

APPENDIX C

The linear empirical input-output models identified for the distillation column

were:

Hp, - Hp,,=— 9.058x10°D,, — 9.058x10”R,,+2.112x10°Q,, + 1.06x10°Q,, (C1)

Ty, —0.9414T,, = —5.64x10°R,, —4.332x10°R ,+2.5%10°Q,

(C2)
-1.184x10"F_, —2.368x10"F,,
H,, —H,,,= 1.023x10°R,, -1.152x10°B,, -2.056x10°Q,, ~1.028x10°Q,, ©3)
+7.942x10*F,,+3.971x10°F,,
T,, —0.9228T, ,=—0.011R,, —0.00385R ,+4.867x10°Q,, +6.084x10"Q,, C4)

—7.583%x10°F,,

where Hp, is the liquid level of reflux drum at sampling time t, m; T, the top

temperature of the distillation column, °C; Hy, the liquid level of column base, m,

T, the bottom temperature of the distillation column, °C; D, the distillate flow rate,

kmol/h; R, the reflux flow rate, kmol/h; B, the bottom product flow rate, kmol/h; Q, the

reboiler heat duty, MJ/h; and F, the feed flow rate, kmol/h. All the variables are in their

deviation forms.
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Preface

Process dynamic models, as an integral part of the DDR algorithm, provide
redundant information to improve the estimates of the state variables obtained from
measurements alone. The degree of improvement will depend upon the accuracy and
precision of the model predictions. Phenomenological models are often unavailable or
too complex for use in DDR and a variety of simpler black-box models could potentially
be used. Chapter 5 investigates the impact of the structures of black-box models on the

performance of DDR.

ABSTRACT

Dynamic Data Reconciliation (DDR) is a technique used to estimate the true
values of process variables when plant measurements are corrupted by measurement
noise. DDR integrates information from both measurements and process models such that
the reconciled values become more reliable and better represent the current state of the
process. Process models play a key role in the performance of DDR. Empirical or black-
box models are identified and used in the DDR when phenomenological models are
unavailable, impractical to obtain, or whose solutions require excessive computation time
for real-time applications. Black-box models usually have higher degree of uncertainty
and use a wide variety of structures. This article examines the impact of model structure
on the performance of DDR, and more importantly, on the performance of controllers
when the DDR is embedded inside feedback control loops. Simulation results of a binary
distillation column demonstrated that the model structure can have a major impact on the
performance of DDR. The DDR using simple linear models can successfully attenuate
the noise propagation; however, further significant improvement of DDR performance

can be achieved if more advanced models such as nonlinear models are used.

Keywords: Dynamic data reconciliation, Black-box models, Model structure, DDR

performance, Controller performance
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1 INTRODUCTION

Modern chemical plants employ a large quantity of sampled data for online
process monitoring, control, optimization and management decision making.
Unfortunately, the sampled measurements are usually corrupted by measurement noise.
Information quality, abstracted from the noisy measurements, is reduced and, as a result,
the performance of process control and optimization strategies, for example, is often
affected. Data reconciliation is a technique used to reduce the impact of measurement
noise by integrating information from both measurements and process models. In the past
decade, the benefits of applying data reconciliation to steady-state processes have
triggered some researchers to extend this technique to dynamic processes (e.g., Darouach
and Zasadzinski, 1991; Liebman et al., 1992; Ramamurthi et al., 1993; Albuquerque and
Biegler, 1996; Bagajewicz and Jiang, 1997, Binder et al.,, 2002). Mathematically, the
estimates of measured and unmeasured process variables or model parameters by
dynamic data reconciliation (DDR) are obtained by solving the constrained least-squares

optimization problem,

N
Minimize  J(.2) =3[ (5. -%) V(. -%,)] )
t=0
subject to f{é,i,i}zo
dt
g(%2)=0
h(x,2)>0

where y, is a vector of measured values of process variables at time t , X, is a vector of
reconciled values of the measured process variables, z, is a vector of estimates for

unmeasured process variables and/or model parameters. V is a covariance matrix of the

measurement noise, f represents a functional vector of dynamic process models, g and

h represent functional vectors of process equality and inequality constraints. N represents
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the number of sampling periods representing the window over which the dynamic process

is considered for each evaluation.

Although solutions to the optimization problem of Equation (1) for dynamic data
reconciliation have been well established in the literature, the DDR problem formulated
by Equation (1) suffers from several shortcomings. First, it assumes the process models
represent the true dynamics of the process, and the reconciled data satisfy exactly the
models despite model uncertainties. Second, first-principle models, such as reaction rate
equations, must be available for the DDR. Unfortunately, such phenomenological models
are rarely available for chemical plants. Third, online computation time is large in solving

the dynamic optimization problem.

Accordingly, Hodouin and Makni (1996) used empirical dynamic models coupled with
steady-state mass conservation equations for online reconciliation of mineral processing
plant data. Bai et al. (2005) employed linear empirical (black-box) models for DDR when
phenomenological models were too cumbersome to obtain for the data reconciliation and
the performance of data reconciliation was compared to that of exponentially weighted
moving average (EWMA) and moving average (MA) filters. Unlike phenomenological
models, black-box models have a higher degree of uncertainty or model mismatch in
approximating a real plant and, as a result, process data need to be reconciled by finding a
judicious compromise between the measured and model predicted values. In addition,
black-box models usually display a wide variety of structures which can be linear or
nonlinear. This work examines the impact of model structures on the performance of
DDR. In particular, the performance of DDR algorithms embedded inside feedback loops
is studied. Section 2 presents the DDR algorithm based on statistical properties of both
measurement and model errors. Section 3 describes different model structures that are
tailored for the DDR algorithm. In Section 4, implementations of the DDR strategies are
demonstrated through a simulation example consisting of a binary distillation column
with four PI control loops. Section 5 summarizes this paper and presents some

conclusions.
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2 DYNAMIC DATA RECONCILIATION

For a plant with M measured variables, without systematic bias or serial
correlation, at sampling time, t, it is assumed that the M measured values are given in the

additive noise form

yt =Xt +81 (2)

where y, is a Mx1 vector of the measured values for the M variables, x, is a Mx1 vector
of the true values for the M variables, and &, is a Mx1 vector of random variables
representing measurement noise, assumed to be Gaussian white noise, i.e. €, ~ N(0, V).
Based on Equation (2), E(y,) =x,, simply shows that the measurements are unbiased

estimates of the true values. In order to obtain more precise knowledge about the current
state of the process, prior information is required in addition to the raw measured values.
This prior information can originate from previously identified dynamic process models;

then x, can be explicitly estimated from model predictions (e.g., one-step-ahead
predictions), ¥,. The information from the model predictions can be combined with the

information from the measurements to give better estimates of x,.

Because no mathematical models are perfect, model predictions contain some degree of

model mismatch. It is assumed that the model predictions, y,, can be written in the

additive noise form

Y. =x,+8, ®3)

where §, is a Mx1 vector of random variables representing model prediction errors,

which are complex functions of factors such as inappropriate model forms, uncertainties

in model parameters and inaccurate measured input variables. For simplicity, 6, is
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assumed to be Gaussian white noise, i.e. 8, ~ N(0, R) . At sampling timet, y, and y, are
known. The most likely values of x,, in other words, the “best” estimates of x,, can be

obtained by simultaneously minimizing the weighted sum of squared measurement and

model errors such that

Minimize J&,) = [y, - %) V'0. -2 )+ 6. -2 R'G.-3)] @)
Solving the optimization problem and rearranging the result give (see Appendix A)

X, =y +K(@y,-y) (5)
where K= (V' +R")'V' = I+ VR™")"?, and L is the identity matrix.
The estimation error by the DDR algorithm is given by

£ =X —x 6
Putting Equation (5) into (6) and using Equations (2) and (3) give

£ =9, +K(g, -6,) @)
Taking expectations of both sides of Equation (7) yields

E[€,]1=KEl[e,]+(I-K)E[3,] (®)
Since E[g,]1=0 and E[3,]=0, thus E[§,]=0 . Therefore the DDR algorithm is an

unbiased estimator. From Equation (7), the covariance matrix of the estimation error can

be given by

131



V(E,)=K"V(e,)K+(I-K)' VE,)I-K) ©)

Putting V(g,) =V, V(5,)=R and K=(V'+R"')'V" into Equation () and rearranging

yield
VE)= (V' +R) (10)

Because both V and R are symmetrical and positive definite matrices, the elements of
V(E,) are smaller than those of V and R, meaning that the combination of the
measured and model predicted values results in more precise estimates than using only
one of them. For a single variable, the variance of the reconciled values as a function of
the variance of its measurements and the variance of model predictions are plotted in
Figure 1. It shows that the variance of reconciled values increases with the increase of
both variances of measurements and model predictions. However, it is always less than

both variances individually.
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Figure 1 Contour plot of the variance of reconciled data as a function of variances of raw

measurements and model predictions.
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It should be mentioned that the model prediction errors are assumed to be Gaussian white
noise in the derivations of the DDR algorithm. Nevertheless, this is rarely the case and
statistical properties of the model errors, such as its covariance matrix R, are difficult to
evaluate in practice. Consequently, elements in R are usually treated as tuning
parameters. In other words, the gain matrix of the DDR can be treated as tuning
parameters. Moreover, the DDR algorithm assumes both model predictions and
measurements are within their variable lower and upper bounds. It cannot handle the

situation where the model predictions and measurements are outside of their constraints.

Equation (5) indicates that the estimates (or reconciled values) of the current state of the
process variables are comprised of two terms that are respectively the model predictions,

¥,, and the measurement corrections, K(y, —¥,). The predictor-corrector form of the

DDR has the same form as the Kalman filter (KF). Therefore, it is interesting to compare
the two algorithms. For cases where a process can be described by a linear state-space
model driven by white Gaussian noise and all state variables of interest are measured, it
can be shown that the KF gain matrix reduces to the DDR gain matrix and the covariance
matrix of filtered values obtained by the KF leads to Equation (10). Because the DDR
algorithm can use a wide variety of process models that can be phenomenological or
empirical, dynamic or static, continuous or discrete, linear or nonlinear, whereas the use
of the KF is limited to process state-space models, the KF can be seen as a subset of the
DDR algorithm. The DDR can therefore be viewed as a more generalized model-based

filter.

3 STRUCTURES OF BLACK-BOX MODELS

The DDR algorithm requires process models to provide redundant information on
the measured values. Reliable models undoubtedly play a predominant role in the
estimation of the true values of process variables using DDR algorithms. Black-box
models are certainly the prime choice to encapsulate the dynamic behavior of a process

when phenomenological models are unavailable or impractical to use or derive.
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3.1 Linear models

Linear models, such as first-order-plus-dead-time (FOPDT) or pure-integrator-
plus-dead-time (PIPDT) models, are the most commonly used models in chemical
engineering as they are usually able to adequately capture the underlying dynamic
behavior of a process in the vicinity of the operating point with a relatively small number
of parameters. The FOPDT models in both the Laplace and z domains for a single-input

single-output (SISO) process are given by

Ko™ . Gz
P u(s) : Yt=( 0 1 )
s+ 1

y(s) = u, (1

1-a,z"

where u is the input variable, Kp the gain of the process, 0 the dead time and t the time
constant. In the discretized form, the model parameter p=INT(6/At) with At the
sampling time interval. Other parameters are related to the Laplace domain equation as
follows: a, =e ™", b, =K, (1-e ™) and b, =K (e —e"™*'") where Ais the

remainder of the division, A = REM(6/ At) . Similarly, the PIPDT models are given by

K, e®* ~ (b, -bz")z?!
P U(S) : V.= ( 0 1 »1)
S 1-2z

y() = u, (12)
where b, =K, (1-1)At and b, =—K_ AAt. The FOPDT and PIPDT models are usually

identified using a process reaction curve method (Marlin, 2000). For multiple-input
multiple-output (MIMO) processes, the linear superposition property of the step

responses is often assumed for each output variable.
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In addition to these two simple models, more complex linear models, such as high-order
auto-regressive with exogenous inputs (ARX), auto-regressive moving average with
exogenous inputs (ARMAX), or Box-Jenkins models, can also be considered. Detailed
descriptions and techniques for identification of these linear models can be found in

Ljung (1999).

3.2 Nonlinear models

A linear model often provides a good representation of the plant in the close
vicinity of its nominal operation point. However, for highly nonlinear processes, linear
models are unable to provide accurate predictions over a wide range of the operating
region. Therefore, nonlinear models are required. Although several structures of
nonlinear models have been proposed in the literature (e.g., Henson and Seborg, 1997),
feedforward neural networks have the advantage of providing more representative
nonlinear models that can more accurately capture the underlying dynamics of the

process (Zhu, 2001).

The procedure to identify a neural network model is identical to that of the identification
of linear models. A neural network is a black-box model that can be used to map past
inputs and outputs of the process into the current output. A schematic representation of a
neural network used as a one-step-ahead predictor is shown in Figure 2. It consists of an
input layer, an output layer and one (or more) hidden layers. The neurons in the input
layer simply store and redistribute the past inputs and outputs of the process to the first
hidden layer. The neurons, except the bias, in the hidden and output layers perform a
nonlinear transformation of weighted sum of neuron outputs in the previous layer.

Mathematically, the output of a neuron 7 in the hidden layer is given by

v, :f(ci +> Wy +Zwi’kut_d_kJ (13)
= k=0
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where f represents a differentiable nonlinear function (e.g., sigmoid), W, ;, w;, and c;

are the weights associated with the connections for the past outputs, the past inputs and
the bias, respectively, r is the order of the autoregressive term, s is the order of the
moving average term and d is the time delay for the process input variable. The values of
r, s and d are problem dependent and determined experimentally. The output of the neural

network, as a one-step-ahead predictor, is given by

V. :g((p+i®ivi) (14)

i=l

where ©, and ¢ are the associated weights to each of the neuron connections and the bias

respectively. q is the number of neurons in the hidden layer, which must be determined

by trial and error. The function, g, can be either a linear or nonlinear function.

Figure 2 Architecture of feedforward neural networks for model identification.

A neural network has to be trained to produce the desired outputs corresponding to

associated inputs. In training a neural network, the mean squared prediction error
1< A \2
J(w:w:c’®’ (P) = EZ(yt _Yt) (15)
t=0

is minimized using alternative nonlinear optimization algorithm where L is the total

number of data points used for training. Among training algorithms, backpropagation is
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the simplest method. However, more advanced training algorithms such as quasi-Newton
or Levenberg-Marquardt methods are most often used for faster convergence. The

extension of neural networks for MIMO process model identification is straightforward.

The training of the neural network can be performed in two manners: (i) using only
measured input and output variables as inputs to the neural network as presented in
Figure 2 and, (ii) using the measured input variables and time-delayed predicted outputs
as inputs to the neural network. The first approach rarely leads to a robust predictor,
especially for the case where the sampling period is short, because the predicted output is
always very close to the most recent past measurement. The second approach provides a
accurate predictor because the network is able to perform a multi-step ahead prediction

given future inputs (Thibault, 1991).

4 SIMULATION EXAMPLES

The DDR strategies were implemented in closed-loop control of a binary
(benzene/toluene) distillation column, shown in Figure 3, via simulation. The distillation
column has four PI control loops. Controllers TIC-D and TIC-B are used to control
column top and bottom temperatures by manipulating reflux flow rate and flow of steam
to the reboiler, respectively. Controllers LIC-D and LIC-B are used to control reflux
drum and column base liquid levels by manipulating distillate flow rate and bottom
product flow rate, respectively. A sampling period of 30 seconds is used. The dynamic
distillation simulator was based on rigorous distillation models, (i.e., mass and heat
balances, vapor-liquid equilibrium, and tray hydraulics). The nominal steady-state values

for all measurements and their noise levels are listed in Table 1.

Table 1 Nominal steady-state values and noise levels of measured variables

Measured variable Units Steady-state values  Standard deviation
Reflux drum level, Hp cm 50.0 2.0
Column top temperature, Tp °C 84.2 0.25
Column base level, Hg cm 70.0 2.0
Column bottom temperature, Tg °C 1174 0.25
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Figure 3 Schematic diagram of the distillation column.

The tuning parameters of the four PI controllers were obtained by minimizing the overall

cost function of the control system

O(Ko, ) = i[ai(x; Cx A+ B (s, —ui,t_])zm} (16)

i=1 t=0

138



when the distillation column was disturbed by a series of controller setpoint changes as
listed in Table 2. In Equation (16), x;, represents the true value of controlled variable i,
x;, the setpoint for controlled variable i, and u,, the manipulated variable for control
loop i. The weighting factors, o, for all the ISE terms were set to 0.15 while the
weighting factors, B,, for all the ISDU terms were set to 0.1. The selection of the
weighting factors for ISE and ISDU is a trade-off between the dynamic response of the
controlled and manipulated variables. The optimization was carried out using a quasi-
Newton method with simple lower and upper bounds. The optimal controller parameters,
obtained for ten different Gaussian noise sequences, are presented as Case I of Table 3.
The integral times for the controllers reached their lower bounds which were set to 15
min for the LIC-D loop and 5 min for the other three loops. The resulting values of ISE
and ISDU for each controller, as well as the overall cost function of the control system

are presented as Case I of Table 4.

Table 2 Controller setpoint changes in the distillation column.

Setpoint changes of controllers

Time, min LIC-D TIC-D LIC-B TIC-B
(cm) 49 (cm) CO)

0 50.0 84.2 70.0 117.4
90 70.0 84.2 70.0 115.0
180 70.0 88.0 70.0 115.0
270 70.0 88.0 50.0 118.0
360 40.0 88.0 50.0 115.0
450 70.0 88.0 50.0 117.4
540 70.0 84.2 70.0 117.4
630 70.0 88.0 70.0 117.4
720 50.0 88.0 40.0 117.4
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Because the presence of measurement noise in the controlled variables inevitably
deteriorates the controller performance, three different DDR algorithms were
developed for the distillation column. The DDR algorithms, as filters, were embedded
inside feedback control loops to reduce the noise propagations as depicted in Figure
4 where the raw measurements were first reconciled before they were used to

calculate the control moves.

Disturbances
1 Controlled
Setpoint output
Controller |j=—p] Actuator j=p| Process >
Reconciled data Raw Measurements

Figure 4 Scheme of DDR algorithm embedded inside feedback loops.

4.1 Linear DDR

To implement a linear DDR into the control system, FOPDT or PIPDT
models (see Appendix B) around the nominal steady-state were first identified for
each controlled variable. The DDR algorithm for the distillation column can be

written in the compact form

- . SRR
H;J’t Hp, H;t Hp,
T" T ™ T

b= 2H+K T Dl - Rl 17
HB,t HB,t HB,t HB,t
T];" TB,t Tg"t TBt

where H, is the reflux drum liquid level, T the top temperature, H, the column

({94

base liquid level and T, the column base temperature. The superscript “r” represents

the reconciled values, “m” the measured values, and “ A” the model predicted values.
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K is the gain matrix of the DDR treated as tuning parameters and assumed diagonal
in this case study. The diagonal elements in K were obtained by minimizing
normalized mean squared errors between the reconciled and the true values when the
column was submitted to the series of controller setpoint changes listed in Table 2,
ie.

Minimize ¥(K) = ilﬁi(x_ghj ] (18)

i=1 t=0

where the weighting factor o, is the standard deviation of the raw measurements for

variable i used to normalize the values of MSE. It is important to note that the true
values of controlled variables are exactly known in the simulated case studies. With
the true values, it is possible to compare without any prejudice the various algorithms
and to assess their performance. However, for implementation of the DDR in a real
plant, one cannot tune the DDR gain using the criterion of Equation (18). However,
this does not impede the use of DDR algorithms because the calculations of
reconciled values using the DDR do not require the true values. In practice, statistics
of residuals between the reconciled and the measured values could be used in
hypothesis tests to determine the DDR gain. Being white noise with mean zero and
variance close to that of the raw measurements for the residuals would be a sign of

good performance of the DDR algorithms.

The optimal linear DDR gain matrix was obtained for ten different Gaussian random
noise sequences, and the average values plus and minus one standard errors of all

diagonal elements of K were

H, T, Hy Ty
0.2040.003 0 0 0
2 0 0.67 £0.003 0 0 (19)
0 0 0.20+0.003 0
0 0 0 0.66+0.005
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The values of the DDR gain in Equation (19) indicate that higher confidence was put
on the model predicted values in reconciling the variables of reflux drum level and
base level, whereas, higher confidence was given to the raw measurements in
reconciling the top and bottom temperatures. With the DDR in the control loops, the
controller parameters were re-optimized by minimizing the objective function of
Equation (16) with the identical series of controller setpoint changes. The optimal
values of the controller parameters for the same ten Gaussian noise sequences are
presented as Case II of Table 3. The controller gains for LIC-D, TIC-D, LIC-B and
TIC-B were increased by factors of 1.6, 1.3, 1.8 and 1.4 respectively, while the
integral times remained unchanged, meaning that the controllers became more
aggressive with the embedded linear DDR algorithm. The corresponding values of
ISE and ISDU for each controller, as well as the overall cost function of the control
system, are presented as Case II of Table 4. Compared to Case I where no DDR was
used, the values of ISE and ISDU for the two liquid level controllers were reduced by
magnitudes of 36~46%, while the values of ISE and ISDU for the two temperature
controllers were reduced by magnitudes of 15~18%, and the overall cost function of

the control system was reduced by 28%

Table 4 shows that the controller performance was significantly enhanced by the
DDR, because the DDR was able to attenuate the measurement noise, resulting in
improved information quality for the controllers. The normalized mean squared errors

of the reconciled data, i.e. the ratio of the variance of the reconciled data to that of

measurements for each controlled variable, (MSE),/c?, are presented in Table 5.

The DDR using the linear models yielded relatively larger (MSE), /o values for the

two temperatures than for the two liquid levels. These values are consistent with the

DDR gains in Equation (19). A larger DDR gain coincides with a larger value of
(MSE), /c? .
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Table 5 Values of (MSE), /o’ for each controlled variable (Values listed are sample

means plus and minus one standard error based on 10 random noise sequences).

(MSE), /c? + standard error

DDR

Hp Tp Hg T
Linear 0.13+0.005 0.50+0.013 0.13+0.004 0.48+0.011
Adaptive Linear 0.13+0.005 0.42+0.006 0.13+0.003 0.35+0.009
Nonlinear 0.12+0.004 0.16+0.003 0.13+0.03 0.12+0.003
4.2 Adaptive linear DDR

The above results showed that the linear DDR performed better for the two
liquid levels than for the two temperatures. The performance of the DDR relies on the
accuracy of the associated process models and it is believed that the dynamic
responses of the two temperatures are too nonlinear to be adequately represented by
simple linear models. To investigate the dynamic features of the two temperatures, a
series of FOPDT models for the top and bottom temperatures relating to the reflux
flow rate and the reboiler heat duty, respectively, were identified over a wide range of
operating points. The static gains and time constants of the FOPDT models are
presented in Figures 5. These figures clearly show that the model parameters change
considerably with a change of operating point. The dynamic behavior of the two
temperatures is nonlinear. The nonlinearity of the two temperatures lies in the fact
that the top temperature could never decrease below the boiling point of pure
benzene, and the bottom temperature could never exceed the boiling point of pure
toluene under the given column pressure. Consequently, adaptive linear models were

developed to improve the DDR performance for the two temperatures.
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Figure 5(a) Static gain and time constant of FOPDT models

temperature over a range of operating points.
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Figure 5(b) Static gain and time constant of FOPDT models for bottom temperature

over a range of operating point.

At each operating point, the FOPDT models for the top and bottom temperatures

presented in Figures 5(a) and 5(b) were discretized by z-transformation, resulting in a

series of discrete models with different values of coefficients a;, bo and b; (see

Equation (11)). Next, fitted straight lines were used to approximate these coefficients

as functions of the operating temperatures. For the top temperature, the adaptive
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linear model representing the collections of these linear models relating to the reflux

flow rate was

., (~0.0048T,,  +0.395)z"
P47 1-(0.0098T,, , +0.0471)z "

(20)

where the model predicted top temperature, T];,t , and the reflux flow rate, R, are in

their deviation forms. For the bottom temperature, the adaptive linear model relating

to the reboiler heat duty was

f _(C0.0838T,,, +10.112)x107Z"
BT 1-(=0.022T, ,, +3.453)z

Q @21

where the model predicted bottom temperature, T, , and the reboiler heat duty, Q,,

are in their deviation forms.

Using the adaptive linear models, the gain matrix of the DDR was re-tuned by
minimizing the objective function of Equation (18) under the same conditions of
controller setpoint changes. The average values plus and minus one standard errors of
the diagonal elements of the gain matrix for the same ten Gaussian random noise

sequences were

0.20+0.003 0 0 0

_ 0 0.56+0.003 0 0

K= (22)
0 0 0.20+0.003 0
0 0 0 0.51+0.005

The gains of the adaptive linear DDR for the top and bottom temperatures were
decreased, compared to the case of linear DDR, indicating more confidence was put

on model predicted values in the adaptive linear DDR algorithm. The gains of the
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DDR for the two liquid levels were unaffected since process models for the two liquid

levels used in the DDR were unchanged. The (MSE), /o value for each variable is

presented in the second row of Table 5. The (MSE), /o values for the two

temperatures decreased, meaning that the adaptive linear DDR resulted in more
accurate estimates than the linear DDR. With this new DDR algorithm embedded in
feedback loops, the four controllers were re-tuned by minimizing the overall cost
function under the same conditions. Results of the controller parameters for the ten
Gaussian random noise sequences are presented in Case III of Table 3, and the
corresponding ISE and ISDU values for each controller are presented in Case III of
Table 4. The controllers for the two liquid levels were essentially unaffected, while
the controllers for the two temperatures became more aggressive, compared to the
case where linear DDR was used. The values of ISE and ISDU for the two
temperatures were reduced by 10~16%, and the overall cost function of the control

system was reduced by 8%.

4.3 Nonlinear DDR

Both the gain of the adaptive linear DDR and the (MSE), /c; values in Table
5 indicated more comprehensive models are required to further improve the DDR
performance for the two temperature control loops. Consequently, to more adequately
capture the nonlinear dynamics of the two temperatures, the use of neural network
models was explored. Under open loop conditions, the distillation column was
excited by a series of random step changes in the input variables. Using this data set,
a neural model having eight neurons in the input layer (including bias neuron), eight
neurons in the hidden layer and one neuron in the output layer was developed for the

top temperature. This neural network can be expressed as

TD,t = N(TD,t—l’Rt—l’ s Ryss Qt—l""’ Qz~3) (23)

where N represents the nonlinear transformations. Another neural model having six

neurons (including the bias neuron) in the input layer, eight neurons in the hidden
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layer and one neuron in the output layer was also developed for the bottom

temperature. This neural network can be expressed as

TB,z = N(TB,t—l’ R, ’Rt—7’ Qt—l > Qt—Z) (24)

Figure 6 presents the plots of the true and the model predicted values of the two
temperatures. The first 750 data points were used for training whereas the remaining
300 points were used for validation. This figure shows the neural models performed
well in capturing the underlying dynamics despite the high nonlinearity of the

process.
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Figure 6 True values and predicted values for the top and bottom temperatures in

network training and validation.
Using the neural models for the two temperatures, the DDR gain matrix was retuned

under the same conditions. The gain matrix for the nonlinear DDR obtained for the

same ten Gaussian noise sequences was
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0.20+0.003 0 0 0
_ 0 0.2440.003 0 0
K= (22)
0 0 0.20+0.003 0
0 0 0 0.20+0.003

Compared to the gain matrix of the adaptive linear DDR, the nonlinear DDR gain for
the two temperatures was further reduced, meaning that more confidence was put on

the model predictions in the nonlinear DDR. The corresponding (MSE), /c} values

of the reconciled data are presented in the third row of Table 5. The (MSE), /o

values for the top and bottom temperatures decreased significantly, meaning that the
nonlinear DDR resulted in better estimates of these two controlled variables than the

adaptive linear DDR.

Embedded with the nonlinear DDR, the controller parameters were re-optimized
again under the same process perturbations. Results of the controller parameters, the
associated ISE and ISDU values, as well as the overall cost function of the control
system for the same ten Gaussian noise sequences are presented in Case IV of Tables
3 and 4, respectively. Compared to Case III, the controllers of the top and bottom
temperatures were changed considerably, while the controllers for the two liquid
levels were affected only slightly. The gains of the controllers for the two
temperatures increased, and the resulting ISE and ISDU values for the top and bottom
temperatures decreased significantly. The overall cost function of the control system
was reduced from ®=5.58+0.01 to ®=5.18+0.01, a 7% reduction with the

nonlinear DDR compared to the adaptive linear DDR.

The true values, the reconciled values by the nonlinear DDR and the raw
measurements for the four controlled variables, along with the control moves for the
sequences of controller setpoint changes are presented in Figure 7. These figures
show that the reconciled values were less noisy than the raw measurements and
performed very well in tracking the true values of the controlled variables so that the

differences between the reconciled and the true values are very hard to discern in the
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figures. In addition, the control moves displayed relatively smaller variations with the

embedded nonlinear DDR.

m
< @
) o0

1 1

Reflux drum level, Hy,,
e
~

Reconciled

True

——-——"-- Setpoint

Pl controller: LIC-D
K = -66.3 kmol.h-1.m-1
7;=15.0 min

w130

-40 =
3
£
-
a
-3
Q
&=

120
=

10 &

Top temperature, Tp, °C

PI controller: TIC-D
K¢ =-3.4 kmolh-1.0C-1
TI = 50 mm

=
]
=}
E
£
-9
g
=
St
g
60 2
[}
=
&=
50 g

0 60 120 180 240 300 360 420 480 540 600 660 720 780
Time, min

Figure 7(a) Closed-loop performance of nonlinear DDR and controllers LIC-D and

TIC-D when the distillation column submitted to a series of controller setpoint

changes. The dashed line for the manipulated variables represents the control moves

without DDR.
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Figure 7(b) Closed-loop performance of nonlinear DDR and controllers LIC-B and
TIC-B when the distillation column submitted to a series of controller setpoint
changes. The dashed line for the manipulated variables represents the control moves

without DDR.
The above case studies indicate a better model can improve the performance of DDR,
causally resulting in better control of the process. For the distillation column, the

performance of the control system was studied when “perfect” models were assumed
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and used in the DDR so that the measurement noise was completely eliminated by the
DDR. In other words, the performance of the control system was investigated without
measurement noise. In this case, results of the optimum controller parameters are
presented in Case V of Table 3 and the corresponding ISE and ISDU values as well as
the overall cost function are presented in Case V of Table 4. Under the ideal
conditions, as expected, the gains of the controllers, except for the reflux drum level,

increased significantly. The values of ISE and ISDU for each controller decreased.

The overall cost function of the control system reduced from ®=5.18+0.01
to® = 4.80, leaving a margin of 8% to be improved between the nonlinear DDR and
the “perfect” DDR. The overall cost function with the “perfect” DDR represents the
ideal targets of the control system. The margins between the achieved overall cost
functions without DDR, with linear DDR, adaptive linear DDR and nonlinear DDR to
the ideal targets are presented in Figure 8. This figure shows that even with the linear
DDR, the margin was remarkably reduced, a 65% reduction, compared to the case
without DDR. However, the gap was further reduced by 79% and 90% respectively
with the adaptive linear DDR and the nonlinear DDR.

4
AD=3.64
3 u
S
<
a 2
1
&
p= AD=1.26
11 AD=0.78
,,,,,,,, AD=0.38  geq) (arget,
0 AD=0
No Linear Addaptive Nonlinear "perfect"
DDR DDR Linear DDR DDR
DDR

Figure 8 Margins between the achieved overall cost functions to their ideal target.
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5 CONCLUSION

Dynamic data reconciliation was found to provide an effective approach to
estimate the current state of a dynamic process by integrating information from both
measurements and underlying process models so that controller performance can be
significantly improved. When phenomenological models are unavailable for a
process, black-box models such as linear or neural network models can be identified
and used in the DDR. The structures of black-box models have considerable impact
on the performance of the DDR. Indeed, a DDR using simple linear models can
successfully attenuate the measurement noise. Further improvement of the DDR
performance can be achieved using more comprehensive models that can more
efficiently capture the underlying dynamics of the process. The use of simple linear
models is first recommended, and then more advanced models can be used if
additional noise reduction is required. The trade-off between the noise reduction and
the engineering effort in model identification will invariably depend on the judgment

of an expert in a plant.

NOMENCLATURE
B:  Bottom flow rate, (kmol/h)

O

Network connection weights for bias neuron

Time delay for input variable

Distillate flow rate, (kmol/h)

o O &

o]

Column base level, (m)

as
.

Reflux drum level, (m)

~

Matrix of DDR gain

Controller gain

Q

Gain of the process

la-]

Total number of data points used for network training
Number of sampling periods

Reboiler heat duty, (MJ/h)
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q: Number of neurons in the hidden layer

r: Order of the autoregressive term

R: Reflux flow rate, (kmol/h)

R: Covariance matrix of model prediction error

S: Order of the moving average term

T,: Column bottom temperature, (°C)

T,: Column top temperature, (°C)

t.:  Number of sampling periods

u: Process input variable

V:  Covariance matrix of the measurement noise

w:  Network connection weights for past process inputs

W : Network connection weights for past process outputs

x,:  Vector of the true values of process variables at time t

x,:  Vector of reconciled values of the measured process variables
y,:  Vector of measured values of process variables

y.:  Vector of model predicted values

z,:  Vector of estimates for unmeasured process variables

Creek letters

g,.  Vector of random variables representing measurement noise

8,:  Vector of random variables representing model prediction errors
& :  Estimation error by the DDR algorithm

0: Dead time

T: Time constant

®: Network connection weights between neurons

Q: Network connection weights between neurons and bias

a,:  Weighting factor ISE in controller performance objective function
B,:  Weighting factor for ISDU in controller performance objective function
1,  Controller time constant
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G Standard deviation of the raw measurements

®:  Overall cost function of the control system

Acronym

DDR: Dynamic data reconciliation

ISDU: Integral of squared differences of manipulated variable
ISE: Integral of squared errors for controlled variable

MSE: Mean squared errors between reconciled and the true values
MIMO: Multi-input multi-output

FOPDT: First order plus dead time

PIPDT: Pure integrator plus dead time

SISO: Single-input single-output
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APPENDIX A
Taking partial derivatives of the objective function of Equation (4) with

respect to X, , and setting it to zero yields

oa 1 n A oa
=—IViy -3 )+ R - =0 Al
aﬂt 2[ (yt xt) (yt xx)] ( )

Solving Equation (A.1) yields

X, =(V'+ R (V'y, +R7y)) (A2)
Expanding Equation (A.2) gives

%, =(V'+RY)'V'y, +(V'+R")'Ry, (A.3)
Adding and subtracting the term (V' +R )" V'y, in the right-hand side of Equation
(A.3) gives

& =(V'+RY)'Vy, + (V' +R) (V' +R") -V |3,

& =(V'+R)'Vy +§, - (V' +RY)'Vy,

X =y, +(V' +R)'V(y, ~§) (A4)
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APPENDIX B

The linear black-box models around the nominal steady-state operating point

for the distillation column in the s-domain were given by

[.0.1087  -0.1087 0 0.0038¢™* |
- A, A S S S
Hp(s) -0.06596 0.0297¢™* || D'(s)
Ty (s) 227s+1 s ||[R®) ®.1)
H,(s) 0 0.1228¢**  -0.1382 -0.0037¢'* || B'(s) |
1) | s s s Q(s)

-1.8344¢7'* 0.001958
i 36725+ 221s+l

where H is the reflux drum liquid level, T, the top temperature, H, the column
base liquid level, T, the column base temperature, D' the distillate flow rate, R’ the
reflux flow rate, B' the bottom flow rate, and Q the reboiler heat duty. All variables
are in deviation form. Equations (B.1) were discretized by z-transform, and then the

discrete models were used in the DDR.
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Preface

The DDR algorithms developed in Chapters 2-5 require calculating model
predictions (e.g., one-step-ahead predictions) at each sampling time, or solving a
dynamic optimization problem for cases where model predictions cannot be explicitly
calculated. For complex processes, this may result in excessive computation time. To
remedy this problem, a method to train an autoassociative neural network (AANN) to

perform the DDR is developed in Chapter 6.

ABSTRACT

The technique of dynamic data reconciliation has been previously studied in the
literature and shown to be an effective tool to better estimate the true values of process
variables by using information from both measured values and process models. Real-time
implementation of dynamic data reconciliation involves solving complex optimization
problem, leading to large computation time. This paper presents a study on the use of a
dynamic Autoassociative Neural Network (AANN) for dynamic data reconciliation.
Once trained, the AANN can be directly used for online signal validation. Closed-loop
performance of the AANN for both linear and nonlinear processes was evaluated using
simulations of two storage tank processes. The AANN provided accurate estimates of
measured values for the two processes studied in this investigation. Copyright © 2005
IFAC

Keywords: Measurement noise, data reconciliation, dynamic neural network, controller

performance.
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1 INTRODUCTION

Signal validation plays an important role in real-time plant operation since
measured signals of process variables are often contaminated by measurement errors that
include random and nonrandom errors. The random error is often referred to as
measurement noise that can be approximated by a Gaussian distribution. On the other
hand, the nonrandom errors include measurement outliers and biases. When the corrupted
measurements are used for process monitoring and control, the knowledge of the true
state of the process is inaccurate and the performance of controllers may be deteriorated.
Therefore, it is imperative to validate the measured signals prior to their use as inputs to
the controllers or in management system. The estimation of system variables is
traditionally performed using filters such as exponentially weighted moving average
(EWMA) or moving average (MA) filters. These filters use measurement temporal
redundancy, meaning that past measurements are used to estimate the current state of the
process. The simple EWMA or MA filter performs well for steady-state or slow dynamic
processes. However, for processes having significant dynamics and for the purpose of
detecting nonrandom measurement errors, model-based filters are preferable. The model-
based filters employ process dynamic models, such that both measurement temporal and
spatial redundancies are used to estimate the current state of the dynamic system. A well
known model-based filter is the Kalman filter that employs stochastic linear state-space
process models and measurement models. The most attractive advantage of the Kalman
filter lies in its optimal estimation in the sense of minimum mean squared prediction
errors (Kamen and Su, 1999). However, the optimality of the Kalman filter requires two
restrictive prerequisites, linear state-space models and independent Gaussian white noise
for both process models and measurements. In its implementation, the Kalman filter is
commonly tuned by adjusting the process model and measurement noise covariances and
treating them as design parameters. For nonlinear processes, Extended Kalman Filters
(EKF) are used whereby nonlinear process models are linearized at each sampling time.
However, in chemical engineering, the applications of EKF have met some problems,
such as divergent and unreliable results and difficulty in tuning the filter (Wilson et al,,

1998).
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An alternative approach to the Kalman filter for real-time plant signal validation is to use
Dynamic Data Reconciliation (DDR) technique. Data reconciliation integrates
information originating from measurements and process models to provide more accurate
estimates of process variables. More importantly, the reconciled data are consistent with
relationships that exist between process variables, such as mass and heat balances. Data
reconciliation techniques were initially developed for steady-state processes in order to
calculate process mass and heat balances (Kuehn and Davidson, 1961; Mah and Stanley,
1976; Crowe et al., 1983; and Crowe, 1986). Recent work (e.g., Darouach and
Zasadzinski, 1991; Liebman et al., 1992; Albuquerque and Biegler, 1996; Hodouin and
Makni, 1996; Bagajewicz and Jiang, 1997) extended the concept of data reconciliation
for dynamic processes. In the application of the dynamic data reconciliation techniques,
measured variables are optimally adjusted to satisfy exactly process models and
constraints. In practice, however, both measurements and process models are prone to

errors such that the following objective function is minimized to perform DDR.

Minimize J(§,,%,) =y, -5) V' (¥, - § )+ §F..2)QfF ., Z,) (1)
SUbjeCt toy,, < §,t < Yiu
z,

zZ,, <z < z,

u

where y, is a vector of measured values of process variables at time t, ¥, is a vector of

reconciled values of the measured process variables, V is a covariance matrix of the

measurement error. f(§,,Z,) is a functional vector of process algebraic or discretized
differential equations, z, is a vector of unmeasured variables or model parameters
simultaneously estimated by the DDR algorithm. y,, z,,, y,, and z,, are vectors of

lower and upper bounds. Q is a covariance matrix of model errors whose elements are

often treated as tuning parameters due to the difficulty to determine them.

The benefits of using DDR for real-time process monitoring and control have been

reported. Ramamurthi et al. (1993) proposed that DDR led to better closed-loop
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performance of nonlinear predictive controller. Soderstrom et al. (2000) implemented a
real-time dynamic data reconciliation strategy to improve inventory calculations for a
diluent plant. Abu-el-zeet et al. (2002) claimed that DDR, in conjunction with systematic
bias detection, enhanced a model predictive control scheme. Bai et al. (2004) applied a
data reconciliation filter embedded in PI feedback control loops for the control of a
binary distillation column, and demonstrated that the controller performance was
significantly improved by the DDR. The benefits of using DDR for real-time signal
validation include improving controller performance, reducing the variability of
controlled variable at process nominal steady-state, estimating unmeasured process

variables, as well as detecting measurement biases.

The DDR algorithm requires nonlinear programming at each sampling time such that
long computer time may be needed for complex processes. To reduce the computation,
this paper proposes to train an autoassociative neural network (AANN) to directly
perform data reconciliation. Once trained, the neural network can perform data
reconciliation without any iteration, and the neural DDR becomes more suitable for real-

time applications.

2 AUTOASSOCIATIVE NEURAL NETWORK

2.1 Architecture of AANN

An AANN is a network having similar architecture as a conventional feedforward
neural network composed of an input layer, hidden layers and an output layer as
illustrated in Figure 1. The input and output layers have the same number of neurons
determined by the nature of problem being solved. The first and third hidden layers,
called mapping and demapping layers respectively, contain a relatively larger number of
neurons. The second hidden layer, called bottleneck layer, contains less neurons. The
AANN is trained to reproduce its inputs as its outputs. The key feature of AANN is to
perform data compression by the bottleneck layer. The input layer, mapping and
bottleneck layers compress the input information to a lower dimension, and then the

demapping and output layers regenerate the main underlining features of the original
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information of the inputs. The mapping/demapping process enables the network to
represent the input information in a compressed form that can often reveal the essence of
the data. For training AANNS, the input and the target vectors presented to the network
are identical, and the mean of squared errors between the network outputs and its inputs
are minimized. After successful training, the AANN can be regarded as a filter that can
be used for filtering random noise and detecting fault sensors for steady-state or

stationary processes (Kramer, 1992).

Y
Y.

ON
KoK
%

AN
O

i

Compression Regeneration

Figure 1 Architecture of an AANN for steady-state processes.

Du et al. (1997) used an autoassociative neural network for nonlinear steady-state data
reconciliation. They developed a mass-balance-related AANN scheme to rectify flow
rates and mass compositions. The mass balance of a system was incorporated directly
into the objective function such that the redundant information for the measurements was
taken into account in training the network. With the redundant information provided by
the process models, the performance of the AANN is expected to perform significantly
better than that of an AANN trained using only the measurements for measurement noise

reduction, systematic bias detection, and estimation of unmeasured process variables.

2.2 Dynamic AANN for DDR

For dynamic data reconciliation, the static structure of the feedforward AANN of
Figure 1 must be modified to encapsulate the dynamics of the process. The AANN
architecture of Figure 2 has been selected. To capture the dynamics of the process, the

reconciled output y,, delayed a number of times, is fed back to the input layer. This
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AANN incorporates both temporal and spatial patterns. In Figure 2, D represents the
required number of time delays for the process output variables, and ueq, ..., Uta1

represent the inputs with time delay of d, d+1, ..., d+L

Figure 2 Architecture of an AANN for dynamic processes.

It is important to note that the number of neurons in the input and output layers of the
dynamic AANN are not necessarily identical as they are in the static AANN, but their
number is problem-dependent. In addition, the number of neurons in each hidden layer is

determined experimentally.

Prior information relating the input and output variables of the process is used to train the

AANN for DDR. The objective function to train the network can be written as

- 13 o \T e ] - _
Minimize J=§§[(yt =3) V(¥ —F)H (FoFio Ui ) Q7 o

f (9” yt—la "'aut_d, ut—d—h ):|

wheref (§,, 5,15 Uy_a>W_4,,-..) is a functional vector of process dynamic models. In the

first iteration in training of the dynamic AANN, the output vector fed back to the input
layer is not known, but can be assigned the raw measurements. Then, the network is

trained until satisfactory convergence criterion is met. After the first iteration, the vectors
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of the network outputs are fed back as the inputs, and then the network is trained again.
After several recurrent iterations, the feedback vectors and the objective function will not
change, indicating the training of the dynamic network has been completed. After the
successful training, the dynamic AANN can be incorporated to the plant for real-time

data reconciliation.

3 EXAMPLES

To illustrate the use of autoassociative neural networks for dynamic data
reconciliation, two examples were investigated. One example is a cylindrical storage tank
process. The other is a spherical storage tank process. Both processes are controlled by
conventional PI controllers. The developed dynamic AANNs were used as DDR filters to
provide better estimates of the controlled variable for the controller. The performance of

the AANNs was examined with closed loop control of the processes as illustrated by

Figure 3.
Disturbances
l Controlled
Setpoint output
Controller ¥ Actuator » Process >
AANN based
DDR < Sensor [«
Validated signal Measured signal

Figure 3 Scheme of implementing an AANN for signal validation in a control loop.

3.1 Cylindrical storage tank process

The schematic diagram of the cylindrical storage tank process is shown in Figure
4. A PI controller was used to regulate the liquid level of the tank by manipulating the
outlet flow. The feed flow to the tank was measured but not controlled. The sampling

interval was 1 min. The nominal feed flow to the tank was 1.8 m>/h. Random Gaussian

white noise with standard deviations o, =0.09 m’/h for the feed flow and &,;=0.1 m for
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the tank level corrupted the measurements. The dynamics of the measuring device and

control valve were neglected. The model of the process is given by the mass balance

dH
A=—==F-F 3
a5 (3)

where H is the liquid height in the tank, F and E, are the feed and outlet flow rates, and

A is the cross-sectional area of the tank.

I .
J Ly >

Feed flow, F;

PI controller

2=\ Outlet flow, F,

Figure 4 Cylindrical storage tank process.

Under open-loop conditions and with measurement noise, the tank was perturbed by
random step changes in the feed and outlet flow rates. 1000 samples were simulated. 90%
of the samples were used to train an AANN and the remaining 10% was used for network
validation. An AANN having the structure [5, 6, 3, 6, 2] determined experimentally,

shown in Figure 5, was trained by minimizing the objective function

where the discretized model of Equation (3) was incorporated into the objective function

and At represents the sampling time interval.
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Figure 5 Structure of dynamic AANN for the cylindrical storage tank process.

Because the variance of the model error was not known, the value of o}, in the

objective function of Equation (4) was treated as a tuning parameter. For a value of

G244 » the network was trained completely, and then tested using the validation data sets.

The variances of the reconciled tank level H, and the reconciled feed flow lam_l ,
evaluated using the validation data set, are presented in Figure 6. The variance of

ICIt decreased and then increased with an increase of >, ,,. When o}, ,, was set to small
values, the model mismatch distorted the reconciled tank level, so that the variance of }AIt
increased dramatically. On the other hand, when o2, ,, was set to larger values, the

measurements were not constrained severely such that the variance of IA{t approached the
variance of the raw values. However, the variance of the reconciled feed flow was not
affected by the change of &3, , and nearly matched the variance of raw measurements,

because the noise in the disturbances was damped by the inertia of the process and the

model had nearly no constraint on it.

The optimal value for the tuning parameter was oy ., =9.0x10™, and the corresponding

variance of the reconciled tank level evaluated was &7 =9.72x10™. Givenc}, = 1.0x 102,
then &7 /oy =0.097 indicates the AANN performed very well in estimating the true

values of the tank level. Using the optimal value of o}, ., to train the network, results of
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the raw, reconciled and true values of the tank level for network training and validation

for the last 200 data sets are presented in Figure 7.
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Figure 6 Variance of reconciled tank level and feed flow as a function of Gy, -
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Figure 7 Raw, reconciled and true values for cylindrical tank level in network training

and validation.

The AANN was then embedded inside the feedback loop before the controller calculates

the control moves. Closed-loop performance of the AANN was examined for controller

169



setpoint changes. Results of raw, reconciled and true values for the controlled variables
as well as the control moves with and without the AANN, are presented in Figure 8. The
reconciled values for the tank level were less noisy than the raw measurements and close
to their true values. In addition, the saturated high-frequency oscillations of the control
moves were significantly reduced with the embedded AANN filter. It is worth noting that
the reconciled tank level displayed some degree of deviations from the true values after
the change of setpoint. This is because the saturated manipulations resulted in less

v Ty el [
(o] szrzzxRzsSaSS
Q-1 7T 21 e \eriericieed
AR
-y s §
i TIELEEL s s
m 'ﬂuluuumhlwﬁhh.nhm.m.mwww
M T ||||~||HWII.1L-L|L.L|.m.ﬂnﬂ|hLm 2 B
i T T iiziity =
> [EEEEEEER PPEPPR. — L telels
b -
o]
.Pv ° o AT A -
'S .m ressssesssssgg---==--Wgoo
5 RS) bt
2 8 @ & —TEEERERERER
8 © ¢ O
MO
1
1
© _ porr e f
o o °
o ° 4
o (o]
[=]
- Q
ooo
°  w
(o]
Q
S o o
G
(] °o0
w)
(=]
]
=
Q
» g
=)
]
—
Q, T T
o O (e} [
= <t N (o]
— — = —
=
5] ¢ 6
9 WD ‘PAJ Yue) JqeLIEA PI[[0.1U0) Yy/gw ‘Mo RO ‘suonediuepy

180 210 240 270 300

150

ime, min

Ti
170

60 90 120

30
Figure 8 Closed-loop performance of AANN for setpoint changes. Dashed line in
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3.2 Spherical storage tank process

The spherical storage tank process, studied in this work, is shown in Figure 9. The
radius of the tank was R = 5.0 m. The nominal feed flow to the tank was 60.0 m*/h. A PI
controller was used to control the tank level by manipulating the outlet flow rate. The
sampling time was 1 min. The nominal measurement noise level for the feed flow rate

was o =0.5 m’/h, and o,=0.1 m for the liquid level. The process model for the

spherical tank is the mass balance

(2nRH—7tH2)(;—I::Fi -F (5)

<

Feed flow

) 4

Qutlet flow

Figure 9 Spherical storage tank process.
The tank, in open-loop, was disturbed by a series of random step changes in the feed flow

rate as well as in the outlet flow rate. An AANN selected to have the structure [5, 14, 7,

14, 2] was trained by minimizing the objective function

ont ©)
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where the disretized model of Equation (5) was incorporated into the objective function

to train the network. The “best” value of o2, ,, used to train the network was found to be

0.2, and after successfully training it resulted in the variance of the reconciled liquid level

for the validation data sets was 621 =2.83x10™* and the variance of reconciled feed flow

was 6 =0.26. Compared to oy =1.0x107 and o}, , = 0.25, the network filtered almost

i
completely the noise for the controlled variable, but for the disturbance variable, the
variance of the reconciled values was not affected. The raw measurements, reconciled
and true values for the tank level for network training and validation for the last 400 data
points are presented in Figure 10. It shows, the noise in the controlled variable was
significantly reduced and the reconciled values by the AANN performed well in tracking

their true values.
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Figure 10 Raw, reconciled and true values of spherical tank level for network training

and validation.

The closed-loop performance of the AANN for the spherical tank was examined for step
changes in the feed flow rate, having magnitudes of -33% and 66% of steady state value,
and for control setpoint changes. Results of raw, reconciled and true values for the

controlled and manipulated variables for the load changes are presented in Figures 11 and
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results for the controller setpoint changes are presented in Figure 12. For both cases, the
AANN performed very well in tracking the true values of the controlled variable even if
the process had significant dynamic changes and the process is nonlinear. In addition, the
high-frequency oscillations of control moves were eliminated. Due to the significant
reduction of noise propagation inside the control loop, the controller was allowed to be
tuned more aggressively, such that faster dynamic response of the process was expected
for load and setpoint changes. As a consequence, the performance of the controller was
improved by the embedded AANN.

46 T o RaW o
Reconciled by AANN  o°
44 A — True

42

4.0
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Manipulations, Outlet flow, m3/h Controlled variable, tank level, m

20 T T T T T T T T T T

0 200 400 600 800 1000 1200 1400 1600 1800 2000 2200
Time, min

Figure 11 Raw, reconciled and true values for the controlled and manipulated variables
for the spherical tank for step changes in the feed flow rate. Dashed line in manipulated

variable represents control moves without AANN.
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Figure 12 Raw, filtered and true values for the controlled and manipulated variable for
setpoint changes. Dashed line in manipulated variable represents control moves without

AANN.

4 CONCLUSION

The dynamic AANN presented in this work has shown to be an alternative
approach for real-time signal validation for dynamic processes. Because it is trained by
incorporating intrinsic process models, the performance of the dynamic AANN is more

effective for estimation of the current state of the process. Although implementation of
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AANN filters for complex processes (e.g., multivariable systems) and comparisons for

the AANN to DDR using linear or nonlinear models are required for further

demonstration, we believe that the use of this technique can greatly improve plant

monitoring as well as controller performance.

NOMENCLATURE

A:  Cross-sectional area of tank, (m?)

D: Number of time delays for process output variables

d: Number of time delay for process input variables

E: Tank feed flow rate, (m*/h)

F :  Tank outlet flow rate, (m’/h)

H:  Tank liquid level, (m)

N:  Number of data points used for network training

Q:  Covariance matrix of model errors

R:  Radius of spherical tank, (m)

u,:  Vector of process input variables

V:  Covariance matrix of measurement errors

y,:  Vector of measured values of process variables at time t
y.:  Vector of reconciled values for measured process variables
z,:  Vector of estimated unmeasured process variables model parameters
o’: Variance

At:  Sampling time interval

Acronyms

AANN: Autoassociative neural network

DDR: Dynamic data reconciliation

EKF: Extended Kalman filter

EWMA: Exponentially weighted moving average

MA: Moving average
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Preface

The AANN-based DDR algorithm developed in Chapter 6 is evaluated for the
control of a linear process, the cylindrical storage tank, and a nonlinear process, the
spherical storage tank. The storage tanks have multiple inputs and a single output.
Phenomenological models (mass balances) for the two processes are used to train the
AANNs to perform DDR. Unfortunately, such phenomenological models are often
unavailable for complex chemical processes. Consequently, Chapter 7 explores the
methodologies of AANN-based DDR using empirical process models to describe the
distillation process. Moreover, strategies for implementing AANN-based DDR to multiple

input and multiple output processes are demonstrated.

ABSTRACT

Reliable estimation of dynamic process variables for plant monitoring and control
is an important topic that has been studied extensively. The Kalman filter has often been
used and has acquired an enviable reputation. However, the use of the Kalman filter
suffers from two restrictive conditions: it employs state-space models and it has to be
tuned online in order to achieve its best performance. Recently, alternative methodologies
based on dynamic data reconciliation have been proposed. Although the approach of
dynamic data reconciliation can incorporate any form of model, it involves online
optimization which may require long computation time for complex systems. This paper
explores a new methodology based on a combination of autoassociative neural networks
and dynamic data reconciliation. It overcomes the need for online tuning, as required by
the Kalman filter, and online optimization as required by conventional dynamic data
reconciliation methods. Simulation examples of a distillation column demonstrate that the
autoassociative neural network based dynamic data reconciliation approach is capable of
effectively attenuating measurement noise and is robust to changes of the noise level in

plant measurements.

Keywords: Process variable estimation, Autoassociative neural network, Dynamic data

reconciliation, Kalman filter.
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1 INTRODUCTION

A critical concern in plant operation is the estimation of the current state of a
dynamic process. Unfortunately, process measurements often contain some degree of
inaccurate information, such as measurement noise. The presence of measurement noise
not only prevents plant operators from identifying true values of process variables, but
also inhibits the performance of automatic control systems. To cope with this problem,
the model-based Kalman filter has been most widely used (Kamen & Su, 1999). The
Kalman filter employs stochastic state-space process and measurement models. In its

discrete form it is represented by

X, = f(xt-l’ut-l)+wt-l (1)

y. =g(x.)+e, )

where x, is a vector of process state variables at time t, y, is a vector of measured
process variables, and u,, is a vector of process input variables. f(x,_,,u,,) is a
functional vector representing process models. g(x,) is a functional vector representing
measurement models that reduces to x, if all the state variables are directly measured.

w,_, is a vector of random variables denoting white Gaussian process model noise, i.e.,

t-1

w,_,~N(0,S). & 1is a vector of random variables representing white Gaussian
measurement noise, i.e., € ~ N(0, V). For the problem of process estimation defined by

Equations (1) and (2), the optimal estimates, X,, using the Kalman filter are given by
k=% +K [y, -Cg&)] 3)
where X; is the a priori estimate (i.e., the vector of model predicted values) given by
x; = f(X,,u,), )
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K, is the gain of the Kalman filter, recursively calculated by

Pl_ = AtPlAlA;.r + S (5)
K, =P CT(CBCT+V)" (6)
Pt = Pt_ - KtCtPt‘ (7)

In Equations (5~7), A, is a Jacobian matrix obtained by linearizing f(x,_,u,_,) with
respect to x,, at the realization x_, =x_,, C, is a Jacobian matrix obtained by
linearizing g(x,) at the realization x, =X, . P, and P, are the covariance matrices of a
priori and a posteriori estimation errors with initial values assumed for P, (e.g, P, =1

where I is the identity matrix).

The Kalman filter is a time-variant system. However, when f(x,_,,u, ) and g(x,) are
linear in terms of the state variables, the gain of the filter K, reaches a constant value. At

this point the Kalman filter becomes time-invariant. The most attractive advantage of the
Kalman filter lies in its optimality in the sense of providing minimum variance estimates.
However, the optimality of the Kalman filter requires two restrictive prerequisites: linear
state-space models and independent white Gaussian noise for both process and
measurements. Usually, it is difficult to determine the statistical properties of the process

model noise, w, ,. As a result, elements in the covariance matrix of w,_, are commonly

viewed as tuning parameters rather than measurable constants in the implementation of

the Kalman filters (Wilson et al., 1998).

In addition to the Kalman filter, another approach, dynamic data reconciliation (DDR)
has been developed in recent years for process variable estimation (e.g., Liebman et al.,
1992; Ramamurthi et al., 1993; Albuquerque and Biegler, 1996, Hodouin and Makni,
1996; Bagajewicz and Jiang, 1997, Binder et al., 2002). Mathematically, the problem of
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process estimation by the DDR was initially formulated as the following constrained

least-squares optimization problem

Minimize J(X,,X,,...,X,) = Zt:[(yi -X )T Vi(yi - f‘i)} ®)

i=0

subject to f{d—x, i} =0
dt

where f represents a functional vector of constraints consisting of dynamic models. To
solve the optimization problem for data reconciliation, the differential equations were
discretized or integrated and then the DDR problem was converted to minimize the
objective function constrained by algebraic equations. Subsequently, the optimization
was solved analytically or by nonlinear programming (NLP). The dimensionality of the
dynamic optimization problem defined by Equation (8) increases linearly with the
number of sampling periods since all measurements from time zero are considered. To
reduce the magnitude of the online optimization problem, a moving window in the time
horizon, [t-H, t], has normally been used. At time t, only the measurements within the
moving window were reconciled, and only the estimates for the current time were used
for process monitoring and/or control. A critical assumption in DDR, as formulated by
Equation (8), is that the models represent the true dynamics of the process and the
estimates (reconciled values) exactly satisfy the model constraints. However, no
mathematical model perfectly represents a real plant; consequently model mismatch
should be taken into account in the data reconciliation algorithm. Furthermore, large-

scale online optimization using NLP may require excessively long computation time.

Accordingly, Bai et al. (2005) proposed using autoassociative neural networks (AANN)
to perform DDR. An AANN for a dynamic process was employed and trained offline.
The training objective function consisted of minimizing simultaneously the weighted sum
of squared measurement and model errors. Dynamic process models with various
structures can be encapsulated into the training objective function. An AANN can be

directly implemented online to perform dynamic data reconciliation after its offline
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training. It neither requires online tuning nor explicit calculation of model predictions as
required in the Kalman filter, and it does not require online dynamic optimization as in

the conventional DDR algorithm.

In Section 2, the general concept of dynamic data reconciliation for process estimation is
presented considering errors that inevitably arise in both process measurements and
models. Then an AANN-based algorithm is developed to perform dynamic data
reconciliation. The performance of the AANN-based algorithm is ten evaluated and
compared to that of Kalman filter via simulation of the multivariable control of a binary
distillation column in Section 3. Section 4 summarizes this paper and draws some

conclusions.
2 AANN-BASED DDR ALGORITHM

2.1 Formulation of the dynamic data reconciliation problem
In view of the uncertainties in both the process model and process measurements,
a compromise is achieved by simultaneously minimizing the weighted sum of squared

errors of process measurements and model, namely,
Minimize J(%,) = (y, - %,) V' (y, - %,)+f" (%, )Q'f(&,) (9)

where f(x,) is a functional vector of process models in discrete form, and Q is the
covariance matrix of model errors. The dynamic data reconciliation problem formulated
by Equation (9) requires online optimization at each sampling time. For complex
processes, a large computation time may be needed. To overcome this problem, this
paper suggests using an autoassociative neural network trained with respect to Equation

(9) to perform the data reconciliation.

2.2 Development of AANN-based DDR algorithm
An AANN is a network whose structure is similar to a conventional feedforward

neural network. It normally consists of an input layer, three hidden layers and an output
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layer. The input and the output layers have an identical number of neurons (excluding the
bias in the input layer). The first and third hidden layers, named mapping and demapping
layers respectively, contain a relatively larger number of neurons. The second hidden
layer, referred to as the bottleneck layer, usually contains a lower number of neurons. The
transfer functions for the mapping and demapping layers are nonlinear functions (e.g.,
sigmoid functions), whereas, the transfer function for the bottleneck and output layers can
be linear or nonlinear. The key feature of AANN is its data compression/regeneration via
the bottleneck layer. The input, mapping and bottleneck layers compress the input
information to a lower dimension, and then the demapping and output layers recover the
main underlying features of the original information. The compression/regeneration
process enables the network to represent the input information in a compressed form so
that it can often reveal the essence of the data. An AANN has to be trained in order to
produce its desired outputs. In network training, the input and the target vectors presented
to the network are identical, and the objective function consisting of the mean squared
errors between the network outputs and its inputs is minimized. After successful training,
an AANN can be regarded as a filter used to perform steady-state data reconciliation
(Kramer, 1992; Du et al., 1997).

For dynamic data reconciliation, a similar architecture, shown in Figure 1, can be
employed to take advantage of the noise reduction characteristic generated by the
compression/regeneration of the AANN. In the dynamic case, the neural network is not
fully autoasscociative since additional past inputs of the process,u,_,,...,u,_;_ |, necessary
to capture its dynamic behavior, are required such that the vector of inputs is not identical
to the vector of outputs. However, the neural network of Figure 1 is autoassociative with

respect to the output variables.

184



Figure 1 Architecture of feedforward AANN for a dynamic process.

Process models are encapsulated within the structure of the network to perform data
reconciliation. The number of neurons in the input and output layers is determined by the
structure of the process models. In Figure 1, D represents the order of the models, while
d, ..., d+I represent the time delays of the input variables. However, the number of
neurons in the hidden layers has to be determined by trial-and-error. The objective

function to train the dynamic AANN to perform data reconciliation can be written as

. Qe A _ n A - n
Minimize J(8) = ﬁZ[(yt—D ~%,5) V' (¥op— %, )+t (y, - %, ) Vi(y, -k )+
t-D (10)

T A ~ —1 ~ ~
fT (R Xy Uy s Uy 1) Q f(xt,...,xt_D,ut_d,...,ut_d_I)]

where © is the vector composed of all connection weights (parameters) between the
neurons in the network, and N is the total number of data points in the training horizon.
Among the training algorithms, backpropagation is the simplest method. However, more
advanced training algorithms such as quasi-Newton and Levenberg-Marquardt methods
are most often used for faster convergence. Following the training, the performance of
the network is validated using a fresh data set. Then the AANN can be applied online to

directly perform data reconciliation.
In the AANN-based DDR algorithm formulated by Equation (10), at each sampling time,

t, the raw measurements within the time window [t-D, t] are reconciled. However, only

the reconciled values for the current time X, are retained for process monitoring and/or
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control purposes. Other reconciled values for past measurements are discarded. As a
result, the dimensionality of the data reconciliation problem becomes large. To overcome
this problem, the architecture of the dynamic AANN is modified as presented in Figure 2.

The output of the network, X,, delayed a number of times, is fed back to the input layer

such that both process temporal and spatial patterns are incorporated in the structure of
the recurrent AANN. For this case, the neural network is autoassociative only for the
current output variables, and obviously only the current measurements are reconciled at

each sampling time.

Figure 2 Architecture of recurrent AANN for a dynamic process (z' denotes the

backshift operator such that z'x, =%, ).

By means of the recurrent architecture of the AANN, the training objective function for

data reconciliation becomes

N
Minimize J(8) = %Z[(yt - it)T \& (yt - it)"’ an
t=D

T A A -1 A~ A
7 (X0 Xps Uy g Uy ) f(xt,...,xt_D,ut_d,...,ut_d_I)]

In the network training, it is important to note that the output vector, X,, fed back to the
input layer is not known initially, i.e., the values of X, ,,...,X,_, as inputs to the network

are unknown. Accordingly, an iterative training methodology is developed to manage this
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problem. To begin the training, the values for X,_,,..., X, , are assigned the values of their

associated raw measurements, y, ,,...,¥, . Then, the network is trained with respect to
Equation (11) until satisfactory convergence is met. After the first iteration, the network

output, X,, is delayed a number of times and fed back as inputs X, ,,...,X,_,, and then the

network is trained again. After several iterations, the feedback vectors and the objective
function will not change, indicating the training of the neural network has been
completed. Comparing the two training objective functions for the feedforward and
recurrent AANNSs, it appears that in the feedforward AANN, past and current
measurements are reconciled, providing more degrees of freedom in minimizing the
objective function such that process models impose less restriction on the raw
measurements. On the contrary, in the recurrent AANN, only the current measurements
are reconciled so that the raw measurements can be constrained more tightly by the
process models. The recurrent structure of the AANN presented in Figure 2 is expected to
be more effective for dynamic data reconciliation than the feedforward structure

presented in Figure 1. This statement is verified in Section 3.1.

The covariance matrix of the model residuals, Q, in the training objective function is
often difficult to determine. Consequently, Q is considered diagonal and the elements in
Q are treated as tuning parameters in network training. If elements of Q are given larger
numbers relative to the variances of the raw measurements, meaning that more
confidence is put on the raw measurements, the outputs of the network (i.e., the
reconciled values) will be close to the raw measurements. On the other hand, if the
elements of Q are given relatively smaller values, then more confidence is given to the
models, and, as a result, model mismatch may bias the reconciled values. The matrix Q
provides a measure for offline tuning for the AANN to perform dynamic data
reconciliation. The AANN-based DDR provides the advantage that it does not need
online tuning as required in the Kalman filter. Furthermore, the use of AANN-based
DDR is straightforward without explicitly calculating model predictions or performing
online dynamic optimization, because information about process dynamics has been

encoded into the neural network during its offline training.
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3 AN ILLUSTRATIVE EXAMPLE

The methodologies of the AANN-based DDR algorithm developed in this work
were evaluated through simulation of multivariable control of a binary (benzene/toluene)
distillation column. The distillation column having four PI control loops is presented in
Figure 3. Controllers TIC-D and TIC-B are used to control the top and bottom
temperatures by manipulating the reflux flow rate and the flow of steam to the reboiler,
respectively. Controllers LIC-D and LIC-B are used to control the reflux drum and
column base liquid levels by manipulating the distillate flow rate and the bottom product
flow rate, respectively. A sampling time of 30 s was used for all the measurements. White
Gaussian noise with standard deviation, o, presented in Table 1, was added to the true
values of the four controlled variables to simulate their measured values. The dynamic
distillation simulator, based on rigorous distillation models, (i.e., mass and heat balances,

vapor-liquid equilibrium, and tray hydraulics) was developed by Bai (2003).

CWR

Feed

o)

L
1
1
Steam

t:)—bt-h 2l

Reboiler

¥ -~ -+

Steam condensate Bottom flow

Bottom pump

Figure 3 Control scheme of a binary distillation column.
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Table 1 Nominal noise levels of controlled variables for the distillation column

Measured variables Units Standard deviation,
Reflux drum level, Hp m 0.02
Top temperature, Tp °C 0.25
Column base level, Hp m 0.02
Bottom temperature, Tp °C 0.25

3.1 Offline training AANNs

3.1.1 Dynamic models

Because of the complexity of the distillation process, it is impractical to develop
phenomenological models for use in data reconciliation. Consequently, input-output
empirical models were identified for the four controlled variables. It was found that the
dynamic behavior of the two liquid levels can be adequately described by linear models,
whereas nonlinear models were required for the two temperatures. The nonlinearity of the
two temperatures lies in the fact that the top temperature cannot decrease below the
boiling point of pure benzene, and the bottom temperature cannot exceed the boiling
point of pure toluene under the column pressures. The linear models for the two liquid

levels were given in terms of deviation variables (denoted by primes) by

H,, =H,,, —9.058x10D,, —9.058x10"R|,+2.112x10°Q,,+1.06x10°Q,, (12)

H,, = Hy,,+ 1.023x10°R;, - 1.152x10°B,, -2.056x10°Q, ~1.028x10°Q,,  (13)

where Hy,, is the reflux drum level, Hy, is the column base level, D is the distillate

flow rate, R is the reflux flow rate, B is the bottom flow rate, and Q is the reboiler heat

duty. A feedforward neural network model, illustrated in Figure 4(a), was developed for

the top temperature, T, . This neural network model can be concisely expressed as
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TD,t = NN(TD,t-l’ R .R R 5,Q, Qs Q) (14)
where f,,, represents the neural model used to predict the column top temperature at time

t. A similar feedforward neural network, illustrated in Figure 4(b), was developed for the

column bottom temperature, Ty, . It can be expressed as

TB,t = N‘N(TB,t—l b Rt-—6, Rt—7’ Qt—l s Qt—z) (1 5)

Figure 4 Feedforward neural network models for the top (a) and bottom (b) temperatures

in the distillation column.

3.1.2 Structures of AANNs

For the distillation column having multiple inputs and multiple outputs, it is
possible to develop an AANN that contains all the variables collectively to perform
dynamic data reconciliation. However, this approach results in an extremely large
network that is difficult to handle. Consequently, individual AANN was developed for
each controlled variable. The use of the recurrent AANN was considered. The
architectures of the AANNS for the reflux drum level and top temperature are presented
in Figure 5, where the superscript “m” for the controlled variables in the inputs of the
networks denotes the raw measurements and “r” in outputs of the networks denotes the
reconciled values. Akin to the reflux drum level and top temperature, the AANNSs for the

column base level and bottom temperature have similar architectures.
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Figure 5 Architectures of recurrent AANNs for dynamic data reconciliation for (a) the

reflux drum level and (b) top temperature.

The cross correlations of the model errors for the four controlled variables were found to
be negligible. Therefore, the four objective functions corresponding to the four controlled

variables used to train the four AANNS are given by the following equations:

Il 1 i N : r
1) = ——Z{—z—(Hm ~Hp,) +——Hp, —Hp, ,+9.058x10*(D,, - D,)

2
t=2

Oy, Hp.R (16)
+9.058x10* (R,, - R, )-2.112x10° (Q,, -Q,) -1.06x10° (Q,, _Qo)]z}

131 1
J©)= EZ{_(TS" ~Tp, ) +——

= |9, o1, & (17)

2
|:T]5,t —fr (T[r),t—l’ R LR ,RGQ,Q,.Q5 )] }

1 ¢ 1 m r\? 1 T T -
J(e):_z T(HB,t _HB,t) +Z_[HB,t _HB,t-l _1'023X103(Rt-2 _Ro)
N1% | On, Ou, R

(18)
+1.152x10° (B,, - B, )+2.056x10°(Q,, - Q,)+1.028x10° (Q,, -QO)T}

N
30) = %z{L(T}; ~T) [T~ (T R R Qo Qt-z)]z} (19)

2
t=7 Tg Te.R
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where Dy, Ro, Bo, and Qo are steady-state values for the distillate flow rate, reflux flow

rate, bottom flow rate and reboiler heat duty, respectively. c3_,07 , o and o7 are the

associated variances of the raw measurements. G ., Or p, Op, z and o . are the

associated variances of the model errors.

3.1.3 Data sets

Under open loop operation, the distillation column was excited by a series of
random step changes in the four manipulated variables. For the distillate flow rate and
bottom flow rate, the random step changes between two consecutive sampling periods
had a switching probability of 0.2, while for the reflux flow rate and reboiler heat duty, a
switching probability of 0.1 was used. Further, to effectively capture the nonlinearity of
the process, the amplitudes of the random step changes had a uniform distribution around
the nominal steady state. 1450 data points for the responses of the four controlled
variables along with the variations of the four manipulated variables were obtained. 80%
of the data points were used for network training and the remaining 20% were used for

network validation.

3.1.4 Network training

From Figure 5 and Equations (16-19), it can be seen that, for each AANN, the
number of neurons in the input layer was determined by the structure of the dynamic
model encapsulated in the training objective function. The number of neurons in the three
hidden layers for each AANN was determined by trail-and-error. The same number of
neurons was assigned to the mapping and demapping layers. The training of the neural

networks was carried out using a quasi-Newton method.

To assess the performance of each AANN, the mean squared error (MSE) between the
reconciled values and the true values from the validation data set was used as the

objective criterion. The MSE is defined as

MSE = %i X, -x,) (20)

t=0
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where K is the total number of data points in the validation data set. It is very important
to note that the calculation of the MSE criterion is only achievable in the simulated case
study because the true values of the controlled variables are exactly known in the
simulation, so that it is possible to compare the various algorithms and assess their
performance. However, for implementation in a real plant, one could not assess the
reconciliation performance using the criterion of Equation (20), but it does not impede
the use of the AANN-based DDR since the training objective functions (see Equations
(16-19)) do not use these true values. In practice, location and dispersion statistics of
residuals between the reconciled and the measured values could be used in hypothesis
tests as criteria to evaluate the reconciliation performance. Being white noise with mean
zero and variance close to that of the raw measurements for the residuals would be a sign

of good performance of the AANN-based DDR algorithm.

A group of AANNs was selected in the trial-and-error examination for each controlled
variable. For the column base level and bottom temperature, the AANNS are presented in
Table 2. The number of neurons in the bottleneck layer was chosen from 2 to 4, while the
number of neurons in the mapping and demapping layers was chosen from 3 to 8. The
number of neurons in each layer included a bias neuron, except for the output layer. For
each AANN, it was completely trained and validated twenty times, each time with the

network having different initial weights. The MSE value standardized by the associated
variance of the raw measurements, MSE/c?, was calculated for each trial. The mean of

the MSE/c? values and its standard error are also presented in Table 2. For each group
of AANNSs having the same number of neurons in the bottleneck layer, the mean of the
MSE /c?values decreased, and then increased slightly, with the increased number of
neurons in the mapping and demapping layers. With smaller numbers of neurons in the
mapping and demapping layers, the structures of the AANNs were insufficient for data
reconciliation and consequently resulted in larger MSE/c?values. On the other hand,
having larger numbers of neurons in the mapping and demapping layers, the AANNs
were over parameterized and consequently the noise attenuation performed by the
AANNSs deteriorated. Similar results were obtained for the reflux drum level and top
temperature. The AANNSs having the structures as {7, 8, 3, 8, 1}, {9, 8,2, 8, 1}, {7, 6, 3,
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6,1} and {7, 6, 4, 6, 1} for the reflux drum level, top temperature, column base level and

bottom temperature, respectively, were selected for online implementation.

Table 2 Performance of AANNs for the column base level and bottom temperature

(results are based on 20 training/validation trials)

I::é?g:; i(;f Total number  Total number MSE/c” +standard error
each layer of neurons of weights Hp Ts
{7,3,2,3, 1} 16 24 0.921+0.046 0.284+0.005
{7,4,2,4,1} 18 35 0.802+0.043 0.275+0.005
{7,5,2,5, 1} 20 46 0.77940.039 0.269+0.002
{7,6,2,6, 1} 22 57 0.630+0.026 0.273+0.007
{7,7,2,7, 1} 24 68 0.653+0.017 0.276+0.003
{7,8,2,8,1} 26 79 0.657+0.023 0.281+0.006
{(7,3,3,3, 1} 17 29 0.896+0.030 0.283+0.005
{7,4,3,4,1} 19 42 0.741%0.056 0.275+0.005
{7,5,3,5, 1} 21 55 0.622+0.040 0.269+0.001
{7,6,3,6,1} 23 68 0.610+0.053 0.270+0.001
{7,7,3,7, 1} 25 81 0.674+0.043 0.271£0.001
{7,8,3,8,1} 27 94 0.671+0.031 0.272+0.001
{7,3,4,3,1} 18 34 0.882+0.032 0.286+0.007
{7,4,4,4, 1} 20 49 0.709+0.051 0.275+0.005
(7,5, 4,5, 1} 22 64 0.672+0.048 0.272+0.002
{7,6,4,6, 1} 24 79 0.612+0.031 0.269+0.001
{7,7,4,7, 1} 26 94 0.647+0.041 0.270+0.001
{7,8,4,8,1} 28 109 0.662+0.027 0.271+0.001

As mentioned in Section 2.2, the variance of model errors provides a measure for offline
tuning an AANN to perform dynamic data reconciliation. Next, the performance of the
recurrent AANN selected for each controlled variable as a function of the variance of

model error in the training objective function was investigated. Given a value for the
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variance of the model error, the AANN was trained and then validated. The standardized
MSE values as a function of the tuning parameter are plotted in Figure 6. The minimum

MSE/c? values for the four controlled variables were found at oy =2.5x107,

O'%D,R =036, op =1.8x10™" and of p =022, respectively, which represent the
optimal tuning parameters for the AANN-based DDR algorithm. Increasing the variance
of the model error means that more confidence level was put on the raw measurements.
On the other hand, decreasing the variance of the model error means that more
confidence was put on the process model. As shown in Figure 6, if the variance of the
model error in the training objective function assumed a different value of its optimal

value, a larger MSE /c? value resulted.
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Figure 6 Values of MSE/c? as a function of the variances of model errors in the

training objective functions of recurrent AANNS.

Using the optimal variances of model errors to train the AANNS, representative samples

of raw, reconciled and true values for the four controlled variables in the network training

195



and validation are presented in Figure 7. This figure shows that the reconciled values
were very close to the true values. The noise contained in the measurements was
significantly reduced after being reconciled by the neural network. Using the
representative data shown in Figure 7, the residuals between the reconciled and raw
measurements in the validation data set were calculated for each variable. The mean
values of the residuals evaluated for the reflux drum level, top temperature, base level
and bottom temperature were -0.002 m, 0.088 °C, -0.004 m and -0.032 °C, respectively.
These results corroborate the results shown in Figure 7, indicating that the reconciled

values are unbiased based on the analysis of the residuals.
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Figure 7 Representative samples of raw, reconciled and true values for the four

controlled variables in network training and validation.
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3.1.5 Comparison of recurrent AANN to feedforward AANN

As stated in Section 2.2, the AANNSs having recurrent structures are expected to
have better performance than those having feedforward structures. This hypothesis was
verified by examining the values of MSE/c® obtained using each structure. For each
controlled variable, a feedfoward AANN was developed. It had the same number of
neurons in each layer as in the recurrent AANN, except that it was necessary that the
network output layer had two neurons for the reconciled values at time t and t-1 (see
Figure 2 for the structure of a feedforward AANN). The feedforward AANN as well as
the recurrent AANN were trained and validated twenty times, each time with different
initial weights. The average values of MSE/c? and their standard errors obtained by the
AANNS are presented in Table 3. On average, the values of MSE/c” achieved by the
feedforward AANNs were 1.5-2 times larger than those achieved by the recurrent
AANNs. The recurrent AANNs performed significantly better than the feedforward

AANN:S for dynamic data reconciliation.

Table 3 Comparison of performance of recurrent and feedforward AANNs (Results are

based on 20 training/validation trials)

MSE /o? + standard error

AANN
Hp Tp Hg Ts
Feedforward 0.44+0.01 0.49+0.01 0.61+0.01 0.56+0.01
Recurrent 0.27+0.02 0.25+0.01 0.40+0.05 0.27+0.01

3.2 Online implementations of AANNs

Following the offline training, the recurrent AANNs were implanted inside PI
feedback control loops in the distillation column as illustrated in Figure 8, where the raw
measurements were first reconciled using the AANNs, and then the outputs of the

AANNSs were used by the controllers to calculate control moves.
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Figure 8 Feedback control scheme using AANN-based DDR.

The closed-loop performance of the AANN-based DDR for each controlled variable was
first evaluated for the nominal noise levels listed in Table 1. In order to obtain significant
dynamic change in the process, the setpoint of the bottom temperature was lowered by
2.5 °C at 30 min and returned to its nominal setpoint at 210 min, whereas the setpoint of
the top temperature was increased by 3.0 °C at 120 min and returned to its nominal value
at 300 min. The raw measurements, reconciled and true values for the four controlled
variables along with the control moves are presented in Figure 9. A setpoint change in
either of the two temperatures had an impact on the other three controlled variables due
to inherent interactions among the four control loops. Despite the complex dynamics, the
AANN-based DDR performed very well in tracking the true values. The reconciled data
were significantly less noisy than the raw measurements. Moreover, the high-frequency

oscillations of the control moves were also reduced.

To quantitatively assess the performance of AANN-based DDR, the MSE/c” value for
each controlled variable was evaluated for 20 simulation runs, each run with a different
white noise sequence. The mean of the MSE/c” values and its standard error for each

controlled variable are presented in the first row of Table 4. Compared to the variances of
the raw measurements, the MSE values for the reconciled data were much smaller,

indicating that noise reduction for the four controlled variables was significant.
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Figure 9 Closed-loop performance of AANN-based DDR for measurements corrupted by
the nominal noise level. The thinner dashed lines for the manipulated variables represent

control moves without the AANN-based DDR.
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Table 4 MSE /o’ values of reconciled data for the four controlled variables achieved by

the AANN-based DDR (Results are based on 20 white noise sequences)

_ MSE, /67 + standard error
Noise level

Hp Tp Hg Ts
Nominal, 6,=6 0.169+0.006 0.245+0.006 0.182+0.006 0.163+0.004
Doubled, 6;=2¢ 0.121+0.003 0.152+0.004 0.110+0.004 0.128+0.003
Tripled, o3=30 0.112+0.003 0.134+0.004 0.097+0.003 0.121£0.003

Without re-tuning the AANNS, the performance of the identical AANNs was evaluated
when the noise level of the measurements was twice and thrice the nominal noise level.
For the identical sequences of top and bottom temperature setpoint changes, the process
was simulated 20 times for each noise level, each time with a different white noise
sequence. The mean of the MSE/c? values and its standard error for each controlled
variable for the two noise level cases are presented in the second and third rows of Table

4, respectively. On average, the MSE/c” values decreased despite the increase of the
noise level, indicating the performance of the AANN-based DDR for noise reduction
became more effective, thereby demonstrating robustness to the change in the magnitude
of the measurement noise. For thrice the nominal noise level, the raw measurements,
reconciled and true values for the four controlled variables along with the control moves
are presented in Figure 10. The dynamic responses of the four controlled variables
without data reconciliation were considerably masked by the measurement noise. The
noise-to-signal ratios of the two liquid levels were very high such that it was difficult to
observe any dynamic trend. However, with the AANN-based DDR, the dynamic
responses were clearly observed and the high magnitudes of oscillations of the control
moves were significantly reduced. The benefits of using the AANN-based DDR inside

the control loops became more obvious.
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Figure 10 Closed-loop performance of AANN-based DDR for measurements corrupted

by thrice the nominal noise level. The thinner dashed lines for the manipulated variables

represent control moves without the AANN-based DDR.
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3.3 Comparison to Kalman filter

The performance of the AANN-based DDR to attenuate the impact of
measurement noise embedded inside the control loops was also compared to that of an
extended Kalman filter (EKF). To use the Kalman filter, process models, Equations (12-
15), were directly employed. Since all the four controlled variables were directly

measured, the measurement model was

Y. =X, +§ 1)

Because the covariance matrix of the process model noise, S, required by the Kalman
filter, was difficult to determine, S was assumed diagonal with elements treated as tuning
parameters in calculating the Kalman gain, K, . In addition, the two neural models for the
top and bottom temperatures were linearized at each sampling time in order to calculate

the gain of the Kalman filter.

The performance of the Kalman filter was evaluated when the distillation column was
subjected to the same sequence of temperature setpoint changes and for the three noise
levels that were used to assess the AANN-based DDR. The MSE values standardized by
their respective variances of raw measurements, MSE / o, for each controlled variable as
a function of the tuning parameters are plotted in Figure 11. It can be observed that, using
the Kalman filter for each noise level, the optimal tuning parameters were obtained for
minimum MSE/c? values. Increasing or decreasing the tuning parameters away from
their optimal values, the values of MSE/c? increased rapidly. When the noise level of
the measurements changed, the Kalman filter was re-tuned to regain its optimality,

otherwise sub-optimal performance resulted.
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Figure 11 Performance of Kalman filter for the four controlled variables for nominal,

twice and thrice the nominal noise level as a function of variances of process model

The performance of the extended Kalman filter using its optimal tuning parameters was
compared to that of the AANN-based DDR when the measurements were corrupted by
the three noise levels, respectively. Results of the mean of the MSE/c? values and its
standard error obtained from twenty white noise sequences for each controlled variable
and for each noise level are presented in Table 5. Compared to the values shown in Table

4 the extended Kalman filter performed better than the AANN-based DDR in the vicinity



of the optimal regions. The better performance of the extended Kalman filter is attributed
to the fact that process models directly participated in the data reconciliation, whereas,
process models indirectly participated in the AANN-based DDR. Information about the
process dynamics contained in the models was partly lost during offline training of the

AANNS.

Table 5 MSE /c? values of reconciled data for the four controlled variables achieved by

the extended Kalman filter (Results are based on 20 white noise sequences)

, MSE, / 6> + standard error
Noise level

HD Tp Hg Ts

Nominal, 61=c 0.161+0.005 0.188+0.005 0.151+0.005 0.153+0.004
Doubled, 0,=2c  0.111+0.004 0.113+0.004 0.104+0.004 0.091+0.003
Tripled, 63=3c 0.086+0.004 0.085+0.003 0.083+0.004 0.067+0.002

4 CONCLUSION

This paper developed an AANN-based dynamic data reconciliation algorithm, and
its performance for process estimation was quantitatively assessed when it was embedded
inside feedback control loops. Simulation results from the distillation column
demonstrated the AANN-based DDR can efficiently attenuate the impact of measurement
noise and consequently resulted in improved process monitoring and/or control. Two
AANN structures for dynamic data reconciliation, namely a feedforward AANN and a
recurrent AANN, were proposed. The performance of the recurrent AANN proved more
effective than that of the feedforward AANN. Models with various structures, €.g., linear
or nonlinear, can be encapsulated into the training objective function of an AANN to
perform dynamic data reconciliation. The covariance matrix of the model residuals
provides a measure for offline tuning for the AANN-based DDR. After offline successful
training, the AANN can be directly implemented online to perform DDR, without

explicitly calculating model predictions as required in the Kalman filter, and without
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resorting to an optimization algorithm as required in the conventional DDR algorithm.
Both the AANN-based DDR and the Kalman filter are robust to the changes of noise
level in plant measurements. The Kalman filter has better performance than the AANN-
based DDR at the vicinity of its optimal region. However, with adequate offline training,

the AANN-based DDR is easier to implement online.

NOMENCLATURE

A,: Jacobian matrix obtained by linearizing process models
B:  Bottom flow rate

C,: Jacobian matrix obtained by linearizing measurement models
D: Distillate flow rate

fn: Neural model

Hp,: Reflux drum level at time t

Hg,: Column base level at time t

I: Identity matrix

K,: Matrix of Kalman filter gain

N:  Total number of data points used to train neural networks
P . Covariance matrix of a priori estimation error

P,.  Covariance matrix of a posteriori estimation error

Reboiler heat duty

Q

R:  Reflux flow rate

S Covariance matrix of process model noise
TB

.. Column bottom temperature

T,,: Column top temperature

u,:  Vector of process input variables at time t

V:  Covariance matrix of the measurement noise

w,:  Vector of random variables denoting white Gaussian process model noise
x,.  Vector of the true values of process variables at time t
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x,:  Vector of estimates of true values of process variables

y,:  Vector of measured values of process variables

y..  Vector of model predicted values

Creek letters

g,:  Vector of random variables representing white Gaussian measurement noise
0: Vector of connection weights for neural networks

Q:  Covariance matrix of model error

c: Standard deviation of the raw measurements

Acronyms

AANN: Autoassociative neural network

DDR: Dynamic data reconciliation

EKF: Extended Kalman filter

MSE: Mean squared errors between reconciled and the true values
NLP: Nonlinear programming
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1 CONCLUSION

The DDR algorithms

In summary, three dynamic data reconciliation (DDR) algorithms were studied in
this work, namely, a nonlinear programming (NLP) based DDR, a predictor-corrector
based DDR, and an autoassociative neural network (AANN) based DDR. The NLP-
based DDR algorithm produces the reconciled values by minimizing a least squares
objective function consisting of the weighted sum of squared measurement and model
errors. Online optimization using nonlinear programming techniques is required at each
sampling time to minimize the objective function. The NLP-based DDR algorithm can be
schematically represented by Figure 1. The noisy measurements characterized by larger
variance are processed by the NLP-based DDR. The noise level in the measured process

variables is attenuated after the reconciliation procedure.

Minimize J(X,)

= (yt _it )T \' (yt _it)
— )& [

st x, <X, <x,

Raw measurements, y, Reconciled values, X,

Figure 1 Scheme of NLP-based DDR algorithm.

The predictor-corrector-based DDR algorithm is derived based on Bayesian arguments

when process models can be used to explicitly calculate model predictions, ie.,
¥, =8(X,% ..U 4,8 ,,..). The predictor-corrector based DDR algorithm is
schematically presented in Figure 2. As shown, although errors arise in both measured

and model predicted values, the reconciled values produced by the DDR algorithm

exhibit more precise estimates than either the measured or the model predicted values.
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it = 5’t +K(Yt _Slt)
—lp O | ——
K =(I+VR")
Raw measurements, y, 1 Model predicted values, y,

Reconciled values, X,

Figure 2 Scheme of predictor-corrector-based DDR algorithm.

The predictor-corrector-based DDR algorithm requires explicit calculation of model
predictions at each sampling time and online tuning for the filter gain, whereas, the NLP-
based DDR algorithm calls for online optimization. For complex processes, large
computation time may be needed. To overcome this problem, the AANN-based DDR
algorithm was developed. The AANN-based DDR algorithm is an autoassociative neural
network trained offline with respect to the formulation of dynamic data reconciliation
(see Equation (9) in Chapter VII). After successful offline training, the AANN-based
DDR algorithm provides the advantage that it can be directly implemented online to
perform DDR. Schematically, the AANN-based DDR algorithm is presented in Figure 3.
The raw measurements are processed through the autoassociative neural network to yield
the reconciled values. Again, the noise level contained in the reconciled values is
considerably reduced relatively to that in the raw measurements. With this approach, the

online tuning and optimization are eliminated.

Autoassociative
neural network

Raw measurements, y, Reconciled values, X,

Figure 3 Scheme of AANN-based DDR algorithm.
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Comparison to the Kalman filter

The predictor-corrector-based DDR algorithm was shown to be of the same form
as the Kalman filter. It is interesting to compare the two algorithms. For cases where a
process is described by linear models driven by white Gaussian noise and all state
variables of interest are directly measured, the Kalman filter recursively calculates the

covariance matrix of model predictions as

Pt th_—KtPt_ (1)

Putting the Kalman filter gain K, =P, (P{ + V)—1 into Equation (1) yields
-1

P =P -P (B +V) P 2)
Let the first term on the right-hand-side of Equation (2), P, be multiplied by a term,
(B +V)" (B +V)=1, then

P =P (B +V) (B +V)-B (B +V) B

- — _1 — —
P =P (P +V) [(B +V)-P ]
-1

P =P (P +V) V 3)
Applying the formula of matrix inverse, (AB) =B™'A™', Equation (3) becomes
- -1
(B + V)P 1} \

- -1
P = I+VP{1} \

P =V (1+VP;‘1)}

-1

P - (V-1 L )_1 4)

Equation (4) is exactly the covariance matrix of reconciled values obtained using the
DDR algorithm shown in Equation (19) in Chapter IV by substituting R for P, . This

means that estimates obtained using the DDR and Kalman filter are equivalent and it can

also be shown that both the DDR and Kalman filter are minimum variance estimators,
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provided that the covariance matrices of model prediction in the DDR and the covariance
matrix of process model noise defined in the Kalman filter are accurately known. In
practice, implementations of DDR are easier and more straightforward than those using
the Kalman filter, since they directly evaluate the model predictions. In addition, the
DDR can employ a wide variety of process models that can be phenomenological and
empirical, dynamic and static, continuous and discrete, linear and nonlinear, whereas, the
use of the Kalman filter is limited to process state-space models. The DDR filter can be

viewed as a more generalized model-based filter with the Kalman filter being a subset.

Comparison with the EWMA and/or MA filter

The predictor-corrector-based DDR algorithm can be rewritten as

%, =(I-K)§y, +Ky, (5)
where K, the gain of the DDR algorithm, ranges from 0 to I, neglecting cross-
correlations for measurements and models. With this form, the reconciled values can be
interpreted as being composed of two terms, a contribution of the model predicted value
and a contribution of the measured value. Recall the form of the exponentially weighted
moving average (EWMA) filter

%, =(I-P)x,_, + Py, (6)
where ¥, the tuning parameter of the filter, also ranges from 0 to I. It is apparent that
the DDR and EWMA filters have similar structure, except that in the DDR algorithm the

model predicted values y, are used, whereas in the EWMA filter the averaged past

measurements X,_, are used. The DDR makes use of both process temporal and spatial

redundancy while only process temporal redundancy is used in the EWMA filter. It is not
surprising that the DDR performs better than the EWMA filter for estimation of dynamic
processes, because of its ability to anticipate process dynamics using process dynamic

models.
Impact of model structure

Some important issues need to be emphasized for the use of the DDR algorithms.

Process models provide redundant information for the estimation of process variables in
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the DDR. When phenomenological models are unavailable or impractical to use,
empirical (black-box) models need to be identified and used in the DDR. Unlike
phenomenological models, such as the mass balance, black-box models often have a
higher degree of uncertainty, and to choose a particular structure among the wide variety
of structures is not a trivial task. Structures of black-box models have a considerable
impact on the performance of DDR. A DDR algorithm using simple linear models, such
as the widely used first-order-plus-dead-time model, can successfully attenuate the
measurement noise. Further improvement of the DDR performance can be achieved using
more comprehensive models such as neural network models. The improved performance
of the DDR originates from the fact that these models can more efficiently capture the

underlying dynamics of the process over a wide range of operating conditions.

It is important to comment that, the DDR algorithms rely strongly on the accuracy of
process models to predict the process variables in order to provide a good estimate of
their true values. Often, process state shifts or the operating point changes. For those
cases, the process models may no longer accurately predict the dynamics of the process.
Consequently, the models need to be adapted in order to result in better performance of

the DDR algorithm.

Enhanced controller performance

The developed DDR algorithms were evaluated within the structure of feedback
control loops. Without filters, the dynamics of controlled variables are often masked by
measurement noise and manipulated variables display high-frequency oscillations due to
noise propagation inside the feedback loops. In such cases, controllers have to be de-
tuned and with de-tuned controllers, the process inevitably behaves sluggishly when
subjected to external disturbances or controller setpoint changes. The use of filters, such
as the classical digital EWMA or MA filters, enables the controllers to be tuned more
aggressively such that the processes can be controlled more tightly. However, the DDR
filters perform significantly better than the EWMA and MA filters for improved
controller performance, because the DDR can provide more accurate knowledge about

the state of the process by integrating information from process dynamic models.
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2 CONTRIBUTIONS

The main contributions of this thesis are summarized as follows:
Development of efficient DDR algorithms

Along with the recently proposed NLP-based DDR algorithm (Makni et al., 1995;
Hodouin and Makni, 1996), two new algorithms for DDR, namely predictor-corrector-
based DDR and AANN-based DDR were developed. The performance of the three
algorithms for the estimation of dynamic processes was quantitatively evaluated. The
NLP-based algorithm is generally applicable while the predictor-corrector algorithm
provides computational benefits when process models can be used to explicitly calculate
model predictions and there are no hard constraints on these predictions. The AANN-
based algorithm can be generally applied and avoids the online optimization in the NLP-
based algorithm. Extensions of the predictor-corrector algorithm to deal with
autocorrelated measurements were also developed. This work showed that the new DDR

algorithms are theoretically and practically sound.

Impact of model structures on the performance of DDR
Although different model structures have been used in previous studies of DDR,
no evaluation of the impact of model structure on the DDR performance has been found.
In this thesis, a range of model structures, from phenomenological to black-box models
were examined. It is shown that:
» The use of linear models (which are easy to identify and implement) in the DDR can
significantly attenuate measurement noise.
» If further attenuation of measurement noise is required, more complex models can be
used but with more engineering effort and diminishing returns.
= These findings suggest that, in practice, one should start with simple linear models

and move to more complex models only if further improvements are required.
Dynamic data reconciliation versus Kalman filtering

This thesis clarifies the relationships between the DDR algorithm and the Kalman
filter. Development of the DDR algorithm via Bayesian arguments showed that the
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predictor-corrector form of the DDR algorithm is identical to the Kalman filter under the

following assumptions: i) model is in linear state-space form; ii) model noise terms, R (
DDR) and S (Kalman), must be known and such that the converged values of P, in the

Kalman filter equals R ; iii) there are no hard constraints on the state variables.

The DDR algorithm allows any form of model to be used, while the Kalman and
extended (for linear approximations of nonlinear models) Kalman filters are restricted to
linear state-space models. Further, the NLP-based DDR algorithm can handle hard
constraints on the state variables. Overall, the Kalman filter can be regarded as a subset

of the DDR algorithm.

Controller performance with embedded DDR algorithms

This thesis demonstrates the improvement in controller performance with DDR
algorithms embedded in standard PID feedback control loops. DDR filters resulted in
significant improvements over traditionally used EWMA and MA filters for both storage

tank and distillation column processes.

Use of AANN-based DDR algorithm
This thesis demonstrates the novel application of AANN for DDR in two storage
tanks and a distillation column. Algorithms were developed using a recurrent AANN and
a feedforward AANN. Both algorithms were effective but the recurrent form displayed
better performance for the distillation process. The AANN-based DDR algorithm was
found to possess the following benefits:
» Training of the AANN can be done offline
» After training, the AANN can be directly implemented online without explicit
calculations of model predictions (as required by Kalman filter) or online
optimizations (as required by NLP-based DDR)
» Similar to other DDR algorithms, the AANN-based DDR is robust to the level of

measurement noise.
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3 RECOMMENDATIONS

Throughout this work, a number of interesting research topics arose and the most
important are presented here as recommendations for future studies. Some initial ideas

that would allow carrying on these studies are discussed below.

Dynamic data reconciliation considering cross-correlated measurements

Although the DDR algorithms developed in this work take into account both
variances and covariances of measurement errors, the covariances were not added to the
measurement errors in the simulation examples performed throughout this work (i.e., the
covariance matrix of measurements was diagonal). From a practical point of view, for
simplicity, the covariance matrix is often assumed to be diagonal. For steady-state data
reconciliation, Hodouin et al. (1998) showed that neglecting the covariances does not
dramatically degrade the reliability of reconciled data if the covariances are relatively
small. However, considerations of covariances can improve the consistency of reconciled
data (Bazin and Hodouin, 2001). Evaluations of the impact of covariances on the results

of dynamic data reconciliation are recommended for future studies.

Design of neural controller to simultaneously perform DDR and process control

This work demonstrated that the use of an AANN-based DDR algorithm inside
control loops significantly improved the controller performance due to noise attenuations
performed by the neural network. It would be interesting to integrate the controllers and
the DDR into a neural network that could simultaneously perform process control and
noise reduction. The scheme of the neural controller is proposed in Figure 4. A neural
network having the similar architecture as the AANN is trained offline. For network
training, open loop data sets for manipulated variables and controlled variables corrupted
by measurement noise are collected. Then, in network training, the wvectors

[¥.x, ¥, u,,]" are presented to the input layer while the vectors u, are presented to the

output layer of the network. The training criterion is to minimize the sum of squared

differences between the network outputs and the training data w,. The training is

essentially to let the network to learn the inverse dynamics of the process such that the
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network can produce appropriate control moves when implemented online as a controller.
The number of future time steps, H, as a tuning parameter, is selected such that the
neural controller has acceptable online performance for setpoint changes and for external
disturbances. In addition, by means of data compression and regeneration performed by
the network, the noise contained in the controlled variables can be significantly
attenuated by passing it through the network. Consequently, smooth control actions are
achieved. For multiple-input multiple-output (MIMO) process, the use of the proposed
neural controller also provides the advantage that it can decouple the interactions between

controlled variables since it is trained by considering plant-wide dynamics.

Y

v

Process F—%

' 3

Figure 4 Scheme of a neural controller to simultaneously perform DDR and process

control.

Measurement bias detection

The DDR algorithms developed in this work assume measured values are
unbiased. However, measurement bias is commonly present in process measurements.
Detection of measurement bias is an important issue in data reconciliation. Measurement
bias needs to be identified and removed from raw measurements before reconciliation.
McBrayer and Edgar (1995) proposed a bias detection method incorporated in a dynamic
data reconciliation algorithm using process phenomenological models as constraints. As
stated, phenomenological models are often difficult to obtain for a chemical process. On
the other hand, empirical models have been widely used in practice. The algorithm of

measurement bias detection in dynamic data reconciliation can be formulated as

217



Minimize J(it ) it—l L EEET) it_L b B) =
L

Z {[(Yt—i - ﬁ) X, T v [(yt_i - f}) -X, :| +fT (ﬁt—i ) o'f (it—i )

i=0

} (7

where ﬁ is a vector of estimates for the measurement bias assumed constant within the

time horizon, [t-L, t]. A moving window is necessarily added to the DDR algorithm in

order to effectively detect the true values of the measurement bias, . The window length

L should be an important parameter for the bias detection. The larger the value of L, the
more effective the detection algorithm should be, but at the expense of more computation

effort in solving the optimization problem of Equation (7).

Fault detection and diagnosis for dynamic processes using neural networks

Fault detection and diagnosis are important issues in plant operation. Process
faults involve measurement device malfunction, failure of actuators and other abnormal
process conditions such as serious degradations of reaction catalyst. There has been a
considerable interest in this field from industrial practitioners and academic researchers.
Various detection and diagnosis methods from different perspectives have been proposed
in the literature, ranging from analytical methods which are based on process models, to
artificial intelligence methods which are based on historical process data
(Venkatasubramanian et al., 2003). The use of artificial neural networks has been
recognized as an effective approach to detect and diagnose process faults for steady-state
processes and has been considerably studied in the literature. Fault detection and
diagnosis for dynamic processes using neural networks is an appealing topic

recommended for future studies.

Implementation of Dynamic data reconciliation for industrial processes

It is recommended that the models proposed for the autogenous/semi-autogenous
(AG/SAG) grinding process presented in Annex A be calibrated using plant data. To
implement data reconciliation strategies, these calibrated models could run online. At
each sampling time, raw measurements can be reconciled with associated model
predicted values using the predictor-correct form of the DDR as the estimates for

measured process variables, meanwhile estimates for unmeasured process variables are
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just the model predicted values. The applications of the DDR algorithm should

significantly improve process monitoring and control strategies.
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ANNEX A

Histograms of Measurement Errors, Model

Prediction Errors and Reconciliation Errors
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The DDR algorithms developed in this work are based on the assumption that the
measurement noise and model prediction error are normally distributed. If this
assumption is valid, it can be shown that the reconciled values are also normally
distributed and the reconciliation error is less than both model prediction and the
measurement errors (see Equation (10) in Chapter V). In the simulation conducted
throughout this work, simulated white Gaussian noise was added to the true values of
process variables to represent typical raw measurements. In order to validate the
assumption that the model prediction error is also Gaussian noise, the model prediction

errors were calculated and their histograms are presented.

Cylindrical storage tank process

For the simple process consisting of the cylindrical storage tank process shown in
Figure 1 of Chapter III, the model predictions for the tank level were calculated by the
linear model, i.e. the mass balance for the tank (see Equation (17) in Chapter III). For the
dynamic case study shown in Figure 2 of Chapter III, the histograms of the measurement
noise, model prediction error and reconciliation error for the tank level are presented in
Figure 1. It sows both the model prediction and reconciliation errors resemble normal
distributions, and their variations are significantly smaller than the raw measurement
noise. In addition, as expected, the reconciliation error has a standard deviation that is
lower than both measurement and model prediction errors and satisfies the relationship

that was established in Equation (10) of Chapter V.
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Figure 1 Histograms of (a) measurement noise, (b) model prediction error, and (c)
reconciliation error for the cylindrical storage tank level. s: standard deviation of the

€rror.

Distillation column process

The assumption about the structure of model prediction error was also justified for
a more complex process, i.e. for the distillation column where black-box models were
identified and employed. Two linear models (See Equations (C1) and (C3) in Chapter IV)
were used for the two liquid levels, while two nonlinear models (See Equations (23) and
(24) in Chapter V) were used for the two temperatures. For the dynamic case study
shown in Figures 7(a) and (b) of Chapter V, the histograms of measurement noise, model
prediction errors, and reconciliation errors for the reflux drum level, top temperature,

column base level and bottom temperature are presented in Figures 2-5, respectively.
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Figures 2-5 show very clearly that both the model prediction errors and reconciliation
errors very closely resemble Gaussian distribution, and the reconciliation errors have
smaller standard deviations than the model prediction errors and the measurement errors.
Furthermore, the standard deviations of the measurement noise, the model prediction

errors, and the reconciliation errors statistically satisfy Equation (10) in Chapter V.
It can therefore be concluded that the assumption of normal distribution for the model

prediction errors are satisfied for the processes that were studied in this work. As a result,

the reconciliation errors were also normally distributed.
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ABSTRACT

In the mineral processing industry, autogenous (AG)/semi-autogenous (SAG)
grinding mills play a vital role in production of valuable minerals. Plant operation
personnel are constantly seeking to improve the economic performance of the whole
plant by trying to achieve a higher productivity and a more consistent product quality
while minimizing energy consumption and environmental impact. However, the energy
required for grinding may account for up to 40% of the direct operating cost and
improving the efficiency of the grinding operation will translate into substantial savings.
Process modeling and simulation may provide a cost-effective approach to achieve these
objectives. Indeed, process modeling and simulation allow investigation of the dynamic
behavior of the grinding process and assessment of different operating strategies under a
variety of operating conditions. This paper provides a more parsimonious parametric
model for the AG/SAG grinding mill process. Based on the proposed models, the steady
state and dynamics of a typical industrial grinding process was studied under various

scenarios.

Keywords: AG/SAG grinding mill, modeling, simulation.
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1 INTRODUCTION

In mineral processing plants, autogenous (AG)/semi-autogenous (SAG) grinding
mills are important unit operations for the production of valuable minerals from mined
ore. Crushers are used to break bulky lumps of mined ore into relatively large particles of
various sizes, and then these particles are conveyed into the AG/SAG mills for further
size reduction in order to obtain the desired particle size distribution. Leaving the
grinding process, the ore particles are sent to floatation cells to preferentially recover
valuable minerals. One critical objective in the AG/SAG mill operation is therefore to
produce an optimal particle-size distribution prior to the floatation operation. This
objective must be satisfied because only the minerals embedded in a particular range of
particle size, called liberation size, can be effectively recovered. Grinding to a size either
larger or smaller than the liberation size reduces the efficiency of recovery and also may
cause a pollution control problem (Radhakrishnan, 1999). Another critical goal in the
AG/SAG mill operation is to increase plant energy efficiency. It is estimated that the
grinding mills take 30% to 70% of total plant power consumption, while power
consumption in the mineral processing accounts for half of the operating cost (Nikkhah
and Anderson, 2001). It is important to point out, however, that less than 10% of the total
power input is actually utilized in the size reduction (Rajamani and Herbst, 1991). As a
result, it is essential to efficiently monitor, control and optimize the grinding mill
processes, such that the operating cost is minimized, the plant productivity is maximized,
and the size specifications for the particles leaving for the floatation operation are

satisfied.

One avenue to achieve these objectives is through process modeling and simulation.
Indeed, process modeling and simulation not only provide a better understanding of the
influence of the various disturbances affecting the performance of the process, but also
allow evaluations of different operating and control strategies for the mill. A few steady-
state and dynamic models of grinding mill processes have been proposed in the literature
(Rajamani and Herbst, 1991; Valery and Morrell, 1995; Morrell et al., 1996, Morrell and
Man, 1997, Morrell, 2004). The proposed models are relatively complex and are usually
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characterized by a very large number of model parameters composed of breakage rate
constants and breakage distribution functions of ore particles. As a result, calibrating
these models can be tedious and expensive. In this study, we developed an alternative
approach to model the grinding mill process. The proposed model has a significantly
lower number of parameters than those published in the literature. The structure of the
simplified model for the grinding process is outlined. Then, steady-state conditions and

dynamic behaviors of the process were investigated using the proposed models.

2. MODELS FOR THE GRINDING MILL PROCESS

A typical flow diagram of an industrial AG/SAG grinding process is presented in
Figure 1. The fresh ore is continuously fed to the grinding mill. The mill mainly consists
of a rotating cylinder having a large diameter and a relatively short length. During its
rotation, the contents of the mill tumble violently causing breakage of the particles by
impact, abrasion and attrition between the particles. In AG mills, only ore particles are
present and used as grinding media, whereas, a number of steel balls are added to SAG
mills in order to enhance the breakage. Fresh water is continuously added to the mill to
create a slurry that is required to allow the solid particles to flow. The load on the mill
consisting of the ore particles, steel balls (about 8% of the load, if used) and the water,
occupies approximately 30% of mill volume. When the ore particles have been reduced
to the desired size, they are able to escape through the openings of the discharge grates
along with the water. The discharge slurry, containing about 20% water, is then collected
and diluted with additional water in the stirred sump. The slurry level of the sump is
controlled by manipulating a variable speed pump on the outlet stream. The diluted ore
slurry then enters into the hydrocyclone classifier to separate the ore into finer and
coarser particles. The underflow stream of the hydrocyclone containing larger particles is
recycled to the mill for further grinding. The overflow stream of the hydrocyclone,

containing finer particles, is sent to the flotation cells to recover valuable components.
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Figure 1 Flow diagram of an AG/SAG grinding mill process.

2.1 Grinding mill model

The particles in AG/SAG mills can be considered to have a continuous particle
size distribution. To conveniently model the grinding process, the continuous size
distribution is discretized into N particle-size classes. Particle class 1 corresponds to the
biggest particles, whereas particle class N contains the finest particles. In the modeling of
breakage kinetics for particle-size class i, i = 1, 2, ..., N, two expressions have been
typically used in the literature, namely the breakage rate constant and breakage
distribution functions (Rajamani and Herbst, 1990, Valery and Morrell, 1995; Morrell et
al., 1996; Morrell and Man, 1997, Morrell, 2004). The breakage rate constant is
employed to describe how fast the particles of size class i1 are broken into its descendant
smaller size classes i+1, i+2, ..., N. Meanwhile, the breakage distribution functions are
the particle fractions for sizes i, i+1, i+2, ..., and N after the breakage event of the
particles of size i. The breakage rate constant and the distribution functions are used to

calculate the generation rate for particles of size i, g,. It is defined as the sum of the

products of the breakage rate constants, the distribution functions and the mass holdups

from size 1 to i, and it is given by

8 = 2 a,;m, O

=1
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where a,; is the values of breakage distribution function for particles of size j, r; is the
associated breakage rate constant, and m; is the mass holdup of particle size j in the mill.

To obtain the model parameters, the breakage rate constants are usually calibrated from
plant data, while the distribution functions are obtained from a series of drop-weight tests
in the laboratory. For particles divided into N particle classes, the parameters of the

distribution functions can be represented by a NxN upper-right-hand-triangular matrix.

The problem with this approach is the large number of parameters, [N+N(N—1)/2],

that need to be identified, especially when the number of particle size classes N is large.
In addition, the laboratory tests required to estimate this matrix are not representative of
the conditions that prevail in industrial grinding equipment. It is nearly impossible to
obtain this information from industrial data unless one accepts to spend significant effort

and time to perform numerous tests.

As an alternative to the breakage distribution function, a simplified model to account for
the breakage action of the ore particles is proposed in this work. On average, the
progressive particle size reduction can be represented by a series of chemical reactions as
shown schematically in Figure 2 where each particle size represents a chemical species.
With this scheme, the generation of particles of class size i can only result from its parent
particles of class i-1. Therefore, as schematically illustrated in Figure 2, the generation

rate of particles of size i is simply the product of the breakage rate constant, k; |, and the

associated mass holdup, m, ,. Using this scheme, only the breakage rate constants are

1

involved, and therefore the number of model parameters reduces to N-1.

K, SRe Lk, S

—— Wy — &5

= CRARLIN

GERAT

size i-1 size 1 size i+1

Figure 2 Scheme of breakage model of particles in AG/SAG grinding mills.
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Sometimes, density of the ore particles fed to the grinding mill may vary dramatically
during the operation, and the breakage dynamics will also vary. To accommodate density
changes and their impact on breakage rate, the possibility of having different classes of
density has been added to the model. The model is therefore developed for M density
classes and each density class is divided into N size classes. Considering the grinding
mill process shown in Figure 1, the population mass balance for particles belonging to

size i and density j at time t can be written as

Fori=landj=1,2,...M

dm. .
dtl,J =+, -~k ;m, (2)

Fori=2,3,.,N-landj=1,2,.. M

dm

ij _ el 6 3
T_fhj +£5 - +km -k m, 3)

Fori=Nandj=1,2,.,.M

dm, i

dt

=1y +f§,j —fﬁ,,j +ky My @)

where m, ; is the particle mass holdup for size i and density j in the mill; f7; is the mass
flow rate of the particles of size i and density j in the p™ material stream, k;; is the

associated breakage rate constant.

The breakage rate constant, k. ., is a measure of the friability of the ore for passing from

ijo
one class size to the next. For a specified mined ore, the values of k;; depend on
numerous factors, such as the ball charge, the charge particle size distribution and the
speed of rotation of the mill. The calibration of this model will probably show that the
values of k;; would be higher for larger particles. Further, since any change in the feed
particle size distribution will directly affect the charge size distribution, variations in the

feed particle size distribution will affect the breakage rate, especially for AG mills,

because the particles of the ore are the grinding media. Studies on the impact of mill
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speed, fresh ore feed size distribution, ball size and ball charge volume on the breakage

rate constants have been presented by Morrell et al. (1996).

In addition to the mass balance of the ore particles, the mass balance of water in the mill

is given by

dmy , B

dt fézo + f}6120 - fli,o (5)

where my, , is the mass holdup of water in the mill; fj , represents the water flow rate in

the p™ material stream. Knowing the mass holdup for each individual particle class and

water, the mass holdup for the ore in the mill, M, and the total mass holdup, M, , can

be calculated as

N M

More = Zl Z:l mi,j (6)
i=1 j=

Mtotal =More + mHZO (7)

Similarly, the mass flow rate of the ore particles, F°_, and the total mass flow rate, F, in

the p“h material stream can be given by

P =5 £ ®)

i=1j=1

PP =F., +15 )

ore

Equations (2-9) are the lumped-parameter models with the assumption of perfect mixing

for the ore particles and water in the grinding mill.

2.2 Mill discharge rate model
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The flow rate of the slurry leaving the mill depends on two mechanisms: the
transport to the mill grate and the classification by the discharge grate. The discharge
flow rate of particles belonging to size i and density j is proportional to their mass holdup

in the mill and depends on the grate openings, i.e.

f13) = dimi,j (10)

whered, is the associated discharge rate function. Although d; can be calibrated from the
measurements of the mass of each particle size i inside the mill and the mass flow rate of
the same particle size exiting the mill, to determine accurately this value is not a trivial
task. Consequently, Morrell (2004) recommended using Figure 3 to determine the values

ofd;. For particle size smaller than ¢, (usually 1 mm), the discharge rate function is

constant and equal to that of water, dmax. This assumes that the slurry containing particles
smaller than size ¢, behaves like a homogenous fluid. For particle size larger than ¢, the
discharge function decreases linearly on a semi-logarithmic scale until it reaches zero at
particle sizes larger than the grate port size, ¢o. Within the particle size region [¢m, dol,
the probability of particle retention by the grate increases with the increase of the particle

size.

dmax

d;, h'!

Pm Po
Figure 3 Model of discharge rate function for the AG/SAG mill.

2.3 Sump model
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The sump can be modeled as a continuously stirred tank with perfect mixing.
Neglecting size changes of ore particles in the sump due to abrasion or attrition caused by
the blades, the mass balance for particles belonging to size i and density j can be

represented by

dsi,' 5
'd—tjszj -f;; (i
where s, ; is the mass holdup in the sump tank for particles of size i and density j. The

mass balance for the water around the sump can be given by

ot fl‘{tzo - fI-5120 (12)

where s, is the water holdup in the sump. The mass holdup for all the ore

particles, S_. , and the total material mass holdup in the sump, S, can be given by
N M
sore :ZZSi,j (13)
i=1 j=1
Stotal = Sore + SHZO (14)

With closed loop of the slurry level controller, the volumetric flow rate of the slurry
leaving the sump is determined by a control equation. For a proportional-integral (PI)

controller, the controller equation in its discrete form is given by

AT
\/sslurry,t = Vsslurry,t—l + I<C |:(8t - 8t—1) + T_St:l (1 5)

I

where K_and 1, are the controller parameters, €, denotes the deviation between the

controller setpoint and the slurry level at time step t, and ijy,t represents the control

move at time step t, i.e. the volumetric flow rate of the outlet stream of the sump at time t.
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2.4 Hydrocyclone model

The residence time of the slurry in the hydrocyclone is much smaller than the
residence time of the slurry in the mill and the sump. Therefore, the dynamics of the
hydrocyclone can be considered negligible. During the hydrocyclone operation, the
centrifugal force induced by the flow causes coarser particles to be discharged with a
small amount of water to the underflow stream, which is subsequently recycled to the
mill for further grinding. At the same time, the inner spiral of fluid brings the finer
particles into the overflow stream. It is known that developing a phenomenological model
based on fluid flow mechanics for the hydrocyclone process is difficult. Consequently, an
empirical model having eight parameters has been used in the literature (e.g., Rajamani
and Herbst, 1990). Obviously, estimation of an eight-parameter model is not trivial. In
this work, a two-parameter model for the hydroyclone process is proposed. Akin to the
slurry discharge flow leaving the grinding mill, the mass flow rate of particles belonging
to size i and density j in the overflow stream is proportional to the flow rate in the feed

stream, i.e.

i i,

where p,; is the probability that particles of size i and density j leave with the overflow
stream. p,; is a nonlinear function of particle size. A sigmoid function was used in this

investigation to model p,; as

1
o ()7, am)

Pii = 1+¢*
where a; and b; are the model parameters for density class j and they are determined by

measuring the mass fractions of the particle classes in the overflow stream and the feed
stream to the hydrocyclone. Figure 4 illustrates the probability functions for a variety of

density classes. For a particular density class, the probability of smaller particles (less
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than 0.1 mm) leaving with the overflow stream is close to 1. The probability for medium
particles (0.3-3 mm) decreases very rapidly with an increase in particle size, and it
reaches zero for particles larger than 10 mm. For a particular size class, the probability of
particles leaving with the overflow stream is lower for higher density particles than for
lower density particles, since higher density particles are more easily expelled to the

underflow stream under centrifugal forces. The model parameters, a; and b,, are

functions of the water concentration in the feed stream to the hydrocyclone. For finer
particles, their probability of leaving with the overflow stream increases with higher
water concentration. On the other hand, for coarser particles, the probability to leave with
the underflow stream increases with higher water concentration.

1

Probability, p; d
o o =
H (o) o]

o
[\
1

Particle size (mm)

Figure 4 Possible probability functions for particles to leave with the overflow stream.

. density class j=1; -—-—- :j=2; ———j=3. Density class 1 is the highest density.

Following the determination of the particle flow rates in the overflow stream, the flow
rates of the particles belonging to size i and density j leaving with the underflow stream

can be given by the mass balance

fi?j =(1-p,; )flsj (18)
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Along with the flows of the ore particles, a relatively small amount of water is entrained
by the particles in the underflow stream. The quantity of water entrained is proportional

to the total mass flow of ore particles in the underflow stream, i.e.

6 NM s
szo =ezzfi,j (19)

i=l j=1
where 6 is a constant determined by measuring the water content and the flow rate of the
underflow stream. By means of a mass balance for water, the water flow rate in the

overflow stream can be determined by

f}7120 = flflzo - flflzo (20)
3. SIMULATION RESULTS

The model for the grinding mill process consists of coupled differential/algebraic
equations (DAEs). This set of equations needs to be solved as a function of time. A
numerical algorithm using explicit Euler’s method with an integral step size of 1 second
was used to solve the DAEs. A FORTRAN program was coded to carry out the

simulations for the process shown in Figure 1.

3.1 Model parameters

To investigate steady-state conditions and dynamic responses of the grinding
process, most values of the model parameters were assigned based on data in the
literature (Morrell et al,, 1996; Morrell, 2004) while some others were based on
engineering judgment. In addition, transportation time lags of 0.5 minute and 2 minutes
were assumed for the discharge stream leaving the mill and the recycle stream leaving the

hydrocyclone, respectively.

Two density classes of the ore particles were used in the simulation. Particles belonging
to density class 1 had a higher density. The cumulative mass fractions of particle sizes of
density classes 1 and 2 in the fresh ore feed stream were assigned 0.5 each. Within each
density class, the ore particles were further classified into ten size classes, i.e. N = 10.

The ore particle size distributions in each density class in the fresh ore feed stream are
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presented in Figure 5. The particles of size class 3 (corresponding to particle size 30 mm)
had the highest mass fraction in the feed stream. The total mass flow rate of the fresh ore

particles fed into the mill was 500 t/h. The mass flow rate of fresh water entering to the

mill was 240 t/h.
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Figure S Particle size distributions of (a) density class 1 and (b) density class 2 in the

fresh ore feed stream.

For each density class, the breakage rate constant for each size class adapted from
Morrell (2004) is presented in Figure 6. This figure shows typical characteristics of the
breakage rate constants as a function of particle size that is normally observed in
AG/SAG mills. In general, the ore breakage rate constant is larger for lower density

particles because the friability of these particles is usually higher.
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Figure 6 Breakage rate constants of ore particles.
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The values,d_, =20.0h”, ¢, =1 mm and ¢, =10 mm were used for the mill discharge

model (see Figure 3). The diameter of the cylindrical sump was 6.0 m. A PI controller
was used to control the slurry level in order to maintain it at the setpoint of 4 m despite
external disturbances that may occur. The nominal steady-state mass flow rate of the
diluting water going to the sump was 120 t/h. For the hydrocyclone model, the
parameters a; and b; in the probability function model (see Equation (17)) for each

density class were obtained when the water mass fraction, Cflzo, in the hydrocyclone feed

stream was 0.3 and 0.4, respectively. Then, the parameters of the probability function
model as a linear function of water concentration for the two density classes were

determined as

a, =18.75C}, , —2.6765

: 21)
b, =—0.64C5; , +0.0571

a, =18.664C5 , —2.6352

(22)
b, =—0.9854C; , +0.008

The water entrainment by the coarser particles in the underflow stream leaving the

hydrocyclone was assumed to be 5% of the total mass flow rate of the ore particles.

3.2 Steady-state conditions

From the initial values given to all process variables, the system of equations was
solved until the process converged to its nominal steady state. The steady-state size
distributions of the ore particles in the mill are presented in Figure 7. It shows the mass
fraction in the mill was maximum for particles of size 10 mm (i.e. mill grate size) for
both density classes. The particle mass fractions increased with increasing particle sizes
until the maximum at 10 mm was reached and then progressively decreased to very small
values at 100 mm. The particle size distributions in the mill greatly depended on the
breakage rate constants associated to the size and density classes. In this investigation,
the breakage rate constants for particles of density class 2 were larger than for particles of

density class 1, such that the cumulative mass fraction of density class 2 was smaller than
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that of density class 1. This implies that particles of density class 2 were more friable.
The steady-state water mass holdup in the mill was 13.5 t and the total mass holdup was

1555t
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Figure 7 Particle size distributions of (2) density class 1 and (b) density class 2 in the

grinding mill at process nominal steady state.

The nominal steady-state particle size distributions of the mill discharge stream are
presented in Figure 8. For density class 1, the particle mass fractions increased with
increasing particle size in the range 0.1 — 10 mm. For density class 2, the particle mass
fractions increased with increasing particle size in the range 0.1 — 0.6 mm and remained
almost constant in the range 0.6 mm — 10 mm. No particles larger than 10 mm were
present due to the inherent classification performed by the grates. Akin to the mill
holdup, the particles of density class 1 had a larger cumulative mass fraction than
particles of density class 2. The steady-state total mass flow rate of the mill discharge

stream was 1360.6 t/h, including 269.6 t/h of water.
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Figure 8 Particle size distributions of (a) density class 1 and (b) density class 2 in the

mill discharge stream at process nominal steady state.

The steady-state size distributions of the ore particles in the sump were identical to those
of the mill discharge stream, except that their mass fractions were smaller because of the
addition of the diluting water into the sump. The total mass holdup in the sump was 291.1
t. The total mass flow rate of the outlet stream leaving the sump was 1480.6 t/h, of which

389.6 t/h was for water.

The steady-state ore particle size distributions in the underflow stream leaving the
hydrocyclone are presented in Figure 9. It shows the particle mass fractions increased
with increasing particles sizes. For particle sizes in the range 0.1 — 0.6 mm, the mass
fraction for both density classes was almost identical. For particle sizes in the range 0.6 —
10 mm, the mass fractions for higher density class, i.e. density class 1, were larger than
that for lower density class, i.e. density class 2. As the result, the cumulative mass
fraction of particles belonging to density class 1 was higher than that of particles
belonging to density class 2. The total mass flow rate of the underflow stream was 620.6
t/h, including 29.6 t/h for water. The mass flow rate of ore particles in the underflow
stream brought 54 % of mass flow rate of ore particles in the feed flow stream to the

hydrocyclone.
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Figure 9 Particle size distributions of (a) density class 1 and (b) density class 2 in the

underflow stream of the hydrocyclone at process nominal steady state.

The results of steady-state size distributions of the ore particles in the hydrocyclone
overflow stream, i.e. in the product stream of the grinding process, are presented in
Figure 10. It shows that the mass fraction increased with increasing particle sizes until a
maximum, at 1.0 mm for density class 1 and at 0.6 mm for density class 2, was reached.
Then, the mass fraction progressively decreased to zero at 10 mm. For density class 1, the
maximum particle mass fraction at 1.0 mm accounted for 27% of its cumulative mass
fraction. For density class 2, the maximum particle mass fraction at 0.6 mm accounted for
25 % of its cumulative mass fraction. The populations of finer particles in the range 0.1 —
1.0 mm from both density classes dominated the product stream, representing 77 % of
total mass flow rate. The total mass flow rate of the product stream was 860 t/h, of which

the water flow rate accounted for 360 t/h.
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Figure 10 Particle size distributions of (a) density class 1 and (b) density class 2 in the

product stream of the grinding mill process at process nominal steady state.

3.3 Dynamic simulation

3.3.1 Responses to step changes in fresh ore feed flow rate

The dynamic behavior of the grinding process was studied via simulation. Starting
with the process nominal steady state, the grinding circuit was subjected to a series of
step changes in the total mass flow rate of the fresh ore feed stream. The fresh ore feed
rate was first increased from 500 t/h to 600 t/h, then decreased to 400 t/h before returning
to the nominal fresh ore flow rate of 500 t/h. The dynamic responses of the mill holdups
for particle classes from both density classes are presented in Figure 11. It shows that, as
expected, the variation of the mass holdup associated to each class of particle size
followed the variation of the fresh ore feed rate. The mill holdups for larger particles
were more rapidly affected than for smaller particles following the disturbances. The mill
holdup for the finest particles (size 0.1 mm) displayed the most sluggish responses. The
dynamics of the mill holdup for each particle size appeared to behave as first order
systems. Consequently, static gain and time constant for the dynamics of the mill holdup
for each class of particle size were calculated and the results are presented in Table 1. It is
shown that the dynamic response of the mill holdup for the 10 mm particle size had the
largest static gain, while small gains were observed for the dynamic response of the
smallest and largest particles. On the other hand, the time constant of the dynamic
response increased from a very low value for the largest particles to a much higher value

for the finest particles.
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Figure 11 Dynamic responses of mass holdups in the mill for a series of step changes in

the fresh ore feed flow rate.
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Table 1 Static gain and time constant for the dynamic responses of mill holdups

Particle Class Size, mm Static gain, h Time constant, min
1 100 0.001 1.57
2 60 0.014 3.99
3 30 0.045 9.84
4 10 0.083 17.2
5 0.046 229
6 3 0.020 272
7 0.015 33.6
8 0.6 0.016 39.9
9 03 0.014 39.1
10 0.1 0.009 41.8

The dynamic responses of mass flow rate for each size class in the mill discharge stream
displayed similar characteristics as their corresponding holdups in the mill, except that
the mass flow rates for particles larger than 10 mm were obviously absent due to the
classification function performed by the grates. The dynamic responses of the sump level
and mass flow rates of particles in the outlet stream of the sump are presented in Figure
12. Despite the step changes in the fresh ore feed flow rate, the PI controller was able to
maintain the sump level at its setpoint by adjusting the outlet flow leaving the sump tank.
Compared to the dynamics of mill discharge stream, the dynamic responses of the mass
flow rates of the particles in the sump outlet stream exhibited slower dynamics due to the

volume of the sump tank.
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changes in the fresh ore feed flow rate.

The dynamic responses of the mass flow rates of particles in the underflow and overflow
streams leaving the hydrocyclone are presented in Figures 13 and 14, respectively. The
dynamic responses for larger particles were faster than for smaller particles. The dynamic

responses of the mass flow rates in both streams appeared to behave like slightly
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underdamped second order systems with small overshoots. It is shown that the dynamic
responses of the mass flow rates for coarser particles had relatively larger gains. The
mass flow rates for the coarser particles were affected more significantly by the changes

in the fresh ore feed flow rate.
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Figure 13 Dynamic responses of underflow stream leaving the hydrocyclone for a series

of step changes in the fresh ore feed flow rate.
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Figure 14 Dynamic responses of product stream leaving the hydrocyclone for a series of

step changes in the fresh ore feed flow rate.

3.3.2 Responses to step changes in diluting water flow rate

The dynamics of the grinding process to the changes of the diluting water flow
rate was also investigated. Simulation results showed that changes of diluting water flow
rate had no considerable impact on the mill holdups. For the underflow stream of the
hydrocyclone, the mass flow rates of coarser particles (e.g., size classes 5 and 6)
increased with an increase in the diluting water flow rate, whereas the mass flow rates for
finer particles (e.g., size classes 8, 9 and 10) decreased. For the overflow stream of the
hydrocyclone, the mass flow rates of coarser particles decreased with increasing of the
diluting water flow rate, whereas the mass flow rates of finer particles increased. An

increment in the diluting water flow resulted in a larger amount of finer particles leaving
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with the product stream, while a larger amount of coarser particles left with the
underflow stream. The diluting water flow rate had a significant impact on the particle
size distribution in the product stream. The dilution water flow rate should be considered
as an important manipulated variable to control the size distribution required by floatation

operations.

4. CONCLUSION

This work proposed a parsimoniously parameterized model for dynamic
simulation of AG/SAG grinding processes. Compared to conventional AG/SAG models,
this model has fewer parameters that can be more easily calibrated using plant data. For
the hydrocyclone separator, a nonlinear model based on a sigmoid function was used.
With these models, steady-state operating conditions of the grinding process were
obtained. Simulation results showed particles at mill grate size dominate the mill holdup.
Mass fractions of largest and smallest particles in the mill are very small. In the mill
product stream, particles in the range 0.6 — 1.0 mm dominate the mass flow rate. The
dynamics of the grinding process was evaluated when the process was subjected to
external disturbances in fresh ore feed flow rate and diluting water flow rate. Simulation
results showed that the fresh ore feed flow rate has more significant impact on mass
holdups for particle sizes close to the mill grate classification size, while it has negligible
impact on the largest particles. The dynamic responses of the mill holdups for finer
particles are significantly more sluggish than for coarser particles. The flow rates of
coarser particles in the mill product stream are more seriously affected than the flow rates
of finer particles following the disturbance of fresh ore feed flow rate. With an increase in
fresh ore feed flow rate, the mass fractions of coarser particles increase while the mass
fractions of finer particles decrease. Disturbances in the diluting water flow rate have no
considerable impact on mill holdups, but affect the ore particle size distribution in the
product stream. Future work is suggested to focus on model parameterizations using plant
data. Then, these dynamic models could be used for online data reconciliation as well as

for process control purposes.
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ANNEX C

LIST OF SIMULATION SOFTWARE

Process simulations performed in this work were carried out using coded FORTRAN

program. Source code for each simulator can be found at the location in the CD room:

FOLDER 1: DISTILLATION COLUMN SIMULATOR IN CHAPTER II

FOLDER 2: CYLINDRICAL STORAGE TANK SIMULATOR IN CHAPTER III
FOLDER 3: DISTILLATION COLUMN SIMULATOR IN CHAPTER III
FOLDER 4: DISTILLATION COLUMN SIMULATOR IN CHAPTER IV
FOLDER 5: DISTILLATION COLUMN SIMULATOR IN CHAPTER V

FOLDER 6: CYLINDRICAL STORAGE TANK SIMULATOR IN CHAPTER VI
FOLDER 7: SPHERICAL STORAGE TANK SIMULATOR IN CHAPTER VI
FOLDER 8: DISTILLATION COLUMN SIMULATOR IN CHAPTER VII
FOLDER 9: AUTOASSOCIATIVE NEURAL NETWORK TRAINING PROGRAM
FOLDER 10: AG/SAG PROCESS SIMULATOR

A copy of the CD is available from either Professor David D. McLean or Professor Jules

Thibault in the Department of Chemical Engineering at the University of Ottawa.
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