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ABSTRACT

Plants in the chemical process industry have become more difficult to control
as they have increased in complexity and come to produce a wider variety of
products. Within the last two decades, the chemical process industry has
attempted to deal with some of the more difficult control problems through
model based control schemes. This dissertation develops a nonlinear model
predictive control scheme and addresses some of the practical issues related
to using feedback in such schemes.

This work examines several arecas of continued research with model
predictive control (MPC) schemes: feedback analysis, process signal filtering,
and unmeasured state variable estimation. The work presented in this
dissertation deals with these areas using a technique called feedback
cultivation. Feedback cultivation extracts temporal (time-related) information
from a historical database to reduce the amount of data to be examined and
to enhance the dynamic characteristics present in the historical data.

Other tools used in conjunction with feedback cultivation include

neural networks and adaptive filtering. Neural networks are one form of

pattern recognition that has seen increased use recently. Adaptive signal
filters remove excessive noise from the process signal measurements.

The results presented in this work demonstrate that the feedback
cultivation algorithm successfully incorporates feedback information into the

nonlinear optimal control algorithm. Using the neural network,




process-to-model mismatch and unmeasured disturbances can be diagnosed
and treated accordingly. In the case of process-to-model mismatch, a model
parameter re-identification algorithm updates the inaccurate model
parameter. The correction for unmeasured disturbances involves determining
new values for model output variable bias terms using the model parameter
re-identication algorithm. The model parameter re-identification algorithm
involves the solution of a modified form of the nonlinear optimal control
problem.

The results presented in this work involve applications of the nonlinear
optimal control algorithm with feedback cultivation on a simple first-order
process with a first-order model and on a continuous stirred tank reactor with

a first principle nonlinear model.
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CHAPTER 1
Introduction

The availability of fast process control computers opens up the possibility of
using increasingly sophisticated control strategies. Over the last two decades
much of the development of advanced computer based strategies attempts to
employ model predictive control schemes that use computer models of
processes and plants and mathematical optimization techniques to determine
appropriate control actions. This dissertation develops a nonlinear model
predictive control scheme designed to handle complex processes or groups of
processes in the chemical process industry.

The chemical process industry must deal with many constraints in the
form of equipment limitations, safety factors, economic limits, and many
others. Model predictive control schemes offer the advantage of dealing
directly with any process constraints. Traditional control schemes typically
deal with constraints in an ad hoc fashion with limit switches, high and low
selectors, and anti-reset-windup devices.

Three aspects of model predictive control (MPC) schemes represent
areas of continued research: feedback analysis, unmeasured state variable

estimation, and process signal filtering.

1. Process feedback contains information about unmeasured process



disturbances, process-to-model mismatch, and the degree of signal noise

in process measurements.

2. The model of the process requires initial conditions for the state
variables that may need to be estimated because the actual process

variables cannot be measured.

3. Noisy signals degrade the operation of MPC schemes. Process signal
filtering may be necessary to reduce the amount of noise in the
measurement signals before the measurcments can be successfully used

in feedback analysis or state variable estimation schemes.

To develop a more generally applicable MPC algorithm, this dissertation
addresses items one and three extensively and item two to a lesser degree.

The contribution of this work in the field of model predictive control
involves the development of an algorithm designed to incorporate feedback
into a nonlinear optimal control algorithm. This feedback handling algorithm
uses a recently developed perspective called system cultivation.

System cultivation, a recently developed collection of tools, extracts
useful information from a historical database. Recording of process feedback
signals during a period of process operation generates a historical database of
information about the process and the MPC controller. The information
contained in the historical database relates to the three problems all
controllers must face: process signal noise, process-to-model mismatch, and

unmeasured process disturbances. System cultivation tools extract subtle but




important relationships from the historical database to detect and diagnose
system problems. This study uses two system cultivation tools: feedback
cultivation and neural networks.

Feedback cultivation extracts temporal (time-related) information
from the historical database to reduce the amount of data to be examined
and to enhance the dynamic characteristics present in the data. Feedback
cultivation employs a number of summary and statistical variables to describe
time windows of data as single points in a reduced database. A pattern
recognition technique scans the reduced database to determine what
problems exist in the process.

Neural networks are one form of pattern recognition that has seen
increased use recently. In the form of computer programs, neural networks
attempt to mimic the transmission and storage of information used by the
human brain and nervous system. In this work, a back-propagation
perceptron neural network classifies the data in the reduced database and
automatically detects unmeasured disturbances, process-to-model mismatch,
and excessive signal noise. The neural network eliminates the need to have an
operator examine the reduced database to detect process or controller
problems.

Corrective action can be taken by the computer program after the
source of a process or controller problem (in the form of process-to-model
mismatch) has been diagnosed by the system cultivation tool. Bias terms in

the model equations account for unmeasured process disturbances. A




nonlinear optimization scheme determines the optimum value of the bias
terms. The same nonlinear optimization scheme also identifies inaccurate
model parameters. A neural network trained as a parameter identifier can
perform the model identification in the same manner as the nonlinear
optimization scheme. Excessive signal noise is removed using process signal
filtering,.

In this work, adaptive signal filters are used to filter the process
signals to remove excessive noise. Adaptive signal filters resemble frequently
used multiple-order Z-transform filters except that a steepest descent
optimizaton scheme determines the weighting factors. The weighting factors
can be continuously updated, or updated only when the system cultivation
tools determine that excessive signal noise is present in the measured signals. |

The body of this dissertation is divided into six chapters. Chapter 2
reviews the history of model predictive control techniques as they apply to
the chemical process industry. Chapter 3 explains the system cultivation
tools including feedback cultivation, neural networks, and signal filtering.
Chapter 4 describes the nonlinear model predictive control scheme used in
this work. Chapters 5 and 6 give the results of applying tlie nonlinear model
predictive control scheme to a simple first-order process and model example,

and a more complex stirred-tank reactor, respectively. Chapter 7 presents

conclusions and recommendations derived fro:n this work.




CHAPTER 2

Model Predictive Control

A model predictive control (MPC) algorithm uses a model of the process to
predict the future outputs of the process. The MPC algorithm optimizes
future control actions to minimize the deviations of the predicted process
outputs from specified target trajectories. The main difference between MPC
algorithms and traditional proportional-integral-derivative (PID) mode
controllers lies in the representation of the process, i.e. the model of the
process, in the control algorithm. PID algorithms utilize an implicit model of
the process, whereas MPC algorithms utilize explicit models.

The earliest suggestions for the development of MPC algorithms
appeared in 1962 when Zadeh and Whalen recognized the connection between
minimum time optimal control and linear programming [50]. Then, in 1963,
Propoi proposed the moving horizon approach that is now the core of all
MPC algorithms [50]. The moving horizon approach describes how the model
determines the predictions of the future process outputs.

MPC algorithms have been used in various forms in the chemical
process industry for over a decade [57,51,53,27,19,59,14,15,13,26,24,25,35,7].
The most widely known MPC algorithm, Dynamic Matrix Control (DMC),

uses as the model a matrix of step response coefficients relating process



outputs to control actions. Other variations of MPC include Quadratic DMC
(QDMC), a constrained version of DMC solved using quadratic
programming; Model Algorithmic Control (MAC), which uses an impulse
response model of the process; and Linear DMC (LDMC), also a constrained
version of DMC solved with linear programming techniques. Attempts to
generalize the basic DMC algorithm have resulted in Internal Model Control
(IMC), Generalized Predictive Control (GPC), Universal DMC (UDMC), and
Generic Matrix Control (GMC). The differences, similarities, and important
features of each of these MPC algorithms and others will be explained in the
following sections.

The history of MPC applications in the chemical process industry
begins with Richalet, who in 1978 successfully applied a Model Predictive
Heuristic Control (MPHC) algorithm, which is similar to Model Algorithmic
Control, to a chemical process [43,58]. In 1979, Cutler and Ramaker [19] and
Prett and Gillette [57], all of Shell Development Corporation, applied a DMC
algorithm to the control of a fluid catalytic cracker. Other notable
applications of MPC algorithms include an application of a quadratic
programming form of IMC to an evaporation process in a Kraft pulp mill by
Ricker et al. [60] and an application of a DMC algorithm to a hydrocracker
preflash distillation column in a refinery by Cutler et al. [18].

Balchen and Mummé [2] point out that MPC algorithms of the form
used by Richalet, Cutler, Ramaker, Prett, Gillette and others are

generalizations of the Smith predictor [66,49]. The Smith predictor was



developed by Smith [66] to compensate for process deadtime. In the Smith
predictor, a simple, exponential model of the process is used to compensate
for the process dynamics due to large process deadtimes. More general MPC
algorithms use more elaborate models to compensate for process dynamics
due to process disturbances as well as process deadtimes.

Mehra et al. [43] reviewed applications of MPC in the chemical
process industry up to 1982. Since then, applications have become more
frequent and complex mostly due to commercially available MPC software.
This software is available from automatic control consulting firms such as
DMC Corporation, founded by Cutler, and Setpoint Corporation (now a
licensed DMC Corp. dealer), among others. Grosdidier et al. describe the
IDCOM-M controller package, a multivariable MPC sbftware package
available from Setpoint Corporation {30].

MPC algorithms address the most serious shortcoming of traditional
single-loop, PID-type controllers: the ability to handle process operating
constraints. The chemical process industry must deal with an endless variety
of constraints: equipment limitations, safety factors, economic limits, product
specifications, environmental concerns, and many others. Typically,
constraints are dealt with in an ad hoc fashion with limit switches and relays,
high and low selectors, and anti-reset-windup devices. Because MPC
algorithms are formulated as optimizations, the process constraints can easily
be incorporated directly into the algorithm. The optimization formulation for

MPC schemes will be explained in more detail in the following sections.




Because MPC algorithms deal directly with process constraints, they are
particularly well-suited for applications in the chemical process industry.
Another feature of MPC algorithms that makes them attractive for
use in the chemical process industry is the ease with which feedforward
information can be incorporated into the algorithm. If measurements of
process disturbance variables are available, they can be taken into account by
the MPC algorithm in the determination of the future control moves. This
increases the robustness of MPC algorithms in the face of process
disturbances. Examples of disturbance variables that could be measured and
used in the MPC algorithm include process feed stream temperatures, feed
stream flow rates, feed stream concentrations, ambient temperatures and

pressures, cooling or heating medium temperatures, and others.

2.1 MPC Models

As mentioned before, the main difference between MPC algorithms and
traditional PID-type control algorithms is the model representation of the
process in the controller. PID-type control algorithms contain an implicit
model of the process, whereas MPC algorithms contain explicit models of
processes. In other words, the MPC model of the process exists in a form
that can be visually analyzed. Using explicit models has several advantages.
First, the models can be specifically derived to match the process. Second,

controller and process problems can be easier to diagnose and correct with




explicit models. Jorgensen [40] points out that a useful model must describe
the possible process dynamics in the desired process operating regions and in
the frequency range of interest.

Two types of models can be used by MPC algorithms: non-parametric
and parametric. Non-parametric models involve vectors and matrices of
coefficients determined to represent the relationship between the process state
variables and the control variables or process disturbance variables.
Parametric models consist of differential and algebraic equations that contain

parameters that can be adjusted to fit the model to the process.

2.1.1 Non-parametric Models

MPC algorithms such as DMC, QDMC, LDMC, MAC, and others use
non-parametric models to predict the process output and determine the best
control actions. The dynamic matrix used as the model in DMC, QDMC,
and LDMC is derived from the step-response coeflicients relating process
outputs to the control actions or disturbance variables. Figure 2.1 shows a
typical step-response curve of the process output, y, after a step change has
been made in the control action, u. Also indicated in Figure 2.1 are the
values of the step-response coefficients a,, as, ..., ay. The dynamic matrix is
constructed from these coefficients as shown in Figure 2.2. The dynamic
matrix serves as the model in DMC and related MPC schemes. MAC and
IMC algorithms use impulse-response coefficients to model the process.

Non-parametric models have several advantages. The resulting
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matrices simplify the solution for the control moves, thus making DMC,
QDMC, LDMC, and other related MPC algorithms computationally
appealing. Nonlinearities of the process are incorporated into the dynamic
matrix coefficients because actual process data is used to determine the
coeflicients. Any process deadtime can be clearly represented in the dynamic
matrix by shifting the coefficients of the model in each column of the matrix
down and adding more zeros to the tops of the columns.

The disadvantages of non-parametric models are significant. The
coefficients in the vectors and matrices are derived from fixed process
operating conditions. If the process operating conditions change, the model
no longer adequately represents the process and may cause serious controller
problems. The criteria specified by Jorgensen [40] and others for the model to
describe the possible dynamics of the process are not met.

Another disadvantage of a non-parametric model is that the size of the
dynamic matrix may become intractable. Sufficient coefficients need to be
used to simulate the process until steady state is reached — usually between
one and two process time constants. Highly nonlinear processes require close
enough spacing of the coeflicients to capture all the intermediate dynamics of
the process output response. Short intervals and long process time constants
work to create very large dynamic matrices, which increase the solution time
for the control moves. Processes with large deadtimes also increase the size of
the dynamic matrix. Multiple-input multiple-output (MIMO) systems

increase the complexity of the dynamic matrix greatly. Figure 2.3 shows the
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structure of a 2-input 2-output dynamic matrix. The upper left block of the
2x2 dynamic matrix contains the step-response coeflicients describing the
effect of input u; on output y;. The lower left block of coefficients describes
the effect of input u; on output y;. The upper and lower right blocks contain
the coefficients describing the effect of input u; on outputs y; and ys,
respectively. For a 2x2 system, four step tests of the process must be
performed. A 3-input 3-output system requires nine process step tests,
although some of the tests can be run concurrently. Using the DMC
algorithm becomes more prohibitive as the number of output variables to be

controlled and the number of controlling input variables increases.

2.1.2 Parametric Models

Some MPC algorithms use state-space equations or differential and algebraic
equations to represent the process. The most general MPC algorithm uses a
nonlinear model of the process consisting of equations based on material,
energy, and momentum balances. An example of a parametric model for a
stirred-tank reactor is given in Figure 2.4. The parameters include variables
such as heat transfer coefficients, heat capacities, heats of reaction, and other
physically meaningful values. The resulting control algorithm is a nonlinear
optimal control problem solved with nonlinear programming techniques. This
work focuses on the nonlinear optimal control problem form of MPC. This is
discussed in detail in Chapter 4.

Using MPC algorithms with parametric models avoids some of the
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C, = concentration of the reactant in reactor, kgmole /m> U = overall heat transfer coefficient, J /s m? °C

C,; = inlet concentration of reactant, kgmole / m? A = heat transfer area, m? |
T = reactor temperature, °C V. = jacket volume, m®
T, = jacket temperature, °C p. = density of coolant, kg /m>
T = inlet temperature, °C ¢pc = specific heat of coolant, J/kg °C
T,; = inlet coolant temperature, °C F, = coolant flow rate, m? /s
= transmitter signal (0 to 1) m = controller output signal (0 to 1)
F = feed flow rate, m?/s F, jax = maximum flow through control valve, m3/s
V = reactor volume, m’ Y = valve rangeability parameter
k, = reaction rate coefficient, m> / kgmole s k, = Arthenius frequency parameter, m® /s kgmole
AH, = heat of reaction, J/kgmole E = activation energy, J/kgmole
p = density of reactor contents, kgmole / m> R = ideal gas law constant, 8314.39 J / kgmole K

¢, = reactant heat capacity, J/kgmole °c

Figure 2.4: Nonlinear parametric model of a stirred-tank reactor
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shortcomings of non-parametric models. Parametric models can deal with
multiple operating conditions of the process as long as the parameters in the
model represent the values of the parameters in the process. In the case of
MIMO processes, the model does not become intractable. One or two
equations for each process variable may be added to the model, and the
number of control actions searched for in the nonlinear optimization
increases. Incorporating process disturbance measurements into the model is
much easier with parametric models than with non-parametric models.
Although parametric models have many advantages, they also have
several disadvantages. The complexity of the solution algorithm for the
control actions is greater than most non-parametric solution methods. The
most general case requires nonlinear programming techniques that can be
difficult to set up and computationally intensive. Another problem, addressed
in detail in Chapter 3, is the question of dealing with the measurements of

the process state variables.

2.1.3 Neural Network Models

Neural networks represent an area of recent research interest. Neural
networks attempt to mimic the storage and recall of information used in the
brain. A complete description of neural networks will be given in Chapter 3,
but they are mentioned here because of the possibility of using them as
chemical process modelers.

Neural networks must be trained to produce a desired output given a




specific input. If a body of information about the operation of a process is
available, a neural network could be trained to predict the process output if
given the inputs determined by an MPC algorithm. So far, no attempts have
been made to try neural network modeling with MPC algorithms. Bhat et al.
(5,4] and von Westerholt et al. [67] have used neural networks to model
highly nonlinear and complex chemical processes accurately. The neural
network models could be used as part of an MPC algorithm to control these

highly nonlinear and complex processes.
2.2 Modes of Operation

MPC algorithms have three basic modes of operation: E}‘g@jction, correction,
and control move determination. The prediction step uses the model of the
process to determine the future values of the process outputs. The correction
step corr;pares the measured value of the process output to the value
predicted by the model and corrects the predictions to account for the
difference between the two values. The control move determination step
performs the optimization, or more generally the model inversion, to
calculate the future control moves needed to minimize or eliminate deviations

of process output variables from target trajectories.
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2.2.1 Prediction

The type of model used in the MPC algorithm determines how the prediction
step is performed. For example, a DMC or related algorithm sums the effects
of the past inputs and the future inputs on the process outputs to determine

the predicted future value of the output:

M l
yk+ 1) = > aidu(k+1—13)+ > aiAu(k+1-1) (2.1)
i=l+1 i=1

where a;, t =1+ 1 to M, are the step-response coefficients of the dynamic
matrix, Au(k 4+ | — ¢), are the past and future inputs, and y,(k + ) are the
predicted values of the output for [ = 1,2,3,...P. The indices in the equation
correspond to a discrete time index, with k equal to the current time. P and
M are the prediction and control horizons, respectively. The first term in the
equation accounts for the effects of the past control moves, and the second
term accounts for the effect of the future control moves on the output
prediction.

In the case of a nonlinear parametric model composed of differential
and algebraic equations, an integration method must be applied to determine
the values of the future outputs. Figure 2.4 shows the equations for a
stirred-tank reactor that must be integrated to calculate the predicted output
for the model state variables. Integration methods, such as the Runge-Kutta
type methods, could be used to perform the integration.

In the prediction step, non-parametric models are superior in terms of

speed of computation and stability. Based solely on vector and matrix
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addition and multiplication, the prediction of the output can be quickly
determined. Also, the prediction step need only be performed one time for
each time a control move is determined.

As mentioned before, the drawback of non-parametric model
predictions is the inability to deal with multiple operating conditions. Also,
the output predictions are determined only once, so changes in possible
future control moves are not accounted for during the control move
determination step.

Parametric models that involve the integration of differential and
algebraic equations more accurately predict the future output of the process
and can account for different operating conditions. Each time the control
move determination step is performed, a new set of output predictions is
determined, accounting for changes in the possible future control moves. In
the past, this made both the prediction calculation and the control move
calculation computationally slower. The speed of computers has improved
greatly in the past decade, however, so a slower prediction step does not
affect the performance of MPC algorithms using parametric models.

In this work, a parametric model is used to determine the output
predictions of the state variables of a process. More details about the

formulation of the specific prediction step are given in Chapter 4.
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2.2.2 Correction

The correction step of MPC algorithms represents the area where the most
research is being performed to improve MPC algorithms. Eaton et al. [20]
point out that any practical control algorithm, including traditional PID-type
algorithms and MPC algorithms, must include feedback to account for
imperfect modeling. The correction step attempts to correct for discrepancies
between the current value of the actual process output and the value of the
model predicted output at the current time. The discrepancies arise from a
number of sources, including mismatch between the process and the model,
unmeasured process disturbances, sensor failure, and measurement signal
noise. In this work, the discrepancies will be referred to as feedback, which is
defined as the difference between the actual process output and the value of

the model predicted output at the current time:
FB(k) = y(k) - g, (k). (22)

The correction step of MPC algorithms introduces feedback into the
control algorithm. If the model of the process perfectly represents the actual
process and all process disturbances are accounted for, the MPC algorithm
requires no feedback information and can operate in an open loop
configuration. Unfortunately, accurate models are not easily obtained,
unmeasured process disturbances exist, and measurement signals usually
contain noise. Ignoring these sources of feedback information causes MPC

algorithms to have steady state offset between the actual value of the process
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outputs and the desired value (the setpoints) of the process outputs. In
PID-type control algorithms, integral action eliminates steady state offset. To
introduce integral action in MPC algorithms, feedback information must be
incorporated into the algorithm.

Historically, MPC algorithms have dealt with the discrepancies
between the model and the process by adjusting the output predictions with
a correction factor calculated as the difference between the process

measurement and the predicted value of the output at that time:
dk+D)=yk+1)~y(k+1) (2.3)

where y is the actual process variable and y, is the model predicted value for
1=1,2,3,...P. Future values of the process output, y,(k + 1), y,(k +2), ...,
yp(k + P), are not available, so the discrepancies are calculated based on the

value of the current process output:

d(k +1) = y(k) — yu(k) (2.4)
where y(k) is the current value of the process output measurement and
1=1,2,3,...P. The definition of d(k + ) for [ = 1,2, ..., P is the same as that
of FB(k) given in Equation 2.2.

DMC-type algorithms adjust the output predictions by simply adding

the value of the difference determined above:
vk +1) = gk + 1)+ d(k +1) (2.5)

where y; is the corrected value of the output prediction and I = 1,2,3, ... P.

The assumption is made that the value of the difference term remains
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constant for all future values of the predictions. Because future values of

process output are not known, this assumption is the best one that can be
made.

The same sort of prediction correction can be applied to other types of
MPC algorithms, such as those with nonlinear parametric models. In this
work, a method is developed that can determine the source of the
discrepancies between the measured output variable and the model predicted
value of the output. If the source of discrepancy comes from mismatch
between the model and plant, parameters in the model (such as heat transfer
coefficients or heat capacities) are corrected. If the source of the discrepancy
is due to unmeasured process disturbances, a bias term similar to the
discrepancy term given in Equation 2.4 is determined and added to the model
prediction as in Equation 2.5.

Lee and Sullivan [42] describe a Generic Matrix Control (GMC) that
uses nonlinear process models. The GMC algorithm attempts to determine
the source of the discrepancy between the model output and the process
output. The algorithm consists of two steps: 1) model update, and 2) control
action calculation. Step 1 provides feedback to the controller to account for
the current operating condition of the process. Lee and Sullivan [42] point
out that correcting for process-model mismatch is important because
mismatch can cause excessive overshoot or slow response to control action.
Lee and Sullivan apply the GMC algorithm to a distillation column and

demonstrate how updating model inaccuracies improves the effectiveness of



the MPC algorithm.

The method used in this work for determining the source of the
discrepancies between plant and model predicted outputs, called feedback
cultivation, will be presented in Chapters 3 and 4. Eaton et al. [20] attempt
to determine the sensitivity of the MPC algorithm to changes in model
parameter values to determine which model parameters have the greatest
effect on the solution of the optimization. They do not explain how this
information is incorporated into the MPC algorithm to eliminate
process-model mismatch. In this work, model parameter sensitivity analysis
will be used to narrow the number of model parameters included in the

feedback cultivation analysis.

2.2.3 Control Move Determination

Determining the future control moves with an MPC scheme involves some
sort of optimization algorithm. The type of optimization algorithm ranges
from simple, least squares techniques to complex, nonlinear programming
techniques.

An example of the simplest form is the control law of an unconstrained

DMC algorithm written in closed form [19,53,57,55]:
Au = (ATA) 14T (2.6)

where (ATA)~1 AT = the inverse of the dynamic control matrix, e = a vector

of errors defined as the difference between the corrected, predicted outputs




and the desired setpoint of the outputs:
e(k + 1) = yset(k + 1) — yp(k + 1) (2.7)

for 1 =1, 2, 3,...P. The vector of control moves, Au, usually must be solved
for using a least squares technique because the size of the resulting vector on
the right side of Equation 2.6 is larger than the Au vector.

Equation 2.6 represents an MPC scheme where the model of the
process is explicitly inverted. The model of the process, the dynamic matrix
A, appears in the equation in the inverted form A~1.

The next level of complexity above an unconstrained DMC scheme
involves the addition of constraints on the control moves and process outputs
in the form of upper and lower limits. For example, a control valve can
control a flow rate between zero (when the valve is fully closed) and some
maximum (when the valve is fully open). The resulting constrained MPC
scheme is called Quadratic DMC (QDMC), which solves for the control
moves using quadratic programming techniques [59,27]. The optimization for

QDMC appears in the following form:

Min 1[AAu — e]T[AAu — €]
Au
(2.8)
s. t. Upw Su < Uhigh
Yp,low < Yp < Yp,high-

The control moves, Au, are the search variables, and the objective function is

a squared difference between terms similar to those in Equation 2.6.
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A linear DMC (LDMC) algorithm is similar to QDMC except that the
objective function is formulated so that a linear programming technique such

as the Simplex method can be used to solve for the future control moves

[10,1,52,11,8]:

Min [AAu — €|
Ay
(2.9)
S. t. Ul S u S Uhigh
Ypjow < Yp < Yp,high-
The most general form of the optimization involves a nonlinear
objective function and a nonlinear model [36,17,9,37,38,39,2]:
Min &
u

s. t. &= f(z,u,p,d)

(2.10)

yp = g(z,u,p,d)

Ulow S U < Upigh

Ypiow < Yp < Yphigh
where f(z,u,p,d) and g(2,u, p, d) represent the nonlinear differential and
algebraic equations of the model that depend on the model state variables, z,
the control moves, u, the model parameters, p, and the process disturbances,
d. Using nonlinear models in an MPC scheme requires the use of nonlinear
programming techniques to solve for the future control moves. Two nonlinear
programming algorithms exist in a form suitable for computer programming:

successive quadratic programming (SQP) and generalized reduced gradient
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(GRG) [3]. Both schemes are available as pre-programmed subroutines in
computer software packages. The specifics of the nonlinear optimal control
problem are given in Chapter 4.

Biegler [6] used an SQP algorithm to solve for future control moves in
a nonlinear MPC scheme for a stirred-tank reactor. Jang [36] used a GRG
scheme in a nonlinear MPC algorithm for several chemical processes. In this
work, the :}GRG scheme is used.

Unlike the simple DMC control law shown in Equation 2.6, the model
inversion in all other MPC algorithms is implicit. This makes it difficult to
analyze the properties of MPC algorithms theoretically and compare the
properties to those known about traditional PID-type algorithms. Zafiriou
[73] provides a theoretical framework for the study of the properties of
control algorithms that are based on the on-line optimization of some
objective function subject to constraints, i.e. MPC algorithms. The

framework is based on the Operator Theory Approach [21].
2.3 MPC Tuning Methods

To control a specific plant or process MPC algorithms must be tuned in the
same fashion that traditional PID algorithms must be tuned. Instead of
controller gain, integral time, and derivative time — the tuning parameters of
PID controllers — MPC algorithms use the prediction horizon and the control

horizon as tuning parameters.



Zafiriou [73] states that a drawback of MPC algorithms is a lack of
exact tuning procedures for the MPC tuning parameters. Because
applications of MPC algorithms are still few in number, only general rules of
thumb exist for specifying the values of the prediction horizon, the control
horizon, and other MPC tuning parameters. Fortunately, it seems that
ballpark figures for these parameters appear to be all that is necessary to
achieve desirable performance from MPC algorithms.

The prediction horizon dictates how far into the future the model
predicts the process output. Typically, the prediction horizon is set to a value
equal to or greater than the time constant of the process, or, in other words,
the length of time the process requires to reach steady state after a
disturbance.

The control horizon represents how far into the future the control
actions are determined. The control horizon is typically set lower than the
prediction horizon. The control horizon needs to be large enough to prevent
excessive variations in the control moves yet small enough to keep the
optimal control problem solution from becoming too time-consuming.

Other methods of tuning exist for the nonlinear optimal control
algorithm. These methods involve weighting factors for the terms in the
objective function. The objective function of an MPC algorithm is optimized

(maximized or minimized) using the future control moves as the search

variables of the optimization. A commonly used form of the objective




function involves output and control move terms:

P M
® =Y Bi(yi — yser)* + 3 7iluj — ujm1)? (2.11)
1=1 i=1

where §3;, ¢ = 1,..., P are weighting factors of the output terms and ~;,
Jj =1,...,M are weighting factors for the change in control moves.
Equation 2.11 is shown here in discrete form as it is implemented in a
computer program. The summation indices, P and M, represent the
prediction and control horizons, respectively.

The output weighting factors, f;, ¢ = 1,..., P, can be used to rate the
importance of the outputs in a multivariable control scheme. Also, # can be
used to weight early output predictions (¢ near 0) more or less heavily than
later predictions (¢ near P). Most commonly, a constant value of 3 over the
range of the prediction horizon is used.

The weighting factors for the change in control moves, v;, j = 1,..., M,
introduce move suppression to the nonlinear optimal control algorithm.
Without move suppression, MPC algorithms tend to correct for process
disturbances too quickly, causing excessive oscillation of the process outputs.
Another method of implementing move suppression in an MPC algorithm
involves increasing the control horizon. The values for v and the control
horizon must be balanced. High values for v allow for smaller control
horizons, which means a faster solution to the optimal control problem but a
more sluggish controller response to process disturbances. Lower values for v

lead to longer control horizons, which slows down the solution of the optimal
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control problem. This balance between the values of v and the control
horizon is process specific, and the determination of the balance is a matter
of trial and error.

The output weighting factors, 4;, 7 = 1,..., M, can also be used to

weight the importance of control moves in a multivariable MPC algorithm.

2.4 Summary

A brief history and definition of model predictive control has been given in
this chapter. In Chapter 4, a specific description of the nonlinear optimal
control MPC algorithm used in this work will be given. More extensive
information on any MPC methods other than the nonlinear MPC algorithm

may be found in [29,12,31,28,64,16,32,6,54].

28




CHAPTER 3

System Cultivation

Accounting for unmeasured process disturbances, correcting process-to-model
mismatch, and eliminating measurement noise are areas of considerable
research for model predictive control (MPC) algorithms. In this work,
application of a relatively new perspective called system cultivation addresses
these problems. Farell [22,23] describes system cultivation as a set of tools
capable of extracting subtle but important relationships from a historical
process database. The historical database consists of a time series of process
variable measurements, controller actions, and other data that may contain
useful information about the condition of the system, which includes both the
process and controller.

System cultivation includes tools such as hypothesis feedback
modeling, feedback cultivation, neural networks, and signal filtering. This
work uses feedback cultivation with neural networks to detect and diagnose
process-to-model mismatch and unmeasured process disturbances. Adaptive
filtering is used to remove noise from the process output and disturbance
measurements. This chapter first summarizes the work done by Farell in the
areas of hypothesis feedback modeling and neural networks. Then feedback

cultivation and adaptive filtering are described.
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3.1 Hypothesis Feedback Modeling

The development of system cultivation began with hypothesis feedback (HF)
modeling. HF-modeling attempts to extract subtle information from patterns
of variation in an available historical database [22,23]. In many chemical
plants today, large, time-sequenced historical databases are accessible
through computer data logging and storage. To understand how well a
process operates, HF-modeling considers the overwhelming amount of data
and the many interacting variables and relationships in time-sequenced data.

Moore [47,48,46] introduced HF-modeling to analyze patterns of
variation in multivariable processes keeping in mind the fundamental ideas of
quality control: to detect abnormal patterns and identify the cause, and to
strive continually to improve the normal pattern of operation. The basic
concepts of HF-modeling are described below. Farell [23] gives a complete
description of HF-modeling along with two practical applications.

Suppose a system model can be given by the equation

Y = fo(@m(1),...,zm(nl), z.(1), ..., 2,(n2)) (3.1)

where the function f, depends on the state of the process, z,, is a set of nl
measured system variables, and z, is a set of n2 unmeasured system
variables. Geometrically, (Y, zm(1),...,zm(nl), z4(1),...,24,(n2)) defines a
surface in the nl 4+ n2 4+ 1 dimensional space. The process itself determines
the shape of that surface. Each system inefficiency can be identified by its

effect on this surface. Because the unmeasured variables, z,, are not
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accessible, only the “viewing space” [46], (Y,zm(1),...,Zm(n1)) is available for

analysis. HF-modeling seeks to characterize process inefficiencies and
unmeasured disturbances by relating them to patterns in the viewing space.
v The first step in HF-modeling is to define the hypothesis models for

the process in the form

Yier = f(@n(1), o Tm(n)) (3.2)

where Yy, are system dependent variables (outputs). The measured
variables, z,,, are important independent system variables (inputs) and
important interaction terms. Examples of important system variables include
feed flowrates, feed temperatures, heating or cooling medium inlet conditions,
and others. An example of an interaction term involves combining a feed
flowrate, F', with a feed temperature, T;, to derive a measure of the energy

entering the process in the feed stream:
E,=F=«T,. (3.3)

Hypothesis models monitor mass, energy, and momentum balances
around a system. For example, the hypothesis model for a shell-and-tube

heat exchanger derived by Farell {22] has the form
Fc = f(F * :Ti, Tci, Tamb) (34)

where F, is the coolant flowrate that serves as the controller manipulated
variable used to keep the exchanger outlet stream at a constant temperature.

The HF-model in Equation 3.4 indicates that F, depends on the energy of the

31



feedstream, F * T;, the inlet coolant temperature, T,;, and the ambient
temperature, T,ms. System models rely on both theoretical models and
engineering judgement.

v The second step in HF-modeling is to define the resolution of each
variable in the hypothesis model. Defining this resolution reduces the
precision of each variable, breaking down the entire span of each variable into
increments such that the process operation can be considered reasonably
constant within each increment. Geometrically, the nl-dimensional space
consisting of z,, is broken down into regions of hypercubes. For example, the
heat exchanger HF-model in Equation 3.4 requires the coordinates of this
space to be F' x T}, T.;, and T,ms. The regions defined by each hypercube are
referred to as constant operating conditions.

Once the hypothesis model and the resolution of the system variables
have been defined, data in the historical database can be sorted into groups
of constant operating conditions. The result of the sorting is called the
reduced database. The reduced database contains statistics and relationships
concerning important system variables represented within each operating
condition. Each line of data contains an operating condition address,
averages and standard deviations of important dependent system variables
and manipulated variables, and approximate partial derivatives monitoring
important system relationships. The reduced database contains important
information in an easy-to-interpret, enhanced, yet compressed form.

Once the reduced database is available, the information can be
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presented in graphical form through multivariable statistical plots and
relationship plots. These graphs examine cross sections of the viewing space.
Farell [23] demonstrates the use of multivariable statistical plots and
relationship plots to diagnose system problems for a shell-and-tube heat

exchanger and a stirred-tank reactor.

3.2 Neural Networks

The reduced database resulting from HF-modeling contains the patterns of
variation of a system in an enhanced and compressed form. A pattern
classification tool such as a neural network can be used to interpret these
patterns of variation automatically.

Neural networks are massively parallel computational models designed
to emulate what is known about biological neural systems. Because of their
massively parallel structure, neural networks store information in a
distributed-associative memory. A distributed memory stores each piece of
information partially across all memory units. An associative memory’s
output corresponds to the nearest match stored in memory, even when
presented with a partial or incomplete input. These distributed-associative
memories can generalize, giving reasonable responses when presented with
noisy or incomplete data, and are fault tolerant to memory damage. The
result of using distributive-associative memory is that neural networks learn

by example much like a child learns from experience.
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Rosenblatt introduced the perceptron neural network algorithm in
1957 based on a reward-and-punishment concept of learning [61]. During the
1950s and 1960s, Rosenblatt and many others developed neural networks as
pattern classifiers for a host of applications. In 1969, Minsky and Papert
[44,45] published results demonstrating that neural network applications were
limited to linearly separable problems. Following this publication, work with
neural networks dropped off until 1979. In 1979, Rumelhart, McClelland, et
al. [62,63] presented a solution to the credit assignment problem that had
limited neural network applications to linearly separable problems. Since
then, neural network applications have grown tremendously. Entire
conferences and journals dedicated to neural networks now exist.

Potential and currently achieved applications of neural networks in
chemical engineering include signal processing, adaptive filtering, fault
detection and diagnosis {34,23], interpretation of spectral data, and nonlinear
steady-state and dynamic modeling [5,4,67]. Many forms of neural networks
have been proposed. In this work, a multilayer perceptron network with

back-propagation learning is used.

3.2.1 Neural Network Structure

Although many different forms of neural networks exist, every network
contains nonlinear processing elements sometimes called neurons. Figure 3.1
illustrates a typical nonlinear processing element. As indicated in the figure,

the neuron output equals a nonlinear function of the weighted sum of the
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Y= f( Zwixi —9)
i=1

X = input vector

w = weighting vector

Y = neuron output

6 = activity threshold

f(.) = nonlinear transfer function

Figure 3.1: General nonlinear processing element or neuron

neuron inputs. Neural networks consist of many neurons interconnected in a
massively parallel fashion much like the neurons in the human brain are
connected via synapses.

The various forms of neural networks differ from one another in three

areas:

1. the learning rule that adjusts the interconnection weights,
2. the structure of the interconnections between the neurons, and

3. the nature of the nonlinear transfer function of the neurons.

These differences give each type of neural network unique characteristics.

The following sections discuss each of the three aspects and present an
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example of the form for the perceptron back-propagation network. The

perceptron neural network is used in this work as a pattern classifier.

3.2.1.1 The Learning Rule

To teach the network a desired pattern, the weights of the neuron
interconnections of a neural network must be adjusted. The method of
adjustment is called the learning rule. Two types of learning rules are used to
train neural networks: supervised and unsupervised. Supervised learning
adjusts the interconnection weights based on the value of the difference
between the actual network and the desired network output. Unsupervised
learning uses only input data and local network information to adjust the
weights of interconnections. Unsupervised learning is used mainly to group
data into unique and meaningful clusters.

The perceptron back-propagation neural network uses a form of
supervised learning called the delta learning rule. The delta learning rule
adjusts the weights of the neuron interconnections using a gradient descent
optimization method. The delta learning rule used by the perceptron neural
network is

AWijnew = a * €; * Ti5 + B % Aw;;jo1d (3.5)

where Aw;jnew €quals the new value for the change in the weight of the
interconnection between the i-th input to neuron j, Aw;; 4 is the previous
change in the weight, z;; is the value of the ¢-th input, and e; is the value of

the error for neuron j.
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The delta learning rule has two adjustable learning parameters: o and
(. Parameter «, usually varying between 0 and 1, affects both the stability
and the rate of convergence of the optimization. Lower values of a lead to
convergence of the weights that is more stable and less oscillatory but slower.
The parameter f is a momentum term used to moderate the change in the
interconnection weights. The perceptron network used in this work does not
include a momentum term.

The method for determining the value for the error e; is clear for the
top layer of the network. The error for the top layer is defined as a function
of the difference between the desired neuron output and the actual neuron
output:

e =y;(1—y;)dj - yj) (3.6)
where y; is the actual top layer neuron output and d; is the desired output of
the top layer neuron.

The method for calculating the error for the neurons in the middle and
bottom layers of the network is not as clearly defined as for the top layer.
The difficulty of calculating the middle and bottom layer errors is the credit
assignment problem solved by Rumelhart [63] in 1979. The error of each
neuron in the middle and bottom layers of the network is a weighted sum of

the errors in the next layer above:
e; = :L','J'(l - :r,-]-)ka:w;k (37)

where i refers to the layer above the layer containing neuron j. Subscript k
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means the average over all the neurons in layer :. The output of neuron j to
layer i is ;;. So, in the perceptron back-propagation network, the error

”back-propagates” from the output layer to the input layer.

3.2.1.2 Neuron Interconnections

Three important features of a neural network are the nature of the neuron
connections, the number of neurons in the network, and the number of layers
of neurons in the network. The nature of the neuron connections determines
network characteristics such as how information flows and how the network
learns and stores information. The number of neurons and the organization of
the neurons in layers dictates the network’s ability to solve complex problems.

Each neuron in a network can be connected to any other neuron or to
itself. Figure 3.2 shows that a neuron can propagate an output signal forward
toward the output layer (feedforward connections), backward toward the
input layer (feedback connections), laterally to other neurons in the same
layer, and to itself. The propagated neuron signal can be excitory or
inhibitory depending on whether it increases the neuron’s activity or
decreases the neuron’s activity, respectively. The perceptron
back-propagation neural network uses feedforward connections only. The
feedforward signal is excitory or inhibitory depending on the sign of the
interconnection weight determined by the delta learning rule.

The number of neurons and the number of layers in a network

determine the ability of the network to solve complex problems. Farell [23]




Feedforward signals to higher layers

Internal Lateral signals
neuron to same layer
connection

Feedback signal to lower layers

Figure 3.2: Possible neuron connections

explained in detail that a network’s ability to draw nonlinear decision
boundaries depends on the number of layers in the network and the number
of neurons in each layer. Farell determined that having three layers of
neurons improves the efficiency of the network in forming nonlinear decision
boundaries. The three-layer network required fewer overall neurons than a
two-layer network [23]. The perceptron back-propagation network used in
this work contains three layers of neurons above the input layer. Figure 3.3
illustrates the construction of the perceptron back-propagation network.

The number of neurons in each layer of the network affects both the
network’s ability to learn the desired patterns and the speed of learning. The

number of neurons in the input and output layers is specified by the network
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Figure 3.3: The three-layer perceptron back-propagation neural network
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application. The perceptron back-propagation network contains two hidden ‘
layers of neurons. Specifying the optimal number of neurons for these two |
hidden layers is important. Having too many neurons results in a lookup

table effect by the network and reduces the network’s ability to generalize

and interpolate. Having too few neurons prevents the network from

adequately learning the desired patterns. ;{Qllnorgorov [33] derived a theorem

that states that a three-layer perceptron network with N(2N + 1) neurons

c%m_descrﬁbg any function of NV variables. This property can result in very

large networks that are difficult to train. For most problems, using 2I+1

(where I is the number of input neurons) hidden layer neurons distributed

between the two hidden layers, works adequately.

3.2.1.3 The Neuron Transfer Function

The main source of nonlinearities in a neural network comes from the type of
transfer function used to calculate each neuron’s output from the summation
of neuron inputs. As shown in Figure 3.1, the output of a neuron is a

function of the summation of neuron inputs:

yi=f (i Wiz + 9) = f(S5) (3.8)

=1

where n is the number of inputs to the neuron and 8 is the neuron threshold
value. The transfer function f represents the source of nonlinearities in the
network.

The two most commonly used transfer functions are the hard-limiter

and the sigmoid function. Figure 3.4 illustrates both of these transfer
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Figure 3.4: Nonlinear neuron output transfer functions




functions. The hard-limiter linearly separates the output into two regions.
When the summation in Equation 3.8 is less than or equal to a specified
value, the neuron output is set to 0. When the summation is greater than the
specified value, the output of the neuron is set to 1.

The sigmoid function provides a continuous transition from 0 to 1 such
that very low values of the summation result in a neuron output of 0 and
very high values of the summation result in a neuron output of 1. The

sigmoid function has the form

1
1+e5

f(8) = (3.9)

where S is the summation of the interconnection weights times the neuron
inputs. The advantage of the sigmoid function is that it is continuous and
continuously differentiable. Differentiability is essential for the learning
algorithm of some networks because the method used to determine the
optimum interconnection weights requires the first and sometimes the second
derivative of the transfer function. The perceptron back-propagation neural
network uses the sigmoid form of transfer function because the first derivative
of the transfer function is needed to perform the optimization to determine

the interconnection weights.

3.2.2 Modes of Operation

Neural networks have two modes of operation: training and classifying. In
the training mode, the learning rule adjusts the weights to recognize the

patterns in the training datasets. When classifying, the network is subjected
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to unknown datasets to determine what pattern the datasets most closely

resemble.

3.2.2.1 Neural Network Training

Neural network training requires training datasets representative of each class
of problem the network is being trained to distinguish between. For
supervised learning, the training sets must have network inputs and the
corresponding desired network output. Unsupervised learning requires only
input data for each class of problem. The perceptron back-propagation
network uses supervised learning and requires both input and desired output
in the training datasets.

The training of the perceptron back-propagation neural network

proceeds in the following steps:

1. Specification of the dimensions of the network including the number of
input neurons, the number of hidden layer neurons in each of the two
hidden layers, the number of output neurons (usually the number of
classes of data), the learning rate (a in Equation 3.5), and the neuron

threshold value (6 in Equation 3.9).

2. Initialization of all the neuron interconnection weights to random

numbers between —1 and 1.

3. Presentation of an input vector (z1,...,2n) to the network and

computation of the network’s output.
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4. Adjustment of the weights of the neuron interconnections using the

delta learning rule in Equation 3.5 using Equations 3.6 and 3.7 in the

determination of the value of the error used in Equation 3.5.

5. Repetition of steps 3 and 4 until the network error for all input vectors
in the training datasets for all classes of data falls below a specified

convergence threshold.

Steps 3 and 4 may have to be repeated thousands of times before convergence
is reached. The training time of the perceptron back-propagation network
depends on the amount of training data, the number of neurons in the hidden
layers, and the complexity of the decision boundaries between the classes of

data.

3.2.2.2 Network Classification

Once trained, a neural network can be used to classify patterns in unknown
datasets. Given the unknown input vector, classification using the perceptron
back-propagation network involves simple addition and multiplication to
determine the output of the network. The output neuron with a value nearest
to 1 determines the class that the input vector most closely represents. For
unknown datasets with multiple input vectors, a percentage of the number of
vectors in each class is determined for the dataset.

A common misconception about neural networks is that classification

of unknown datasets is time-consuming. Classification is not to be confused
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with training, which is a time-consuming operation for some forms of

networks including the perceptron back-propagation network. Once trained,
the perceptron network classifies very quickly because only addition and
multiplication are required to compute the network output. Addition and

multiplication are the fastest of all computer operations.

3.2.3 Summary

The perceptron back-propagation neural network works as an effective
pattern classifier when properly set up and trained. Farell [23] demonstrates
the network’s general characteristics including the form of the decision
boundaries it can draw and the effect of changing the network dimensions
and learning parameters for a simple 2-input, 2-class problem. His findings
demonstrate that the three-layer network is capable of drawing nonlinear
decision boundaries between classes of data.

Farell {23] also used the perceptron neural network with HF-modeling
to diagnose system problems for a shell-and-tube heat exchanger and a
stirred-tank reactor. HF-modeling generated reduced datasets that were used
as the network training datasets and unknown datasets. Farell [23] showed
that using reduced datasets rather than raw, historical datasets greatly
increased the network’s speed of training and improved its ability to
distinguish between different classes of system problems.

In this work, the perceptron neural network is used in conjunction

with feedback cultivation to detect process-to-model mismatch and
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unmeasured process disturbances. Feedback cultivation generates reduced
datasets from historical datasets in a fashion similar to HF-modeling. The

next section fully describes feedback cultivation.

3.3 Feedback Cultivation

Calculating feedback terms determines how well the model relates to the
process or detects the presence of unmeasured disturbances. Feedback is
defined as the difference between the actual process measurement of a

variable and the value the model predicted for that variable:
FB(k) = y(k) — yp(k) (3.10)

where y equals the process measurement at the current time indicated
descretely by k and y, equals the model prediction of the measurement at
time k. Notice that Equation 3.10 is the same as Equation 2.2. Values of y
and y, can be saved in the historical database along with control move values
and output setpoints. The data in the historical database can be used in a
new technique called feedback cultivation. Feedback cultivation works like
hypothesis feedback modeling in that feedback data from the historical
database is summarized and consolidated into a smaller, reduced database.
The difference between feedback cultivation and HF-modeling is that
feedback cultivation maintains the temporal (time-related) aspect of the
feedback data. HF-modeling sorts the data in the historical database so that

the time-related aspect of the data vanishes.
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Applying feedback cultivation to a historical database results in a
reduced feedback database that contains information about possible
process-to-model mismatch and unmeasured disturbances. The reduced
feedback database can be used in conjunction with a neural network to detect
differences between process and model parameters and unmeasured
disturbances. As explained in the previous section, a neural network requires
training data to learn the difference between various classes of data
corresponding to the different model parameters and unmeasured
disturbances. The model parameters can be perturbed one at a time while
collecting historical datasets representative of changes in each of the
particular model parameters. The same procedure does not apply to
unmeasured disturbances. If the variable is truly unméasured, the model does
not contain a variable that can be changed to generate a neural network
training dataset. Ideally, unmeasured disturbances affect the process in a way
unlike any mismatched model parameters so that the neural network will
classify data corresponding to unmeasured disturbances in a class called
NULL. A NULL classification indicates that the data does not represent
anything the network has been previously trained to recognize.

Feedback cultivation determines summaries and statistics for blocks or
windows of data in the historical database that relate the dynamics of the
process and controller. Examples of the statistics include: average value of
the feedback (FB) for each measured variable in the data window, standard

deviation of F'B in the window, median value of FB in the window, average
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value and standard deviations of the control actions in the data window, and
other statistics relating to the feedback terms, control moves, and controller
error. Controller error is the difference between output setpoint values and
output measurements of process variables. Summary variables include: the
sum of squared feedback terms, the sum of square errors, the sum of absolute
values of the feedback terms, the sum of absolute value of the errors, the
fraction of feedback terms greater and less than zero, and other terms.
Figure 3.5 shows definitions of some of these statistics and summaries.

The size of the data windows depends on the time constant of the
process and the frequency of control actions. The data window should cover
at least one time constant of the process and include a significant number of
control moves so that the dynamics of the feedback are fully captured. To
further capture the dynamigs of the feedback, the windows of data should
overlap each other by half the length of time covered by each window as
indicated in Figure 3.6.

In this work, feedback cultivation is used with the nonlinear optimal
control algorithm to detect process-to-model mismatch and unmeasured
disturbances. Figure 3.7 shows a block diagram of the feedback cultivation
algorithm. The algorithm involves three steps: 1) generating a reduced
dataset from the available historical dataset, 2) identifying inaccurate model
parameters or unmeasured disturbances using a trained neural network, and
3) updating inaccurate model parameters and bias terms. The first two steps

were described in the preceding sections. The third step involves a modified
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Figure 3.5: Examples of feedback cultivation statistic and summary terms
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version of the nonlinear optimal control algorithm and is described in
Chapter 4.

Updating the model parameters and bias terms adds feedback to the
nonlinear optimal control algorithm. Without feedback, the algorithm
contains no integral action. Integral action, in any control strategy,
eliminates steady state offset between the output variables and their desired
setpoints. Slow or gradual addition of integral action in the control algorithm
prevents excessive oscillations of the process response to disturbances. In the
nonlinear optimal control algorithm, the feedback cultivation scheme
incorporates integral action. Feedback cultivation is performed after a
number of control moves have been determined, simulating gradual addition
of the integral action. To visualize this concept, Figure 3.8 shows a time line
with three different time intervals indicated. The smallest time interval, At,,,
represents the frequency of process variable measurements. The next largest
time interval, At., represents the length of time between implementation of
the nonlinear optimal control algorithm to calculate a new control move. The
largest interval, Aty, represents the length of time between applications of
feedback cultivation. New model parameters and bias terms may be updated
after the presence of a problem has been confirmed. Confirmation of a
problem requires several consecutive, positive identifications of the problem
by the feedback cultivation algorithm.

Chapter 4 explains how feedback cultivation fits into the overall

nonlinear optimal control scheme. Chapters 5 and 6 demonstrate how
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At,, = process variable measurement interval
At. = control move determination interval
Aty = feedback cultivation time interval

Figure 3.8: Time intervals of measurements, control action determination, and

feedback cultivation

feedback cultivation works on a first-order process and model example and a

stirred-tank reactor example, respectively.

3.4 Filtering

One problem associated with using process measurements to update the state
and disturbance variables in the model is the possibility of noise corrupting
the measurement signals. Common practice in the application of MPC
algorithms involves filtering the measurements to reduce the effect of noise on

the MPC algorithm. Many applications use a first-order exponential filter in




the discretized form. Widrow and Winter [70,72] suggest the use of adaptive
filters to eliminate noise from the measurements. A description of first-order
filters will be given in the following section followed by a more detailed
description of adaptive filtering. Chapter 6 contains results comparing the
performance of the nonlinear optimal control algorithm using first-order

filtering and adaptive filtering.

3.4.1 First-order Filtering

A first-order exponential filter in discretized form involves a recursive term

and a nonrecursive term:
gi = a1 + (1 — a)y; (3.11)

where ; = the latest, filtered value of the measurement, y;, §;—; = the
previous value of the filtered measurement, and a = the filter constant
specified such that 0 < o < 1. The term ay;_; is the recursive term and the
term (1 — a)y; is the nonrecursive term. The value of the filter constant, «,
depends on the time constant of the measurement being filtered or the overall
time constant of the process. The filter constant is defined in terms of the

filter time constant and the time interval of the measurement:
a = e 8T (3.12)

where At is the time interval of the measurement and 74 is the time constant

of the filter. A first-order exponential filter works best when the filter




constant is specified such that the filter time constant is less than the process
time constant.

Other than setting the filter time constant less than the process time
constant, no other criteria exist for specifying the filter constant for first-order
exponential filters. Typically, the filter constants are arbitrarily set using
engineering judgement. Sometimes, this may not be adequate to effectively
remove noise from a measurement signal. In this case, a filtering method that

is less sensitive to the specification of one parameter would be desirable.

3.4.2 Adaptive Filtering

Adaptive filters have the form of an n-th order, nonrecursive z-transform
with adjustable, instead of constant, coefficients. The filter considered
consists of a tapped delay line, variable weights, a summer to add the
weighted input signals, and an optimization algorithm to adjust the weights.
Figure 3.9 schematically illustrates the adaptive filter used to remove noise
from measurement signals.

The adaptive filter works like a neural network in that it has two
modes of operation: training and operating. During training, a steepest
déscent form of optimization adjusts the weights to minimize a mean square
error. The error is defined as the difference between the desired filter output
and the actual filter output. In the operating mode, the filter sums the

weighted inputs, using the weights from the training process, to form a

filtered output signal.
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Figure 3.9: Schematic of a discrete adaptive filter




The difference between the neural network described previously and
the adaptive filter algorithm is that the adaptive filter algorithm cycles
between the training and operating modes continuously. After determining a
new filtered output, the training process adjusts the weights to be used the

next time a filtered output is called for.

3.4.2.1 Adaptive Filter Training Mode

The weights of the adaptive filter are adjusted using a steepest descent
optimization algorithm which adjusts the weights proportional to the

gradient of the mean square error:
Wi +1) = W() +uV [E()] (3.13)

where W4, = the weight vector of length n after adaptation, W; = the
weight vector before adaptation, and yu is a scalar constant controlling the
rate of convergence and stability.

An estimate of the gradient of the mean square error, V [€2(5)], needs
to be determined to use Equation 3.13 to adjust the weights. Widrow [68]
derives the estimated gradient from the gradient of a single time sample of the

squared error resulting in the following definition for the gradient estimate:

V[20G)] = —2:6)Y () (3.14)

where the error is defined as

e(7) = d(7) - W ()Y (j) (3.15)

57




and Y'(7) is the vector of inputs to the adaptive filter. Substituting

Equation 3.14 into 3.13, the weight iteration function becomes
Wi +1) =W, - 2ue(5)Y(5) (3.16)

which Widrow refers to as the Least Mean Square (LMS) algorithm [68].

To use the LMS algorithm given in Equation 3.16, the desired output
of the adaptive filter, d(j), is required to compute the error as shown in
Equation 3.15. Of course, the ideal desired output would be the value of the
measurement signal without noise. If the value of the measurement signal
without the noise was available, filtering would not be necessary. Widrow [68]
describes a method to cope with this situation that uses a delayed value of

the error:

e=d(j — 86 -WT(G-6Y ([ —6) (3.17)

and then setting the desired output equal to the latest measurement of the
signal: d(j — 6) = y1(j) where y;(7) is the latest, undelayed measurement.
In this work, a variation of the method suggested by Widrow to
determine the error of the adaptive filter is used. Since a number of process
signal measurements are made in between each control move determination
(see Figure 3.8), the desired filter output is set equal to the average of the

measurements between control moves:
K
d7) = > v()/K (3.18)
=1

where K is the number of process measurements between control moves.
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Using the desired filter output given by Equation 3.18, the LMS algorithm

given in 3.16 can be used to adjust the weights of the adaptive filter.

3.4.2.2 Adaptive Filter Operating Mode

The output of the adaptive filter is the weighted sum of the previous n values

of the measured variable:

§(7) = wi(G)y() +w(G)y(G -1+ +wa(Gly(G —n+1)

= WIGY3)

(3.19)

where §(7) is the filtered value of the measurement signal. The weights in
vector W (j) are the latest values determined by the LMS algorithm. Once
the filtered value of the output is determined, the adaptive filter goes into
training mode to determine the optimum weights for the next time a filtered

output is calculated.

3.4.2.3 Adaptive Filter Parameters

The adaptive filter algorithm has two parameters that must be specified: the
number of weights,'n, and the LMS convergence constant, u. These
parameters do not directly affect the output of the filter the way the
first-order exponential filter constant affects the filter output in
Equation 3.11. Therefore, specification of these parameters is not as critical
to the operation of the adaptive filter.

Widrow [68] explains that the convergence constant, u, depends on the

maximum eigenvalue of the correlation matrix formed by the input vector,
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Y (). Since the input vector changes every time the adaptive filter algorithm
computes a new filtered output, it is not clear how to determine the
maximum eigenvalue of the correlation matrix. For stability of the steepest
descent optimization algorithm, a value of y between 0 and 1 will work. The
higher the value of u, the faster the LMS algorithm converges to new values
of the weights, but the convergence will become more oscillatory. Too high a
value of y will cause instability in the LMS algorithm.

Specification of the number of weights depends on the nature of the
measurement signal. Widrow [70,69,68,71] gives several examples where he
uses between 5 and 10 weights. Selecting an appropriate value for n is a
matter of trial and error. The lower the value of n, the faster the LMS
algorithm converges to new weights. However, dynamics of the measurement

signal may not be adequately captured with too low a value of n.

3.4.3 Summary

The previous sections explain two types of measurement signal filtering:
first-order filtering and adaptive filtering. In this work, adaptive filtering is
used primarily. Both process disturbance measurements and output
measurements are filtered. Before the nonlinear model of the process is
updated with new values of the disturbance measurements, each signal passes
through an adaptive filter. Each output variable measurement passes through
an adaptive filter before storage in the historical database for use in feedback

cultivation.
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CHAPTER 4

The Control Algorithm

The complete control algorithm used in this work includes adaptive filtering,
feedback cultivation, neural networks, parameter re-identification, and
nonlinear optimal control. This chapter first describes the nonlinear optimal
control technique used to determine the new control actions and to re-identify
model parameters. Then, the methodology of the complete control system is

described.

4.1 Nonlinear Optimal Control

This dissertation uses a nonlinear optimal control algorithm based on the
principles of optimal control or the Pontryagin Maximum Principle [56].
Bryson and Ho [9] explain the theory of optimal control in detail. Balchen
and Mummé [2] state that of all the methods that provide a systematic
derivation of a control system structure, optimal control is the most generally
applicable. A control method based on optimal control theory leads to a
multivariable feedback system that usually minimizes a quadratic objective
function.

In this work optimal control theory applies to two situations. First,

the nonlinear optimal control algorithm determines the future control moves
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for the process. Second, a modified version of the nonlinear optimal control

algorithm solves for appropriate model parameters when re-identification is
called for by feedback cultivation. Solving the nonlinear optimal control

problem for the future control moves will be explained first.

4.1.1 Control Move Determination

A nonlinear process can be modeled by differential equations determined by
performing mass, energy, and momentum balances on the process, resulting

in a general model of the form
z = f(z,u,p,d) (4.1)

Yp = g(z,u,p,d) + bias (4.2)

where £ = a vector of state variable derivatives, ¢ = a vector of process state
variables, u = a vector of control moves, p = the model parameters, d =
process disturbances, and f(z,u,p,d) = the nonlinear functions representing
mass, energy, and momentum balances. The nonlinear functions ¢(z,u, p, d)
translate the state variables, z, to model predicted output variables, y,. The
term bias in Equation 4.2 accounts for unmeasured process disturbances.
Chapter 3 described how feedback cultivation can be used to detect
unmeasured disturbances, and Section 4.1.2 describes a technique for
determining the values for bias. The nonlinear optimal control problem that

incorporates the model given in Equations 4.1 and 4.2 stated as a



minimization is
Min &
U
(4.3)
st. £ = f(z,u,p,d)

Yy = g(xau>p’d)+bias

where & = the objective function. The control moves, v = (u1, ua, ..., up),
represent the search variables of the optimization where M is the control
horizon. The equations of the model shown in Equations 4.1 and 4.2 are the
constraints of the optimization. Because the process is continuous, the
continuous form of the model appears in the optimal control problem even
though the process measurements and control actions are discrete. A discrete
form of the optimal control problem is used in computer programmed
applications.

The nature of the objective function, &, can be based on things such
as economic factors, product specifications, desired setpoints of state
variables, or a combination of all these. In optimal control the objective

function is usually stated as two terms:

® = S()+ [ Llup, )t (4.4)

The first term, S(yy), represents criteria based on the final value of the state
variables, for example, specification of the desired final concentration of the
product leaving a reactor. The second, integrated term accounts for
intermediate criteria specified between the initial and final times considered

in the optimization. For example, L(y,,u) may equal the squared difference
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between a process output variable predicted by the model in Equation 4.2

and the desired setpoint of that output variable:

L(yp, u) = (yp — Yset)* (4.5)

To solve Equation 4.3 for the future control moves, u, the constraints

are adjoined with constant multiplier functions:

® = S+ [ 1L+ (2,0, D=8} M (2,0, p, D)~y . (46)
Then, a scalar function called the Hamiltonian is defined as
H(z, A1, A0,u) = L(yp,u) + Al f(z,u,p,d) + A\ g(z,u,p,d).  (4.7)
Next, 4.7 is substituted into 4.6 and integrated by parts to yield

ty .
& = S(ys) — M (¢7)z(ts) + M (to)z(to) +/t [H(z, A1y A2 u) + ATz — A y,ldt.
(4.8)
Then, considering the variation of & due to the variations in the control

vector u for fixed times ¢y and t; gives

6@ = [%&Jp] — [M6x)imy, + [M 6x)imo+

t=ty (49)
W ([ + 37 6z + Pou + [Z — M| by,) dt.

Choosing the coefficients of éz and 6y, to vanish gives

6H(w,/\1,/\2,u)

OH (2, M1, Az, 1)
A = 4.11
2 ayp ( )
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with boundary conditions

65(xf)

M(ty) = (4.12)

|t=t/ ¢

Equation 4.9 then becomes

§& = [\T6z),, + / ’?—H-audt (4.13)

The first term in 4.13 is constant or zero because z¢ is given. For an
extremum, the derivative of & with respect to u must be zero, and this can

only happen if
OH(z, )\, Az, u)
Ou

=0 (4.14)

or, from Equation 4.7

@ e @ e

To find the solution of 4.15, the following differential and algebraic equations

must be solved:

. OH
=N = f(z,u,p,d) (4.16)
‘ OH of 19y
r_ OH _ .r T
3H aL

Two boundary conditions are required to solve Equations 4.16 and 4.17.

Usually the boundary conditions are given as

z(to) = zo = given (4.19)

Mity) = 35($f)

le=t, (4.20)



-

resulting in a two point boundary value problem for the optimization
problem stated in Equation 4.3.

Computer solution of the optimal control problem in Equation 4.3
requires discretization of the equation. Solving 4.3 discretely involves the

following steps:

1. Integration of the model given in Equations 4.1 and 4.2 over the
prediction horizon which is ¢¢ through ¢/, or in discrete terms,
k=1,2,..., P where P is the prediction horizon. The initial conditions
for the integration are given in Equation 4.19. The values of the state
and output variables determined at each step of the integration must be

saved for the next step.

2. Solution of Equation 4.18 while integrating Equation 4.17 backwards
from t; through ¢, or, discretely, for k = P, P —1,...,1. The initial
condition for the integration of Equation 4.10 is given in Equation 4.20.
The values of A; and A; must be saved at each step of the integration

for use in the next step.

3. Calculation of the gradient of the objective function using Equation 4.15

over the range of k = 1,2, ..., M where M is the control horizon.

Two algorithms most frequently used to solve the optimal control
problem are successive quadratic programming (SQP) and generalized
reduced gradient (GRG). Both methods can handle the nonlinear objective

functions and the nonlinear constraints present in the optimal control
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problem [3]. In this work, the GRG method is used to solve the optimal
control problem because the SQP method can sometimes lead to infeasible

intermediate solutions [38].

4.1.2 Parameter Identification

Nonlinear optimal control can be used to determine new values for the model
parameters if feedback cultivation detects errors due to process-model
mismatch or unmeasured disturbances. If feedback cultivation detects an
inaccurate model parameter, the particular incorrect parameter should be
updated. If feedback cultivation detects unmeasured process disturbances,
bias terms for the model-predicted outputs should be calculated or corrected.
Chapter 3 explains feedback cultivation and how the bias terms fit into the
model equations.

The nonlinear optimal control problem for parameter re-identification
follows the same principles as the nonlinear optimal control problem for
control move determination. The differences appear in the nature of the
objective function and the optimization search variables. The nonlinear

optimal control problem for parameter re-identification is stated as follows:

Min d;
p; or bias
! (4.21)
s.t. z = f(z,u,p,d)
¥ = g(z,u,p,d)+ bias

where p; = the inaccurate model parameter detected by feedback cultivation
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and bias = the bias terms used to modify the output variables of the model to
account for unmeasured disturbances. The constraints of the optimal control
problem are the same state and output equations used in Equation 4.3.

The objective function for the parameter re-identification optimal

control problem appears as follows:

ty
& = / (y — )2t (4.22)
to

where y = the measured value of the process output and y, = the model
predicted value of the process output. The integration in 4.22 proceeds from
the current time of the process operation, to, backwards to time ¢; in the
past. To implement the parameter re-identification, measured values of the
process output must be saved from time ¢; through ¢,.

The use of nonlinear optimal control to solve the parameter
re-identification problem was suggested by Jang [36]. The difference between
the method presented here and the method used by Jang involves the search
parameters used to minimize the objective function given in Equation 4.22.
Jang’s method lumps all the model parameters and the initial conditions of
the model state variables together as the search variables of one optimal
control problem. This approach combines state estimation and parameter
re-identification into one step. The drawback of this approach is that no
distinction is made between problems caused by unmeasured disturbances
and problems caused by process-model mismatch. These two problems affect

the controller very differently and should be treated as separate problems. In
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this work, feedback cultivation determines what problems, if any, appear to
be affecting the process or controller. Once the problem has been isolated to
one specific model parameter or the output bias terms, the optimal control
problem in Equation 4.21 can be solved for the specific parameter or bias
terms. State estimation is completely separated from parameter
re-identification and is discussed in the next section.

Solving Equation 4.21 proceeds in the same fashion as the solution of
the optimal control problem in Equation 4.3 for the future control moves.
The problem must first be discretized for computer implementation. Then
the GRG method can be used to solve Equation 4.21. Jang [36] describes the
method for determining the derivatives of ®; with respect to the search

variables (p; or bias) necessary to use the GRG method.

4.1.3 State Estimation

The nonlinear model predictive control algorithm formulated as the optimal
control problem in Equation 4.3 requires initial values for the state variables,
xo, as shown in Equation 4.19. Ideally, the initial values of the state variables,
Tp, can be obtained from process measurements. For example, if the
temperature of the liquid in a stirred-tank reactor is one of the state variables
in the model of the reactor, the latest measurement of the temperature in the
reactor would be used as the initial value of the reactor temperature state
variable in the nonlinear optimal control algorithm. Sometimes a state

variable cannot be measured because either no sensor is available to measure
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the variable or the variable is impossible to measure physically. For example,
the concentration of a component in the stirred-tank reactor may be a state
variable in the model, but no measurement of concentration is available — a
common problem in the chvemical process industry. In this case, an estimate
of the initial value of the state variable must be determined.

Several schemes exist for estimating the unknown zo. A frequently
used scheme is the technique of Kalman Filtering [41]. Another scheme,
suggested by Jang [36] and described in the previous section, uses a variation
of the nonlinear optimal control algorithm to find the optimum values of the
unknown zo. Jang [36] compared the nonlinear optimal control variation to
the Extended Kalman Filter method, which attempts to account for model
nonlinearities, and found the nonlinear optimal control variation to be
superior.

An even simpler approach to estimating the unknown z¢ is to assume
the process is in a psuedo-steady state at the current time. This means
z = 0, and the equations in 4.1 and 4.2 can be solved for the unknown .
This method is valid only if enough state variables are measured to give
enough information about the process to solve the equations for the
remaining unknown state variables.

In this work, at the start of a simulation, the initial conditions for the
measured model state variables equal the available measurements. The initial
conditions for unmeasured state variables are determined by solving

Equations 4.1 and 4.2 with £ = 0 for the unknown initial conditions.
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During the simulation, if feedback cultivation detects no problems
with the process or controller, the initial conditions are updated each time a
new control action is called for. Before a new control action is determined,
the model is integrated from the previous initial conditions to the present
time using the control move determined at the last control time step. The
final values of the state variables after the integration equal the initial
conditions for the model state variables at the current time.

If feedback cultivation detects process or controller problems, the
initial condition values are updated differently. In this work three possible

methods for updating the initial conditions are examined:

1. Set the initial condition values equal to the latest values of the variable
measurements. If measurements are not available, assume a steady state

and solve the state equations for the unknown state initial conditions.

2. Apply a technique similar to that used by Jang [36] to search for the
initial condition values along with the model parameter or bias terms

determined to be inaccurate by feedback cultivation.

3. Use a feedback cultivation identification horizon large enough to reduce
the effect of inaccurate initial condition values on the model parameter

search optimization.

Of the three possible methods for determining the initial conditions, the first
one is the most desirable if good measurements are available. Any noise is

removed from the signals by filtering. The second method adds search
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variables to the parameter re-identification optimization. More search
variables leads to slower optimization convergence. The third method may
require too much data to be useful. Once feedback cultivation detects a
process or controller problem, enough data must be accumulated during
which the problem exists. This may lead to long periods of operation where

upsets or setpoint deviations are present.

4.2 Control System Methodology

The complete control system includes the nonlinear optimal control algorithm
in Equation 4.3, adaptive filtering, feedback cultivation, and the parameter
re-identification algorithm given in Equation 4.21. Figure 4.1 shows a block
diagram of the complete control system implemented in this work. A
flowchart of the control system methodology given in Figure 4.2 shows the
decision path for the methodology. Each step indicated in the flowchart is

described in the following list:

1. Data acquisition — Obtaining the latest disturbance and output
measurements from the process. If more than one measurement occurs
in between control move calculations, an average of the measurements

can be used.

2. Filtering — Adaptively filtering the disturbance and output

measurements involves the following steps:

~
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Figure 4.1: Complete nonlinear optimal control system

Saving each of the latest measurements into an n-dimensional

vector shifting the oldest measurement out of the vector.

Calculation of the average of the n values in each vector to use as

the desired filter output in the weight adjustment step.

Calculation of the filtered measurcments using Equation 3.19.

Optimization of the weights using Equation 3.16 by minimizing

the error given in Equation 3.15.

Passing the filtered values of the disturbance measurements to the

nonlinear optimal control algorithm and the filtered values of the

output measurements to the feedback cultivation algorithm.
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Figure 4.2: Control system methodology flowchart




3. Checking for feedback cultivation time — If the specified number of
control moves have been determined since the last execution of the

feedback cultivation algorithm, the following steps are taken:

o Cultivation of the values in the historical database accumulated
since the last two feedback cultivation executions (i.e. half
previously cultivated data and half new data because the
cultivation windows overlap as shown in Figure 3.6). One feedback

cultivation point results.

¢ Inputing the feedback cultivation point to the neural network for
classification, possibly along with several previously determined

cultivation points.

e Interpretation of the neural network results. If the points fall into
a parameter error class or the null class, check the feedback values
(Equation 3.10) for significance. If the feedback is significant, set
the appropriate flag indicating which model parameter or bias

terms need correction.

4. Checking flags from feedback cultivation - If something is wrong and it
has been detected for a specified number of successive feedback
cultivation applications, update the appropriate parameter or bias
terms using Equation 4.21 and one of the three state estimation

methods to determine the state variable initial conditions.

5. Control move determination — Determination of the next control move
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involves the following steps:

e Updating the appropriate model variables with the latest filtered

disturbance measurements.

e Updating the model parameters and bias terms if any new values

determined are in the parameter re-identification phase

e Integration of the model from the last control time to the current
time to determine the initial values of the model state variables,
zo. If the bias terms or any model parameters have been
re-identified, the model integration starts from the time of the last
accurate initial conditions at the beginning of the feedback

cultivation horizon.

e Saving the necessary variables for feedback cultivation and

parameter re-identification in the historical database.

e Shifting the previously M — 1 determined control moves so that

U2,0ld = U1 new, €tC. and use these values as the initial guesses for

the next control moves.
e Solving the optimal control problem given in Equation 4.3 for the
next control moves u = (uy, Uy, ...uss).
6. Outputing the first control moves for each manipulated variable, i.e. u;,

to the process.

The next two chapters demonstrate the use of this control system

methodology. Chapter 5 applies the methodology to a first-order process with
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a first-order model. The application is simple enough to give a feel for how
the algorithm works. Chapter 6 applies the methodology to a stirred-tank
reactor that involves a nonlinear reaction, process measurement noise, and

unmeasured process disturbances.
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CHAPTER 5

First-Order Process and Model Example

The first-order process with the nonlinear optimal control algorithm using a
first-order model described in this chapter provides a simple demonstration of
the nonlinear optimal control algorithm operating with feedback cultivation.
Section 5.1 gives a description of the system and the operating conditions of
the process and controller. Section 5.2 presents the results of simulating the
first-order process with the nonlinear optimal control algorithm using

feedback cultivation.
5.1 System Description

5.1.1 The Process

The process used in this demonstration involves a first-order equation in the
following form:
dz 1 K

7 + T (5.1)

where z = the state variable of the process, u; = the control action, K = the
process gain, and 7 = the process time constant. The measured output of the

process includes a term that simulates unmeasured disturbances of the
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process:

y=z+d, (5.2)

where y = the measured process output and d, = the unmeasured
disturbance.
The following parameter values define normal operation of the

first-order process:

r = 1146.6
K = 3426 (5.3)
d, = 0.0.

The state variable, z, the output variable, y, and the control variable, u;,

start each simulation with the following values:

g = 88.0
y = 88.0 (5.4)
wp = 0.2569.

A fourth-order Runge-KKutta method integrates the process given by

Equations 5.1 and 5.2 using an integration time step of 20.0 seconds.

5.1.2 The Controller

The nonlinear optimal control algorithm determines the values for the control
actions given by the vector u = (uy, ua,...,ups) where M is the control

horizon. A first-order equation similar to Equation 5.1 models the process in

the control algorithm:

(5.5)




where z,, = the model state variable, K,, = the model gain, and 7,, = the
model time constant. The model output includes a bias term determined

with feedback cultivation to account for unmeasured disturbances:
Ym = Tm + bias. (5.6)

The optimal control problem solved by the nonlinear optimal control

algorithm uses Equations 5.5 and 5.6 as part of the constraint set in the

optimization:
Min &
u
s.t. z,, = —%mm + I;‘:‘u (5 7)
Yn = Tm + bias '
0 < u<l
u = (up,uz,...,up)

where & = the objective function and u = a vector of control moves. The
control moves are the search variables of the optimization. Re‘call that the
process implements only the first control move in the vector, u,, as indicated
in Equation 5.1.

The objective function for the nonlinear optimal control algorithm

contains two terms:

P
¢ = Z B(Yset — ym.‘)2 + Iul - uloldl (5'8)
=1

where 3 = the weighting factor for the output term and v = the weighting

factor for the control move change in the process. The first term sums the
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differences between the output setpoint, y,:, and the model predicted output,
Ym. The summation covers the prediction horizon, P. The second term is a
difference term between (1) the control move to be implemented in the
process next, uj, and (2) the most recently implemented control move, u;_,,.
The absolute value of this term is used instead of the squared value. The
absolute value of the difference gives a better indication of the magnitude of
the control move change because the difference is always less than one.
Initially, the model parameters, the model state variable, and the
model output variable are set to the same values as the process parameters

and variables:

Tm = 1146.6

K, = 3426

z, = 88.0 (5.9)
bias = 0.0

ym = 88.0.

The controller tuning parameters for the nonlinear optimal control

algorithm have the following values:

P = 50

M =35

B = 10 (5.10)
v = 500

At, = 20.0 seconds

where P = the prediction horizon, M = the control horizon, § = the output
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weighting factor, v = the move suppression factor, and At, = the control
action time step. In this example, the control time step is the same as the
measurement time step.

The prediction horizon, P, is 50 control time steps which indicates
that the process output is predicted 1000.0 seconds (50 times 20.0) into the
future. This is about the length of time required for the process to reach
steady state after a disturbance enters the process.

Setting the control horizon, M, is a matter of trial and error in this
example. Values of M ranging from 2 to 20 were tried before selecting 5 as
the value for M. Considering speed of controller operation and oscillation of
the process response, a control horizon of 5 gives the best results.

Section 5.2.1 presents results for varying values of the control horizon
and the prediction horizon. These results demonstrate that the values M =5
and P = 50 result in the best controller tuning of all the values of M and P
tried.

The output weighting factor, £, and the move suppression factor, 7,
are selected so that the two terms in the objective function in Equation 5.8

have similar magnitudes.

5.1.3 Feedback Cultivation

The model used in the nonlinear optimal control algorithm contains two

parameters that relate to the same parameters in the process: K,,, the model

gain, and 7,,, the model time constant. Feedback cultivation can be used to




detect differences between the model and process parameter values. Once a
difference is detected, values of the appropriate parameters in the model can
be corrected to account for the difference.

Implementation of feedback cultivation involves three steps. The first
step generates the reduced feedback cultivation dataset or data point. The
second step classifies the reduced feedback cultivation data using a trained
neural network. The third step interprets the results from the neural network
classification and corrects any inaccurate parameters.

Before the first step of feedback cultivation can be implemented, the
summary and statistic variables that make up the reduced feedback
cultivation dataset or data point must be selected. For the first-order
example, statistic and summary variables must be selected that distinguish
mismatch between the process and model gain terms and the process and
model time constant terms. Also, the statistic and summary variables need to
distinguish between parameter mismatch and unmeasured disturbances.
Section 5.2.2 presents the results for selecting statistic and summary variables
for the first-order example. The selection of the feedback cultivation variables
is somewhat arbitrary.

Before the neural network can classify unknown feedback cultivation
data points, it must be trained with datasets representative of differences
between the process and model gain, and differences between the process and
model time constant. The neural network is trained to recognize five classes

of process and controller operation: one representing normal operation, one
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representing an increase in the process gain, one representing a decrease in
the process gain, one representing an increase in the process time constant,
and one representing a decrease in the process time constant. Five datasets
representing each of the five classes are generated by simulating the
first-order process with the nonlinear optimal controller but without feedback
cultivation. For each simulation, the modes of the process are excited by
varying the setpoint of the process output variable. Figure 5.1 shows the
value of the setpoint for about a 4-hour simulation. Figure 5.2 shows the
values of the process and model parameters for each of the five simulations
needed to generate the historical databases for each of the five training
datasets.

The model parameters and the bias term for the first-order example
are updated using the modified nonlinear optimal control algorithm described
in Chapter 4. If a mismatch between process and model gain terms is
detected by the neural network, the modified nonlinear optimal control
algorithm searches for a new value of the model gain. Likewise, if a mismatch
between process and model time constants is detected, the modified nonlinear
optimal control algorithm searches for a new value of the model time
constant.

The neural network classifies unmeasured disturbances in the null class
indicating that the data does not represent anything the network has been
trained to recognize. The bias term in Equation 5.6 accounts for unmeasured

process disturbances. When the neural network detects unmeasured
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Figure 5.1: Setpoint disturbance of first-order process for neural network train-

ing sets.
Set Set Model Process Time Model Process
# Name Time Constant Constant Gain Gain
1 - 1032.5 1146.5 342.6 342.6
2 T+ 1260.5 1146.5 342.6 342.6
3 K- 1146.5 1146.5 325.6 342.6
4 K+ 1146.5 1146.5 359.6 342.6
5 Normal 1146.5 1146.5 342.6 342.6

Note: Changed parameters appear as boldface text.

Figure 5.2: Model and process parameters for the five training datasets.




disturbances, the modified nonlinear optimal control algorithm searches for
new values of the bias term.

Section 5.2.3 presents the results of using the modified nonlinear
optimal control algorithm to update the model parameters and the bias term.
Also presented are results for each of the three methods of updating the
initial value of the state variable in the model. The first-order example helps
give a clear explanation of the effect of several state estimation techniques on
the operation of the nonlinear optimal control algorithm.

As discussed in Chapter 4, the choice for the value of the initial value
of the state variable, z¢, determines how accurately the parameter
identification algorithm identifies a new model parameter. Three methods are
explored in this example: using the measured value of the state variable,
searching for a new value for zq along with the inaccurate model parameter,
and using a large identification horizon to minimize the effect of an
inaccurate initial condition value. Section 5.2.3 presents results for each of

these three initial condition determination methods.

5.2 First-Order Example Results

The results for the first-order example are presented in the next three
sections. Section 5.2.1 presents results demonstrating the effect of varying the
control horizon and the prediction horizon in the nonlinear optimal control

algorithm. Section 5.2.2 gives results for the development of the feedback




cultivation algorithm for the first-order example. Finally, Section 5.2.3
presents simulations of the first-order process using the nonlinear optimal

control algorithm with feedback cultivation.

5.2.1 Controller Tuning Results

The results of simulating the first-order process using the nonlinear optimal
control algorithm with varying control horizons and prediction horizons are
given in this section. The model in the nonlinear optimal control algorithm
uses the same gain and time constant as the process. Also, the simulations
contain no unmeasured disturbances. Because ideal model parameters are
used and no unmeasured disturbances are present, the feedback cultivation
algorithm is not implemented in these simulations.

The duration of the simulations is about 3 hours. The setpoint of the
process output varies between 84.0 and 90.0 during the simulations as
indicated in Figure 5.3. The results report the variation of the process output
and the model predicted output, the variation of the control variable, and the
variation of the deviation of the process output from the desired setpoint for
each simulation.

Figures 5.4 and 5.5 show the results of simulating the first-order
process with the setpoint disturbance shown in Figure 5.3 with a control
horizon of M = 5 and a prediction horizon of P = 50. These parameters
represent a satisfactory compromise between the desire to limit excessive

oscillation of the process output and the quickness of response of the process
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Figure 5.3: Setpoint disturbance of first-order process for controller tuning

simulations.

output to changes in the setpoint. All simulations of the first-order process
presented in Sections 5.2.2 and 5.2.3 use a control horizon of M =5 and a
prediction horizon of P = 50.

Figures 5.6 and 5.7 show the results of simulating the first-order
system with a control horizon of Af = 2. Figures 5.8 and 5.9 show the results
of simulating the first-order system with a control horizon of A/ = 10. In
both cases, the prediction horizon has a value of P = 50. The figures indicate
that changes in the control horizon affects the speed of the controller’s
response to changes in the process output setpoint.

Figure 5.6 shows that too low a value for the control horizon results in
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Figure 5.4: Outputs and deviation from setpoint for simulation with M = 5

and P = 50.
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Figure 5.5: Control Action for simulation with M =5 and P = 50.

a very sluggish response of the controller to the setpoint changes. Figure 5.8
shows that too high a value for the control horizon results in a faster but
more oscillatory response of the controller to the setpoint changes.

Figures 5.10 and 5.11 show the results of simulating the first-order
system with a prediction horizon of P = 10. Figures 5.12 and 5.13 show the
results of simulating the first-order system with a prediction horizon of
P = 80. In both cases, the control horizon has a value of M = 5. The figures
indicafe that changes in the prediction horizon affects the degree of
oscillation of the controller’s response to changes the setpoint.

Figure 5.10 clearly shows that too low a value for the prediction

horizon increases the amount of oscillation in the controller response. The
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Figure 5.6: Outputs and deviation from setpoint for simulation with M = 2

and P = 50.
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Figure 5.7: Control action for simulation with M = 2 and P = 50.

first-order process does not have time to scttle to a new setpoint between
changes in the setpoint value due to the excessive oscillations of the control
variable.

Figure 5.12 shows that the higher the prediction horizon, the lower the
amount of oscillation of the control variable due to changes in the setpoint.
In fact, for some of the setpoint changes, the controller responds better than
the controller with a prediction horizon of P = 50 as indicated by the plot of
the deviation between the process output and the setpoint in Figure 5.12.
The disadvantage of using a value of P = 80 instead of P = 50 relates to the
length of computation time required for the nonlinear optimal control

algorithm to determine a new set of control moves. The higher the value of
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the prediction horizon, the slower the nonlinear optimal control algorithm
functions. A value of P = 50 represents a compromise between limiting
oscillations and speed of operation of the nonlinear optimal control algorithm.
The nonlinear optimal control algorithm contains two other
parameters that affect the response of the controller to process changes: the
output weighting factor, £, and the move suppression factor, 4. These factors
fit into the optimal control algorithm through the objective function as
indicated in Equation 5.8. In the simulations of the first-order process, the
output weighting factor is set to a constant value of # = 1.0. The move
suppression factor is set to a value that scales the move suppression term to

the same magnitude as the output term in the objective function in
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Equation 5.8. In all the simulations of the first-order process, the move

suppression factor has a constant value of v = 50.0.

5.2.2 Feedback Cultivation Results

Before the feedback cultivation algorithm works, the neural network that
classifies feedback cultivation data must be trained. As previously mentioned,
the neural network learns to distinguish between model time constant error,
model gain error, and normal operation using five sets of feedback cultivation
data as training data. Once the neural network training finishes, the network

operates as a pattern classifier.

The feedback cultivation variables used in this example consisted of 7
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statistic and summary variables. Figure 5.14 defines the feedback cultivation
variables. Ratios of the summary and statistic variables are used to invoke
natural scaling of the data. The fraction of positive and negative feedback
points in the datasets always lies between 0 and 1. Most of the ratios vary
between -1 and 1 naturally, some scaling keeps all values between -1 and 1.
All of the data in the training and test datasets is scaled between -1 and 1
before input to the neural network.

The neural network used in this example consists of 7 input nodes, one
for each feedback cultivation variable, and 5 output nodes, one for each class
of feedback cultivation data the network is trained to recognize. The two

hidden layers of the network contain 15 and 11 nodes respectively. The
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frac-neg Fraction of points with negative values of FB =y — y,
frac_pos Fraction of points with positive values of F'B =y — y,,
2afb Ratio of sum of square F'B values and the sum of square

€ITOrS, ETTOT = Yset — Ym

Ab=ava_ Ratio of the average value of FB and the range of FB

fb_range

gae Ratio of the sum of absolute errors and the sum of squared errors
——’,fj;” Ratio of the degree of skewness of F'B and the kurtosis of F B*
= f: Ratio of the sum of square F'B values and the sum of absolute

F' B values

* Skewness measures the deviation of the median of the data from the mean

value of the data. IXurtosis measures the degree of peakedness of the data.

Figure 5.14: Feedback cultivation variables for the first-order example.
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learning rate constant, variable a in Equatior 3.5, has a value of 0.45 during
training. Each of the five training data sets contains 11 feedback cultivation
data points.

The results of classifying the training data sets after completion of the
training are shown in Figure 5.15. The results show that the backpropagation
neural network correctly classifies 100% of the training data.

Before incorporating the feedback cultivation algorithm into the
nonlinear optimal control algorithm, classification of a number of test
datasets by the neural network determines how well the network performs
under different conditions from the training conditions. Figure 5.16 shows the
results for nine neural network tests. Results for both smaller and larger
magnitude changes in each of the plant parameters than the magnitude
change of the training data are represented in the figure. Also shown are
results of classifying an unmeasured process disturbance. For an unmeasured
disturbance of d, = —1.5, the network correctly classifies the data as the null
class. But, for an unmeasured disturbance of d, = 3.0 the network incorrectly
classifies the data as a positive difference between the process and model gain
terms. More judicious selection of the feedback cultivation statistic and
summary variables may fix this problem with the neural network classifying
some unmeasured disturbances as model gain errors. This research does not
look at any other possible feedback cultivation variables for this example.

To justify the need for data reduction in the form of feedback

cultivation, training the neural network to distinguish between model errors
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% of Data Classified in Each Class of Training Data

Dataset T T+ K- K+ Normal Null
At=-57.0 100 0 0 0 0 0
At=+57.0 0 100 0 0 0 0
AK=-17.0 0 0 100 0 0 0
AK=+17.0 0 0 0 100 0 0
Normal 0 0 0 0 100 0

Figure 5.15: Results of neural network classification of training datasets.

% of Data Classified in Each Class of Test Data

Dataset - T+ K- K+ Normal Null
At=-114.0 82 18 0 0 0 0
At=+114.0 45 55 0 0 0 0
At=-28.0 64 27 0 0 0 9
At=+28.0 27 46 0 0 0 27
AK=-8.0 18 0 55 0 0 27
AK=+38.0 18 0 0 73 0 9
AK=-34.0 0 0 82 0 0 18
du=-15 0 0 0 0 0 100
du=3.0 0 0 0 100 0 0

Note: Correct classifications are indicated with bold type.

Figure 5.16: Results of neural network classification of test datasets.
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and normal operation with raw data was attempted. After using 27 hours of
DEC VAX 6000-440 CPU time, the network correctly classified only 30% of
the training data. This compares to 30 - 45 minutes DEC VAX 6000-440
CPU time required to train the neural network with the reduced feedback
cultivation datasets. Using feedback cultivation helps the neural network
learn much faster. Farell [23] presents similar results comparing the training
of the perceptron neural network with raw data and reduced data resulting

from hypothesis feedback modeling.

5.2.3 Model Re-identification Results

This section presents results of six different cases of simulating the first-order
process with the complete nonlinear optimal control algorithm using feedback
cultivation. All six simulations use the setpoint changes shown in Figure 5.17.
For each simulation, a process gain change is made near the beginning of the
simulation at a time of 1000.0 seconds, a process time constant change is
made at a time of 10000.0 seconds, and an unmeasured disturbance occurs at
a time of 25000.0 seconds. The process gain is changed from a value of

K = 342.6 to a value of ' = 325.6. The process time constant is changed
from a value of 7 = 1146.5 to a value of 7 = 1260.5. The magnitude of the
unmeasured disturbance is d, = —1.5. To ensure that the system reaches
steady state after each change, the controller uses a model re-identification
horizon of 5 or 7 times the feedback cultivation horizon depending on the

initial condition determination method. For initial condition re-identification
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Figure 5.17: Setpoint disturbance used during model re-identification tests.

methods 1 and 2, a model re-identification horizon of 5 times the feedback
cultivation horizon is used. For initial condition re-identification method 3, a
model re-identification horizon of 7 times the feedback cultivation horizon is
used. The simulation time corresponding to the model re-identification
horizons is 3000.0 to 3500.0 seconds. In other words, feedback is introduced
into the nonlinear optimal control algorithm at a time interval of 3000.0 to
3500.0 seconds.

The results compare the three different methods of re-identifying the

model initial condition, zg, for the first-order system:
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1. setting zo equal to the latest measurement minus the model bias term:

o = y — bias, (5.11)

2. searching for z, along with the inaccurate model parameters or bias

term, and

3. using a large identification horizon so that the effects of an inaccurate
zo are minimized. In this case, z is the value available to the model

based on the value from the beginning of the simulation.

The first method can only be used if measurements of the state variables are
available. In this first-order example, measurements of the state variable are
available. Many times, the state variables for model predictive controllers do
not have equivalent measurements in the process and therefore, method one
is not possible.

For each of the three initial condition determination methods, two
methods of searching for new model parameters are used. One method
involves using feedback cultivation to determine the inaccurate model
parameter and re-identifying only that parameter. The second method
by-passes the feedback cultivation algorithm and re-identifies all the model
parameters at once. The frequency of re-identification for the second method
is the same as that used for the feedback cultivation method. The second
re-dentification method along with the second method of determining the

initial condition is used by Jang [36).
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5.2.3.1 Case 1: IC Method 1, Search Method 1

Figure 5.18 shows the results of using feedback cultivation to identify the
inaccurate model parameters and the latest available measurement for the
initial condition. This method works the best for the first-order example. In
the figure, the process output is overlayed with the model predicted output.
The model predicted output tracks the setpoint changes shown in

Figure 5.17. The process output deviates fron1 the model predicted output
and the setpoint when errors are present between the process and model.

The error between the process and the model occurs for one of two
reasons. First, the error may exist because the feedback cultivation algorithm
does not yet have sufficient data available to perform the model
re-identification. The shaded regions between the process output curve and
the model predicted output curve in Figure 5.18 indicates this error type.
Second, the error may exist after the model is re-identified but not accurately
enough. In this case, little or no error is present after re-identification of the
model.

Figure 5.19 shows the model re-identification results for Case 1. As
indicated, re-identification occurs three times, corresponding to the three
process disturbances. Each identification correctly re-identifies the inaccurate
parameter to the process value of the parameter. In the case of the time
constant change, the feedback cultivation algorithm takes twice as long to
determine that the time constant is inaccurate. This is because changes in

the time constant tend to be canceled in the first-order model equation.
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Figure 5.18: Plot of process and model predicted output for Case 1 model

re-identification.

Examination of Equation 5.5 shows that the time constant appears in both
terms on the right side of the equation but with opposite signs. Figure 5.18
shows that changing the process time constant affects the process far less
significantly than a change in the process gain or the occurance of an

unmeasured disturbance.

5.2.3.2 Case 2: IC Method 1, Search Method 2

Figure 5.20 shows the results of searching for all parameters during the model
re-identification step and using the latest measurement for the initial

condition. This method is similar to the method used by Jang [36]. The
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ID Phase Initial Actual
Execution| Search | Model Parameters After Search | Condition Output
Time, sec.|Parameter T K bias x(0) y

0| initial 1146.5 342.6 0 88 88
5040 K 1146.5 325.6 0 84.2 84.2
17040 T 1260.5 325.6 0 85.9 85.9
28040| bias 1260.5 325.6 -1.5 88.2 88.2

Process Parameter Changes:

Process Parameter Values

Time, sec. T K du

0] 1146.5 342.6 0

1000{ 1146.5 325.6 0

10000 1260.5 325.6 0
25000 1260.5 325.6 -1.5

Figure 5.19: Model re-identification results for Case 1.
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Figure 5.20: Plot of process and model predicted output for Case 2.

dashed line in the figure represents the model predicted value of the process
output and the solid line represents the actual process output. The model
predicted output tracks the setpoint changes shown in figure 5.17. As
indicated in Figure 5.20, the process output fails to follow the setpoint
changes during most of the simulation duration.

Figure 5.21 shows the model re-identification results for Case 2. The
data shown in Figure 5.21 indicate that the model re-identification fails
completely to accurately re-identify the model parameters. The reason for
this method failing so completely to re-identify the model is not known.
Failure of the re-identification to function properly results in the nonlinear

optimal controller to function poorly resulting in large deviations of the
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ID Phase Initial Actual
Execution| Search | Model Parameters After Search | Condition Qutput

Time, sec.| Parameter T K bias x(0) y

0] initial 1146.5 342.6 0 88 88
6040| All 573.2 5134 29 102.5 82.2
10040 Al 286.6 410.3 -2.8 68.1 55.7
13540 Al 429.9 332.5 -29 73.9 71.3
19040f Al 286.1 432.1 -1.6 107 87.6
23540; All 323.6 342.2 -23 68.2 66.6
27540 Al 325.5 342.2 -24 87.6 85.5
325401 Al 325.5 327.1 -24 91.7 89.5

Process Parameter Changes:
Process Parameter Values

Time, sec. T K du
0} 1146.5 342.6 0
1000 1146.5 325.6 0
10000 1260.5 325.6
25000 1260.5 325.6 -1.5

Figure 5.21: Model re-identification results for Case 2.




process output from the target setpoint values.

In this case, the errors are too large to distinguish between errors due
to the delay accumulating feedback cultivation data and errors due to an
improperly re-identified model. No distinction is made in Figure 5.20 between

the two types of errors.

5.2.3.3 Case 3: IC Method 2, Search Method 1

Figure 5.22 shows the results of using feedback cultivation to select which
model parameter to re-identify. In this case, the initial condition is also a
search variable of the re-identification. As in Case 1, the errors due to the
delay in accumulating feedback cultivation data appear as shaded regions in
Figure 5.22. In general, the nonlinear optimal control algorithm keeps the
process output close to the setpoint after model parameter re-identification.

Figure 5.23 shows the feedback cultivation results for Case 3. The
results indicate that the model re-identification occurred as frequently as
allowed by the model re-identification horizon, approximately every 3500.0
seconds, during the simulation. The first time the model re-identification
occurs, feedback cultivation correctly determines that the model gain term is
inaccurate. The new value of the model gain, I, = 328.1, determined by the
model re-identification is close to the value of the process gain of K = 325.6
with a deviation of 0.7%. This deviation is enough to cause problems during
the rest of the simulation.

Feedback cultivation indicates that re-identification of the model time
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constant is necessary at a time of 8540.0 seconds to eliminate the deviation
between the model predicted output and the actual process output even
though the process time constant remains unchanged. The model
re-identification incorrectly changes the model time constant to a value of
™m = 1719.8.

After changing the process time constant at a time of 10000.0 seconds,

the model re-identification algorithm settles on a value for the model time

constant of 7, = 1220.3 at a time of 24040.0 secconds. This is 3.2% off the
process time constant of 7 = 1260.5. In the time between changing the
process time constant and this last re-identification, the feedback cultivation

v algorithm modifies the time constant 3 times before settling on the final
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ID Phase Initial Actual
Execution| Search | Model Parameters After Search | Condition Output
Time, sec.| Parameter T K bias x(0) y
0| initial 1146.5 342.6 0 88 88
5040 K 1146.5 328.1 0 84.3 84.2
8540 T 1719.8 328.1 0 87.1 86.9
11040 T 1230.7 328.1 0 86.9 86.8
15540 T 1361.5 328.1 0 89.1 88.9
21040 T 1365.5 328.1 0 86.6 86.5
24040 T 1220.3 328.1 0 83.8 83.6
27540| bias 1220.3 328.1 -0.03 89.1 88.4
31040| bias 1220.3 328.1 -0.06 85.9 85.1
34540| bias 1220.3 328.1 -0.09 85.7 84.9
38040| bias 1220.3 328.1 -0.12 85.9 85

Process Parameter Changes:

Process Parameter Values

Time, sec. T K du
0] 1146.5 342.6 0
1000] 1146.5 325.6 0
10000 1260.5 325.6
25000{ 1260.5 325.6 -1.5

Figure 5.23: Model re-identification results for Case 3.




value. The changes in the model time constant are shown in Figure 5.23.

Finally, after imposing an unmeasured disturbance at a time of 25000.0
seconds, the model re-identification fails to accurately determine a new value
for the model output bias term after four attempts. The errors in the model
time constant and the model gain probably caused the model re-identification
to fail in accurately accounting for the unmeasured disturbance.

This case demonstrates the sensitivity of the first-order process and
nonlinear optimal controller to small discrepancies between parameters. This
is expected since both the process and the model contain so few parameters
and the simulation does not incorporate any noise. Results presented in
Chapter 6 for a case with noise shows that parameter descrepancy sensitivity

is reduced in the presence of noise.

5.2.3.4 Case 4: IC Method 2, Search Method 2

Figure 5.24 shows the results of searching for all model parameters and the
initial condition during the model re-identification. This model
re-identification method is the same as the method employed by Jang [36).
The results shown in the figure indicate that the process output tracks the
model predicted output closely after model parameter re-identification. The
shaded areas between the two curves represent the error due to the time
needed to collect data to use in the model re-identification. In this case, the
same amount of time (3500.0 seconds) before re-identification is required as

in the case for using feedback cultivation to select the model parameter to be
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Figure 5.24: Plot of process and model predicted output for Case 4.
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identified.

Figure 5.25 show the model re-identification results for Case 4. In this
case, the model re-identification performs much better than in Case 2. First,
the model re-identification determines a better approximation of the model
gain after the first attempt at a time of 6040.0 seconds. Also the
re-identification determines a value of the initial condition close to the actual
value. Inspite of the closeness of the model predicted output to the process
output, the model re-identification algorithm fails to determine accurate
values for the model time constant and the model output bias term when the
process time constant and the unmeasured disturbance are changed at times

of 10000.0 seconds and 25000.0 seconds respectively.
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ID Phase Initial Actual
Execution| Search | Model Parameters After Search | Condition Output
Time, sec.|Parameter T K bias x(0) y
0| initial 1146.5 342.6 0 88 88
6040 Al 1146.6 3334 -0.06 82.7 82.2
10540 All 1146.6 327.8 -0.09 87 86.9
15040 Al 1146.7 326.1 -0.09 90 89.6
19040 Al 1147.1 327.8 -0.1 84.4 84.4
23040 All 1147.1 325.9 -0.1 87.2 87.1
27540 Al 1147.1 320.6 -0.12 89 88.9
37540 All 1147.4 318.7 -0.12 86.9 86.9
Process Parameter Changes:
Process Parameter Values
Time, sec. T K du
0] 1146.5 342.6 0
1000} 1146.5 325.6 0
10000| 1260.6 325.6
25000] 1260.5 325.6 -1.5

Figure 5.25: Model re-identification results for Case 4.




This case shows that the nonlinear optimal controller is most sensitive
to changes on the model gain. Examination of the first-order model equation
indicates this to be true. As mentioned previously, the effects of changing the
model time constant tend to cancel in Equation 5.5. This is not true for the

model gain.

5.2.3.5 Case 5: IC Method 3, Search Method 1

Figure 5.26 shows plots of the model predicted output and the actual process
output for the case of using feedback cultivation and a much larger window of
data in the model re-identification. This case uses the model determined
value of the initial condition during the entire simulation. By using a larger
window of data in the model re-identification, the effect of inaccuracies in the
initial condition are minimized. For the previous four cases, the model
re-identification window size is the same as the feedback cultivation window
size, 50 data points representing 50 control moves. In this case, the previous
350 data points are used in the model re-identification.

As in the previous cases, shaded areas between the model predicted
output and the process output indicate deviations due to the delay in
accumulating enough data to perform the model re-identification. Figure 5.26
indicates that the process output tracks the model predicted output and,
therefore, the process setpoint with some offset each time after model
re-identification.

In this case, the simulation starts with the initial condition equal to
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Figure 5.26: Plot of process and model predicted output for Case 5.
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the process output. After model re-identification, an updated value of the
initial condition is determined by integrating the model over the time length
of the model re-identification horizon using the re-identified model
parameters.

Figure 5.27 show the model re-identification results for Case 5. As
shown, the model re-identification accurately re-identifies the model gain at a
time of 6040.0 seconds. The new model gain of I, = 327.9 is within 0.7% of
the actual process gain of I = 325.6. Integrating the model with the new
model gain over the re-identification window results in a value of 82.7 for the
initial condition which is within 0.5 of the current process output of 82.2.

After the first model re-identification, the algorithm struggles to deal
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ID Phase Initial Actual
Execution| Search | Model Parameters After Search | Condition OQutput
Time, sec.|Parameter T K bias x(0) y

0| initial 1146.5 342.6 0 88 88
6040 K 1146.5 327.9 0 82.7 82.2
10040 T 874.5 327.9 0 90.9 89.8
15540 T 874.5 3279 0 89.5 88.4
23040 T 1311.7 3279 0 87.4 86.9
28040| bias 1311.7 327.9 -14 89.9 87.8
33040 T 1228.9 327.9 -14 93.3 91.1

36540 T 1102.4 327.9 -14 83.4 82

Process Parameter Changes:

Process Parameter Values

Time, sec. T K du
0| 1146.5 342.6 0
1000} 1146.5 325.6 0

10000 1260.5 325.6
25000| 1260.5 325.6 -1.5

Figure 5.27: Model re-identification results for Case 5.
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with the small discrepancy of the model gain and the model initial condition
value. At a time of 10040.0, just after the process time constant is changed,
the model re-identifies the model time constant to a value of 7,, = 874.5. This
value does not compare to the old value of the process time constant of

7 = 1146.5 or the new value of the process time constant of 7 = 1260.5. Also,
the initial condition now deviates from the process output by a value of 1.1.

The model time constant is re-identified to a value of 7,, = 1311.7 at a
time of 23040.0 seconds. This value more closely approximates to within
4.0%, the value of the process time constant. Also, the deviation between the
initial condition and the process output reduces to 0.7.

At a time of 28040.0 seconds, re-identification of the model output
bias term occurs. The actual value of the unmeasured disturbance is -1.5.
The resulting value of the model output bias term, bias = —1.4, is nearly
correct. Also, the deviation between the initial condition and the process
output is 0.8, not much different than before.

Finally, at a time of 33040.0 seconds, re-identification of the model
time constant occurs bringing the value to within 2.5% of the process time
constant. Also, the value of the deviation between the initial condition and
the process output reduces to 0.6.

This case demonstrates that using an extended re-identification
window works well with the feedback cultivation algorithm. The drawback is

the large amount of data needed to perform the model re-identification.

While this large amount of data is accumulating, offset occurs between the




process output and the setpoint. This presents a problem when multiple
parameter errors are present such as between a time of 10000.0 seconds and
30000.0 seconds when the feedback cultivation algorithm inaccurately
corrected the model time constant before the unmeasured disturbance
occurred. Inspite of these problems, the model re-identification performed

well by eventually determining nearly accurate model parameters.

5.2.3.6 Case 6: IC Method 3, Search Method 2

Figure 5.28 shows the results for using an extended model re-identification
window while searching for all the model variables simultaneously. The size
of the extended window used for this case is 350 data points, the same as
that used in Case 5. In Figure 5.28, the dashed line indicates the value of the
model predicted output which tracks the setpoint as in the previous cases.
The solid line indicates the value of the process output during the simulation.
Also indicated in the figure are the shaded regions between the two lines
indicating deviations due to the delay in accumulating data for the model
re-identification algorithm.

Figure 5.29 show; the model re-identification results for Case 6. These
results indicate that the model re-identification does a poor job of
re-identifying the first time at a time of 6040.0. After this initial poor
re-identification, the model re-identification struggles to determine accurate

values for the three model parameters and hence the initial condition for the

model. By the end of the simulation, the model re-identification determines
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Figure 5.28: Plot of process and model predicted output for Case 6.

model parameters that result in very little deviation between the model
predicted output and the process output as indicated in Figure 5.28.
Comparing Figures 5.26 and 5.28 indicate that both search methods
with the extended model re-identification window work reasonably well to
limit the deviation between the model predicted output and the process
output which eliminates offset between the process output and the setpoint.
Comparing the results presented in Figures 5.27 and 5.29 indicates that using
feedback cultivation to selectively re-identify the model parameters keeps the
model parameters closer to the process parameter values. The main
difference between the two methods lies in the resulting value of the initial

condition. In Case 5, the initial condition never deviates more than 1.1 from
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ID Phase Initial Actual
Execution] Search | Model Parameters After Search | Condition Qutput
Time, sec.| Parameter T K bias x(0) y

0] initial 1146.5 342.6 0 88 88
6040 All 11204 364.2 0.9 914 82.2
10040 Al 1120.3 3204 0.7 78.8 80.1

15540{ All 1120.4 318.2 0.5 88.1 90
19540 Al 1122.1 323.2 0.7 84.6 85.6
24540 Al 1122.1 323.5 0.8 87 87.4
285401 All 1122.2 318.1 0.8 87.2 87.8
33540 Al 1122.2 316.5 0.7 88.6 89.5
38540} All 1122.2 317.4 0.7 86.7 87.3

Process Parameter Changes:

Process Parameter Values

Figure 5.29: Model re-identification results for Case 6.

Time, sec. T K du

0] 1146.5 342.6 0

1000| 1146.5 325.6 0

10000] 1260.5 325.6 0
25000] 1260.5 325.6 -15
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the actual process output value. In Case 6, the deviation is almost 10.0 after

the first application of the model re-identification algorithm.

5.3 Discussion

The results presented in Sections 5.2.1, 5.2.2, and 5.2.3 demonstrate various
aspects of the complete nonlinear optimal control algorithm. Section 5.2.1
shows how changing the control horizon and the prediction horizon affects the
nonlinear optimal controller. Section 5.2.2 presents the results classifying
training and test data with a trained neural network. Section 5.2.3 compares
six methods of implementing the feedback cultivation algorithm with the
nonlinear optimal controller to update the model to eliminate offset between
the process output and the setpoint.

In Section 5.2.1, the effects of changing the control horizon and the
prediction horizon demonstrate that changing these parameters affect the
process in much the same way as changing the controller tuning parameters
for a traditional PID-type controller. Setting the prediction horizon to high
caused the process to return to setpoint faster but with more oscillations.
This is similar to having too high a reset rate or having too low an integral
time in a PID-type controller. Setting the control horizon too high caused the
process to respond to setpoint changes in the same amount of time but with
more oscillations. Setting the control horizon too low again caused the

process to respond to setpoint changes in the same amount of time but this
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time with an underdamped response. The same effect occurs when changing
the controller gain term in a PID-type controller.

Section 5.2.2 presents the results of training the neural network with
five sets of training data. The results show that the network accurately learns
the training data and classifies 100% of the data correctly. The results also
show that the network does not function quite as well for the test data sets
where the magnitude of the model parameter problems are different.
Selection of different feedback cultivation variables may improve the
performance of the feedback cultivation algorithm.

The results presented in Section 5.2.3 indicate that using the feedback
cultivation and model re-identification methods of Case 1 worked the best to
accurately determine new model parameters. Using available state variable
measurements greatly improves the performance of the model
re-identification algorithm for this example. These results also indicate that
poor model re-identification occurs when searching for all model parameters
at once. In Case 2, the model re-identification fails completely.

The results in Section 5.2.3 also demonstrate the sensitivity of the
nonlinear optimal control algorithm to the accuracy of the model parameters.
Significant deviations from setpoint result from seemingly small discrepancies
between model and process parameter values. This is especially true for the
deviation between the model and the process gain term and differences
between the model initial condition value and the actual process output value.

This example provides a demonstration of the nonlinear optimal



control algorithm and the feedback cultivation algorithm for the first-order
process. The simple nature of the process and the model make detailed
analysis easier. Also, a lack of noise in the simulations made the analysis
easier but caused problems with the feedback cultivation algorithm. The next
chapter presents a demonstration of the nonlinear optimal control algorithm

in conjunction with the feedback cultivation algorithm for a more complex

process.




CHAPTER 6

The Reactor Example

The nonlinear continuous stirred-tank reactor (CSTR) described in this
chapter provides a demonstration of the nonlinear optimal control algorithm
with feedback cultivation including adaptive filtering. Section 6.1 describes
the CSTR operating conditions, the structure of the nonlinear optimal
controller, the objectives of feedback cultivation, and the adaptive filter
parameters for this example. Section 6.2 presents the results of the
application of the complete nonlinear optimal control algorithm to the CSTR
including a comparison of the adaptive filter algorithm to a first-order filter

algorithm.

6.1 System Description

6.1.1 The Continuous Stirred-tank Reactor

The nonlinear continuous stirred-tank reactor (CSTR) given by Smith and

Corripio in Section 9.5 [65] forms the basis for the CSTR used in this
example. A schematic of the jacketed reactor is given in Figure 6.1.

Catalyzed second-order irreversible characteristics govern the primary
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Figure 6.1: Schematic diagram of continuous stirred tank reactor.

reaction for the reactor:

A + catalyst L, p (6.1)

where k; is the primary reaction rate coefficient, A represents the reactant,
and P represents the desired product.

A secondary reaction of feedstream impurities affects the material and
energy balances in the CSTR. The secondary reaction follows catalyzed
first-order dynamics:

B + catalyst =2 Q (6.2)

where k, is the secondary reaction rate coefficient, B represents the feed

stream impurities and @) represents undesirable by-products.
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Figure 6.2 shows the mass and energy balance equations used to
simulate the CSTR. The CSTR simulation consists of six differential
equations: four material balance equations, one energy balance of the reactor
contents, and one energy balance of the cooling jacket contents. Also, the
CSTR equation set contains two equations defining the reaction rate
coefficients and one equation describing the equal percentage control valve on
the cooling jacket inlet stream. The definitions and units for all the variables
in the CSTR simulation equations are given in Figure 6.3.

The equations for the CSTR given in Figure 6.2 assume that the
contents of both the reactor and the jacket are perfectly mixed. The physical
properties and volumes are assumed to be independent of the temperature
and pressure of the system. The energy balance equation for the cooling
jacket contains a term that accounts for heat lost to the surroundings due to
changes in the ambient temperature.

The temperature of the contents in the reactor is controlled by
manipulating the flowrate of the coolant entering the jacket. The equal
percentage control valve accepts the controller output signal, m, determined
by the nonlinear optimal control algorithm described in the next section.

Simulations of the CSTR involve disturbances of the inlet feed
flowrate, F', the inlet temperature, T;, the inlet coolant temperature, T;, and
the inlet reactant concentration, C,;. Typical disturbance profiles for these
four variables are shown in Figures 6.4 through 6.7.

The measurements of the four disturbance variables and the three




Mass Balance on Reactant A:

o, F 2
& =-_(C.-C.)-kaC
ot V( u=Ca) koG
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m from Nonlinear Optimal Control Algorithm

Figure 6.2: Mass and energy balance equations for CSTR.



C, = concentration of the reactant in reactor, kgmole / m*
C.; = inlet concentration of reactant, kgmole / m*

C, = concentration of contaminant in reactor, kgmole / m®
Cy; = inlet concentration of contaminant, kgmole / m*

= concentration of impurity in reactor, kgmole / m®

D0
[}

concentration of desired product, kgmole / m®
T = reactor temperature, °C
T, = jacket temperature, °C
T, = inlet temperature, °C
T,; = inlet coolant temperature, °C
T,., = ambient temperature, °C
= feed flow rate, m® /s

= reactor volume, m’

Ko
I

= primary reaction rate coefficient, m® / kgmole s

side reaction rate coefficient, m* / kgmole s

Red
i}

AH, = primary heat of reaction, J / kgmole
AH,, = heat of side reaction, J/ kgmole

p = density of reactor contents, kgmole / m*

¢, = reactant heat capacity, J / kgmole °C

U = overall heat transfer coefficient, J/s m? °C
A = heat transfer area, m?

V. = jacket volume, m?

p. = density of coolant, kg /m?

Cpe = specific heat of coolant, J/ kg °C

F, = coolant flow rate, m® /s

m = controller output signal (0 to 1)

F, nyx = maximum flow through control valve, m? /s
Y = valve rangeability parameter

o = catalyst activity (0 to 1)

k, = Arrhenius frequency parameter, m? /s kgmole
ko, = side reaction frequency parameter, m? /s kgmole
E = activation energy, J / kgmole

E = side reaction activation energy, J/kgmole

R = ideal gas law constant, 8314.39 J/ kgmole K

K,
K,

outside heat transfer constant term, J/s? °C

heat of reaction and reaction rate approximation

Figure 6.3: Variable definitions for CSTR equations.
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Reactor Feed Flow Rate, m"3/sec

Reactor Inlet Temperature, C
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Figure 6.4: Disturbance profile for inlet feed flow rate, F.
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Figure 6.5: Disturbance profile for inlet temperature, T;.
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Figure 6.6: Disturbance profile for inlet coolant temperature, Tg;.
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output variables (T, T., and C,) contain first-order measurement lags. Also,
each of the measurement signals contains between 5% and 30% white
gaussian noise. Besides first-order lags and noise, the inlet and outlet
concentration measurements contain additional eight to ten minute
measurement lags simulating the delay of on-line composition sensors.

Figures 6.8 through 6.11 show the resulting measured output variable
values and coolant flowrate for a simulation of the CSTR with the
disturbances shown in Figures 6.4 through 6.7. The duration of the
simulation is about 28 hours. In this simulation, the nonlinear optimal
control algorithm provides the control action for the equal percentage control
valve. As indicated by Figure 6.8, the nonlinear optimal control algorithm
maintains the temperature of the reactor contents at the desired setpoint of
88.0 °C with a variation of approximatly one degree. This simulation
contains no unmeasured disturbances and the energy term accounting for
heat losses to the surroundings in the reactor jacket energy balance is
ignored. Also, no significant process-to-model mismatch is present.

The nonlinear CSTR equations are integrated using a fourth-order
Runge-Kutta algorithm. The process time step used is At,, = 2.0 seconds.
The temperature and flow measurements are assumed available to the
nonlinear optimal controller at every time step. Concentration measurements
are available after § to 10 minute delays.

For the sake of comparison, a simulation of the reactor is performed

with the proportional-integral (PI) controller used in Smith and Corripio [65]
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Figure 6.8: Simulation reactor temperature, 7T'.
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Figure 6.9: Simulation coolant temperature, T..
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Figure 6.10: Simulation reactor concentration, Cj.
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Figure 6.11: Simulation control variable value, coolant flowrate, F..




with the same modifications and parameters described above. Instead of an
adaptive filter of the temperature measurement, a first-order filter with a
filter constant of a = 0.95 is used in this simulation to reduce the amount of
noise in the temperature signal. Figure 6.12 shows the reactor outlet
temperature and the coolant flow rate for this simulation. The results are
similar to those shown in Figures 6.8 and 6.11 except that the noise in the

temperature signal affects the response of the PI-controller more significantly.

6.1.2 The Reactor Controller
6.1.2.1 The Model

The nonlinear optimal control algorithm for the CSTR determines the future
values for the control actions given by the vector m = (m;,mo,...,mpr) where
M is the control horizon. The model of the CSTR used by the nonlinear
optimal controller consists of a simplified version of the equation set given in
Figure 6.2. Figure 6.13 shows the three differential equations, the primary
reaction rate coeflicient equation, and the equal percentage control valve
equation that make up the CSTR model for the nonlinear optimal control
algorithm. The variable definitions given in Figure 6.3 also apply to the
variables shown in Figure 6.13. In future references, model parameters
identical to process parameters in the model equations have a subscript 'm’.
The equations for the model of the CSTR differ from the simulation
equations of the CSTR in several ways. First, the model only approximates

the effect of the secondary reaction of impurities on the energy balance of the
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Figure 6.12: Results of a CSTR simulation with a PI-controller.
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Mass Balance on Reactant A:

o, F .. _~\_ 2
> -V(C“ C,)-kC;

Energy Balance on Reactor:
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Jacket Energy Balance:
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B Ve )7 (T

Reaction Rate Coefficient:

E
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Equal % Control Valve:
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m from Nonlinear Optimal Control Algorithm

Figure 6.13: Nonlinear optimal control algorithm model equations for CSTR.
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reactor contents. The model ignores the effect of the secondary reaction of
impurities on the mass balance of the contents in the reactor. Second, the
model ignores heat losses to the surroundings due to changes in the ambient
temperature that affects the energy balance of the cooling jacket contents.
The model also contains three equations defining the output variables

from the reactor including bias terms to account for unmeasured process

disturbances:
Cam = Cam + bias; (6.3)
T = Ty, + bias, (6.4)
Tom = Tem + biass (6.5)

where bias,, biasy, and biass are the bias terms determined by the feedback
cultivation algorithm to account for unmeasured process disturbances.
Initially, all the bias terms equal zero.

The three differential equations shown in Figure 6.13 form the state
equation set for the nonlinear optimal control algorithm. The three equations
shown in 6.3 to 6.5 form the output equation set for the nonlinear optimal

control algorithm.

6.1.2.2 The Optimal Control Algorithm

The nonlinear optimal control algorithm, using the state-and-output model
shown in Figure 6.13 and Equations 6.3 through 6.5, determines the future

control moves for the CSTR. The objective function of the optimization
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contains one term related to the controlled variable for the CSTR and one
term related to the manipulated variable:
p A

¢ = ; B(Toet — Tin)? + 7 |my — my,,,| (6.6)
where ® is the objective function value, P is the prediction horizon value,
is the output weighting facvtor, T..: is the setpoint of the reactor temperature,
1., is the model predicted value of the reactor temperature, v is the move
suppression factor, m; is the current value of the control action, and m,_, is
the most recently implemented control move value.

The controller tuning parameters used in the nonlinear optimal control

algorithm have the following values:

P = 50

M =5

B =10 (6.7)
0% = 50.0

At, = 30.0 seconds

where Atf, = the control action time step. The values of the prediction
horizon, P, the control horizon, M, the output weighting factor, 3, and the
move suppression factor, v are determined by trial-and-error simulation of
the CSTR with the nonlinear optimal control algorithm. The trials attempt
to find the smallest values of the horizons that provide control of the CSTR
with little oscillatory, yet fast response to process disturbances. The smaller

the values of the horizons, the faster the nonlinear optimal control algorithm
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functions. The output weighting factor and the move suppression are
determined such that the two terms in Equation 6.6 have similar magnitudes.
In this example, the control action time step is 15 times the process
integration time step of At,, = 2.0 seconds.

The generalized reduced gradient (GRG) method of optimization
solves the optimal control problem for the future control moves for the
CSTR. The equations of the model are integrated using a fourth-order

Runge-Kutta integration method.

6.1.2.3 Feedback Cultivation

The nonlinear optimal control algorithm for the CSTR uses feedback
cultivation to detect and correct for model errors and unmeasured process
disturbances. Implementation of feedback cultivation involves three steps.
The first step generates the reduced feedback cultivation dataset or data
point. The second step classifies the reduced feedback cultivation data using
a trained neural network. The third step interprets the results from the
neural network classification and corrects any inaccurate parameters. Before
these three steps operate in conjunction with the nonlinear optimal control
algorithm, a number of initialization procedures must be executed.

First, the feedback cultivation variables that make up a feedback
cultivation data point must be selected. Selection of the feedback cultivation
variables is a matter of trial and error. The number of statistic and summary

variables selected needs to be small enough so that the number of inputs to
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the neural network is minimized. Fewer inputs results in a smaller network
leading to faster and easier network training. The variables selected need to
have different values or relationships for each class of data representing
different process-to-model parameter mismatch errors. Also, the size of the
feedback cultivation window and the frequency of implementation of feedback
cultivation must be selected.

Figure 6.14 defines the feedback cultivation variables and shows the
feedback cultivation parameters used in the CSTR example. In this example,
selection of the feedback cultivation variables involved engineering judgement
and examination of all possible summary and statistic variables for several
classes of data. Other summary and st.atisfic variables could have been
selected giving equal or better results than those shown in Figure 6.14.

Some of the feedback cultivation variables used in this CSTR example
involve ratios of statistic and summary variables. Using ratios applies natural
scaling to some of the feedback cultivation variables. All the variables must
be scaled to a range of -1.0 to 1.0 for input to the neural network.

The length of time corresponding to the size of the feedback
cultivation window approximates the time constant of the CSTR. Each
feedback cultivation data window contains 50 data points corresponding to
the latest 50 control moves determined by the nonlinear optimal control
algorithm. The simulation duration represented by the feedback cultivation

window is 1500.0 seconds.

The second step of feedback cultivation requires a trained neural




frac_neg T Fraction of points with negative values for FB.T'
frac_neg T, Fraction of points with negative values for FB_T,

err_avg Average error in data window
fboavg T Average value of FB_T in data window

fae Ratio of the sum of absolute errors and the sum of squared

errors in the data window (error = Tyt — T))

f}% Ratio of the sum of square FB_T terms and the sum of

square F'B_T, terms

fﬁ% Ratio of the sum of absolute values of FB_T terms and the

sum of absolute values of FB_C, terms

2afbTe Ratio of the sum of absolute values of FB_T, terms and the

safb_Ca
sum of absolute values of FB_C, terms

%ﬁ; Ratio of the average value of C, and the average value of
C.m in the data window

where

FB.T =T — T, a feedback term

FB_T, =T, - T, a feedback term

FB_C, = C, — C,n, a feedback term

e 50 historical data points per window

e The neural network structure: 9 input nodes, 50 nodes per hidden layer,

and 14 output nodes (one per class plus one NULL class)

Figure 6.14: Feedback cultivation variables and parameters for CSTR.
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network to perform the reduced feedback cultivation data classification.
Before the network can be trained, training feedback cultivation datasets
must be generated representing each of the problems desired to have the
network learn.

Because the CSTR model contains many parameters, the controller’s
sensitivity to discrepancies in each of these parameters is tested. The neural
network is trained to recognize discrepancies in the parameters that the
nonlinear optimal controller is most sensitive.

The sensitivity study included only those parameters deemed most
likely to change during the operation of the CSTR. Changes in the heats of
reaction, —AH,; and —AH,,, the activation energies, E; and E,, and the
Arrhenius coefficients, ko; and kg2, are not considered in the sensitivity
studies.

The following list itemizes the parameters considered in the sensitivity
studies including justification of the selection. Note that some parameters
appear in groups as they always appear in the model equations given in
Figure 6.13. For instance, a change in the reactor heat transfer coefficient, U,
affects the controller in the same manner as a change in the heat transfer
area, A. Therefore, these two terms are grouped together as the term UA in

the sensitivity studies.

UA The heat transfer coefficient of the reactor may change due to fouling on
the inside of the reactor or on the walls of the jacket surrounding the

jacket.
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cpp The heat capacity or the density of the reactor contents may change

because of feed temperature or feed composition changes.

cpepe The heat capacity or the density of the coolant in the jacket surrounding
may change during the operation of the reactor due to changes in the

type of coolant used or changes in the inlet coolant temperature.

V' The reactor contents volume may change due to flucuations in the reactor

flow rate if level control fails to compensate for the flucuations.

V. The volume of the coolant jacket contents may change because of

excessive fouling or problems with the coolant flow control valve.
0.t The catalyst activity may degrade during the operation of the reactor.

Chi The inlet concentration of the secondary reaction reactant affects the

material and energy balance of the reactor.

Figure 6.15 shows the results of simulating the CSTR using the
nonlinear optimal controller with discrepancies in each of the model
parameters. In each case, the specified model parameter is changed by a
magnitude of +10% and a magnitude of -10% from the CSTR parameter
value unless otherwise indicated in the figure. The sensitivity data includes
controller performance criteria, average reactor temperature value, and
reactor temperature standard deviation determined over a period of about 3

hours of simulation time.



Model Parameters Simulation Results
Changed | Parameter | Percent Average [Temperature
Parameter | Value Change SSE SAE [Temperaturd Std. Dev.

Uc 3,905.00 10% 325 315 88.958 0.3336
Uc 3,195.00 -10% 567 425 86.722 0.3095
Cp 199,650.00 10% 994 553 89.672 0.4966
Cp 163,350.00 -10% 885 530 86.408 0.3785
Cpc 4,602.40 10% 185 236 88.721 0.2953
Cpc 3,765.60 -10% 202 253 87.238 0.2423
1% 7.788 10% 215 261 87.214 0.2443

|4 6.372 -10% 297 301 88.915 0.3304
activity 1.20 20% 844 521 85.434 0.3211
activity 0.80 -20% 1,553 702 90.117 0.487
Cbi 0.12 * 952 543 89.641 0.4745
Cbi -0.12 * 852 520 86.436 0.3613
Ve 2.002 10% 0.483 9.1 88.002 0.2113
Ve 1.638 -10% 0.504 9.2 88.001 0.2119

Figure 6.15: CSTR Model parameter sensitivity results.
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Based on the sensitivity results presented in Figure 6.15, the following
model parameters are selected to train the neural network to identify

discrepancies between their respective process parameters:
2. ComPm,

3. CpemPem s
4. Vo,
5. Qeat,,, and

6. Cbim-

Discrepancies in the coolant jacket contents volume, V., do not affect the
nonlinear optimal controller significantly compared to the other model
parameter discrepancies.

After selecting these six model parameters to train the neural network
to recognize discrepancies in, historical data is generated representing
changes in each of the parameters. In each of the six cases, two datasets are
generated: one representing a positive discrepancy between the process and
model parameter and one representing a negative deviation between the
process and model parameter. Also, a historical dataset representing normal
operation is generated for a total of 13 historical datasets. The length of each
simulation is about 28 hours and includes the input variable disturbances

shown in Figures 6.4 through 6.7. Noise is added to all measurements sent to
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the nonlinear optimal controller. The nonlinear optimal controller removes as
much noise as possible using the adaptive filter algorithm.

A feedback cultivation dataset is generated for each of the 13 historical
datasets. Each feedback cultivation data point consists of the nine feedback
cultivation variables shown in Figure 6.14. The resulting feedback cultivation
neural network training datasets consist of 125 points with nine variables
each.

The structure of the neural network trained for the CSTR example
consists of 9 input nodes, one for each feedback cultivation variable, and 13
output nodes, one for each class of feedback cultivation training data. Each
of the two hidden layers in the network contains 50 nodes. The learning rate
parameter, variable « in Equation 3.5, has a value of 0.45 during training.

Training of the neural network proceeded until 100% correct
classification of the training data is achieved for most of the training
datasets. Figure 6.16 shows the results of training the neural network for a
CPU time of about 72 hours on a DEC VAX 6000-440. The results indicate
that the network has difficulty distinguishing changes in ¢,p and, to a small
degree, C;. As indicated in Figure 6.16, a significant portion of the training
data representing positive and nega.tiv:e changes in ¢,p classified incorrectly as
changes in Cj; with a few points getting NULL classification. This means
that the feedback cultivation algorithm may modify the term Cy;,, or the bias
terms when changes in the ¢,p term occur. Different choices for the feedback

cultivation variables may improve the network’s ability to distinguish
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Training | Classification| Percentin
Dataset Set Class

Uc+ Uc+ 100.00%
Uc- Uc- 100.00%
Cp+ Cp+ 24.40%
Cbi+ 62.20%
Null 13.40%
Cp- Cp- 39.40%
Cbi- 49.60%
Null 11.00%
Cpc+ Cpc+ 100.00%
Cpc- Cpc- 100.00%
V+ V+ 100.00%
V- V- 100.00%
activity+ activity+ 100.00%
activity- activity- 100.00%
Cbi+ Cbi+ 100.00%
Cbi- Cbi- 94.40%
Null 5.50%
Normal Normal 100.00%

Figure 6.16: Neural network training results for the CSTR example.
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between these parameter discrepancies and correct the problem.

Training of the network with fewer than 50 nodes in each hidden layer
were attempted with little success. Using 20, 30, and 40 nodes in each hidden
layer resulted in poorer performance by the network. The most significant
difference between the network with 50 nodes per hidden layer and the
network with fewer hidden layer nodes was in the magnitude of some of the
node-to-node weighting factor values. For a network with fewer than 50
nodes per hidden layer, some of the weighting factor values were 15.0 or
higher, up to a value of 30.0. These high weighting factor values caused
problems for some sets of test data resulting in arithmetic overflow errors
during pattern classification with the network. The network with 50 nodes
per hidden layer has weighting factor values of 10.0 or less. Also, in spite of
the greater number of weighting factors to determine, the training time for
the network with 50 nodes per hidden layer is less than that for the training
of the network with fewer hidden layer nodes.

Once trained, the neural network classifies feedback cultivation
datasets during simulations of the CSTR. During each classification, 5
overlapping feedback cultivation datapoints are classified. The model
re-identification algorithm interprets the results from the neural network and
re-identifies specific inaccurate parameters. Model re-identification only
occurs if all 5 points fall into the same problem class.

Just as in the first-order example presented in Chapter 5, three

possible methods exist for determining the initial condition values of the state
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variables (Cym, Trn, and Ty, ) for the CSTR model:

1. the latest measurements after filtering with the adaptive filter can be
used as the initial condition values for the three state variables in the

CSTR model,

2. the initial conditions can be search variables along with the inaccurate

parameter in the model re-identification optimization, or

3. a very large model re-identification horizon can be used to minimize the

effect of inaccurate initial conditions.

The results presented in Section 6.2.1 include model re-identification results

using each of these three initial condition determination methods.

6.1.2.4 Adaptive Filtering

The presence of noise in the process disturbance and process output
measurements degrades the performance of the nonlinear optimal controller.
The nonlinear optimal control algorithm uses the adaptive filter algorithm
presented in Chapter 3 to help reduce the effect of noisy signals on the
controller.

As shown in Section 3.4.2.3, the adaptive filter algorithm has two
adjustable parameters: (1) n, the number of weights, and (2) u, the LMS
convergence constant. Setting these parameters is a matter of trial-and-error
just as is true for setting a first-order filter constant. The advantage of the

adaptive filter algorithm is that the adaptive filter output is less sensitive to
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the values of these parameters. Once the filter weights have been adjusted
from the initial values of 0.0, the; weights do not change much. The number
of weights and the LMS convergence constant merely determine the rate of
filter adaptation and the degree in which the filter learns the measurement
signal’s dynamic characteristics.

In the CSTR simulations presented in this chapter, the four process
disturbance variables of C., T;, Tei, and F are adaptively filtered before using
the signals to update the values of Cuim, Tim, Teim, and F,,, in the CSTR
model. Also, the three process output variables of C,, T, and T are
adaptively filtered before saving the variables in a historical database for use
with the feedback cultivation algorithm.

The adaptive filter weights for each of the seven measurement signals
are uniquely determined. The filter parameters are the same for all seven
measurement signals. The nonlinear optimal control algorithm uses a value of
n = 10 and a value of yu = 0.05 for all seven measurement signal filters.

Section 6.2.2 presents results comparing the performance of the
nonlinear optimal control algorithm using the adaptive filter algorithm to the
controller performance using a first-order filter. The first-order filter
algorithm is presented in Chapter 3. The results present comparisons of the
adaptive filter algorithm to first-order filters with “guessed” filter constants.
Also, the results compare the adaptive filter algorithm to first-order filters
with optimally tuned filter constants. This latter comparison is possible

because the non-noisy measurement signals are available from the CSTR




computer simulation. This section also shows how the weights for some of the

measurement signals vary during CSTR simulations.

6.2 CSTR Results

This section presents results demonstrating the complete nonlinear optimal
control algorithm including feedback cultivation and adaptive filtering.
Section 6.2.1 presents simulations of the CSTR with a variety of
process-to-model parameter mismatches. Section 6.2.2 presents results of the
comparison of the adaptive filter algorithm to a first-order filter algorithm for

the CSTR example.

6.2.1 CSTR Simulations

Results for seven different simulations for each of the three methods of
determining the state variable initial conditions are presented in this section.
During each simulation, reactor parameters are modified one at a time or, in
some cases, simultaneously. Some simulations assume that the energy term
accounting for heat losses to the surroundings equals zero. Results for all
three initial condition determination methods are presented together for each
simulation so that comparisons can be made more easily.

The CSTR simulations use the disturbances presented in Figures 6.4
through 6.7. The measurements of the disturbance variables and the output

variables are filtered using the adaptive filter algorithm described in




Section 6.1.2.4.

In all the results presented, the CSTR parameters in the equations
shown in Figure 6.2 represent the changed parameters in each simulation.
The model parameters shown in Figure 6.13 represent the model
re-identification search parameters.

In each of the seven simulations, results for three initial condition
determination methods are presented. Initial condition determination method
#1 involves setting the initial values of the state variables equal to the
available filtered measurements. In other words, the initial condition for C,,,
equals the latest filtered measurement of C, adjusted by the term bias,;
according to Equation 6.3. Initial values for T, and T.,, are determined
similarly. Initial condition method #1 is possible only if measurements are
available for the state variables. In the simulations presented, measurements
of the three state variables are assumed available with measurement lags.
Initial condition method #2 involves searching for the new values of the
initial state variable values simultaneously with the inaccurate model
parameter or bias terms. This is similar to the method presented by Jang [36]
where the model re-identification search variables include all the model
parameters and the initial condition values. Initial condition method #3
involves using a large identification horizon during the model re-identification
optimization so that inaccuracies in the state variable initial values do not
affect the optimization significantly.

The objective function for the model re-identification optimization




involves the square sums of the differences between the output variable

measurements and the model predicted values of the output variables:

I I I
¢ = Z(TJ - ij)2 + E(ch - Tcmj )2 + Z(Caj - Camj)2 (6-8)
Jj=1 =1

=1

where I is the model re-identification horizon. The horizon, I, represents the
number of points from the historical database considered in the summations
shown in Equation 6.8. For initial condition determination methods #1 and
#2, the model re-identification horizon is I = 50, i.e. the latest 50 points are
considered in the summations in Equation 6.8. The time represented by the
50 points is 1500.0 seconds since the points are recorded every 30 seconds
which is the control action determination step size. For initial condition
determination method #3, a model re-identification horizon of I = 250 is
used which represents using historical data for the past 7500.0 seconds in the
summations in Equation 6.8.

The next seven sections present the results of simulations of the CSTR

using the conditions presented above and in Section 6.1.

6.2.1.1 Simulation 1

The first CSTR simulation involves changes iu five of the parameters of the
CSTR. At the beginning of the simulation, a -10% change is made in the UA
term. At a time of 20000.0 seconds, a -10% change is made in the reactor
volume, V. A 20% drop in the catalyst activity is imposed at a time of
40000.0 seconds. At a time of 60000.0 seconds, the inlet impurity

concentration, Cp;, changes from 0.0 to 0.12 kgmoles/m3. And finally, at a
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time of 80000.0 seconds, a -10% change is made in the heat capacity, ¢,. The
duration of the simulation is 100000.0 seconds or approximately 28 hours.

In this simulation, the term accounting for heat losses to the
surroundings is ignored. The value of constant term Kj is set to 0.0 in the
reactor jacket energy balance equation shown in Figure 6.2.

Figure 6.17 shows the variation in the reactor outlet temperature and
the coolant flow rate for the simulation using initial condition method #1.
Figure 6.18 shows the model re-identification results for the simulation using
initial condition method #1. The variations in the plot of the reactor outlet
temperature shown in Figure 6.17 correlate directly to the changes in the
CSTR parameters and the subsequent model parameter corrections. Each
time a CSTR parameter is changed, the reactor temperature deviates from
the setpoint. After each model re-identification, the reactor temperature
returns to the setpoint.

The model re-identification results shown in Figure 6.18 indicate that
the feedback cultivation algorithm correctly diagnoses and corrects the
change in the heat transfer coefficient U, the change in the reactor volume V,
and the change in the catalyst activity.

The results in Figure 6.18 show that the feedback cultivation algorithm
incorrectly treats the change in the inlet impurity concentration, Cy;, as an
unmeasured disturbance. The data presented in Figure 6.16 indicate that
some data representing changes in the inlet impurity concentration may be

classified in the null class. The null class is treated as an unmeasured
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Figure 6.17: Reactor temperature and coolant flow rate for simulation 1 using

initial condition method #1.
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Plant Parameters
Changed Old New
Time, sec | Parameter Value Value
10.00 Uc 3550.00 3195.00
20000.00 1% 7.08 6.372
40000.00| activity 1.00 0.80
60000.00 Cbi 0.00 0.12
80000.00 cp 181500.00| 163350.00
Model Parameters
ID Search | Search Plant Percent
Time, sec | Variable | Old Value | New Value| Parameter | Deviation
5462.00 Uc 3550.00] 3187.00] 3195.00 0.25%
33212.00 1% 7.08 6.372 6.372 0.00%
48212.00} activity 1.00 0.7931 0.80 0.88%
69212.00 biasl 0.00 -0.0075 n.a. 1.39%
bias2 0.00 0.4521 n.a. 0.29%
bias3 0.00 0.2119 n.a. 0.05%
84962.00 Cbhi 0.00 0.1722 0.12 43.50%

n.a. = not applicable, percent deviation based on difference between actual
measurement and model initial condition plus bias term

during simulation

1.
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Figure 6.18: Feedback cultivation results for using initial condition method #1



disturbance by the feedback cultivation algorithm. The feedback cultivation
algorithm also incorrectly treats the change in the heat capacity of the
reactor contents, c,, as a change in the inlet impurity concentration. The
data presented in Figure 6.16 indicate that this is most likely to occur.

In spite of the incorrect classifications of the change in the inlet
impurity concentration and the change in the reactor contents heat capacity,
the plot of the reactor outlet temperature in Figure 6.17 indicates that the
model parameter changes made by the feedback cultivation algorithm return
the temperature to the setpoint.

In this simulation and the six that follow, the results for the model
re-identification of the bias terms due to an unmeasured disturbance show the
value of the three bias terms before and after the optimization. The three
bias terms correspond to the bias terms indicated in Equations 6.3 to 6.5.
Also shown is the percent deviation between the bias corrected model output

variable and the actual measurement of the variable:

[y — (ym + bzaS)] +1
y

percent deviation =

00 (6.9)

where y is the actual measurement of an output variable (C,, T', or T;.) and
Ym 1s the model predicted value for the same output variable. The smaller the
deviation, the more closely the model output predictions match the actual
output values at the current time. The accuracy of the output variables
predicted into the future depends on the how accurately the model

parameters match the process parameters.
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Figures 6.19 and 6.20 show the results for the same simulation using
initial condition determination method #2. The plot of the reactor outlet
temperature in Figure 6.19 indicates that the simulation behaves in a similar
manner as the simulation using initial condition method #1 until a time of
about 80000.0 seconds. Another difference is the slight offset of about 0.3 °C
between the setpoint and the average value of the reactor temperature after
each model re-identification.

After imposing the -10% change in the reactor contents heat capacity
at a time of 80000.0 seconds, the setpoint offset becomes a significant 2.0 °C.
Unfortunately, too many things may be wrong at this point for the feedback
cultivation algorithm to pinpoint one parameter to update. In other words,
during neural network classification, all 5 of the feedback cultivation points
classified never get classified as the same class of model parameter error.
Changing the requirement of 100% classification or implementing more
detailed analysis of the neural network output may improve the performance
of the feedback cultivation algorithm in the case of multiple parameter errors.

The results shown in Figure 6.20 indicate that the feedback cultivation
algorithm correctly diagnoses the change in the heat transfer coefficient, the
change in reactor volume, and the change in the catalyst activity. For these
three problem, the feedback cultivation algorithm behaves in the same fashion
as during the simulation using initial condition method #1 but with less
accuracy. The heat transfer coefficient problem is corrected for with about

the same accuracy using initial condition method #2 as using initial condition
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Figure 6.19: Reactor temperature and coolant flow rate for simulation 1 using

initial condition method #2.
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Plant Parameters
Changed Old New
Time, sec | Parameter | Value Value
10.00 Uc 3550.00] 3195.00
20000.00 |% 7.08 6.372
40000.00| activity 1.00 0.80
60000.00 Cbi 0.00 0.12
80000.00 cp 181500.00} 163350.00
Model Parameters
ID Search | Search Plant Percent
Time, sec | Variable | Old Value | New Value| Parameter | Deviation
5462.00 Uc 3550.00f 3211.00 3195.00 0.50%
28712.00 Vv 7.08 6.614 6.372 3.79%
48212.00] activity 1.00 0.82 0.80 2.52%
56462.00 Vv 6.614 6.343 6.372 0.46%

Figure 6.20: Feedback cultivation results for using initial condition method #2

during simulation 1.




method #1. The results in Figure 6.20 show that the model re-identification
algorithm modifies the model reactor volume term twice before reducing the
difference between the CSTR reactor volume and the model reactor volume
to 0.46%. This is compared to 0.0% error using initial condition method #1.
Also, the error for the catalyst activity re-identification is 2.52% for initial
condition method #2 compared to 0.88% using initial condition method #1.

Figures 6.21 and 6.22 show the results for using initial condition
method #3 for the same simulation. As the plot of the reactor temperature
shown in Figure 6.21 indicates, this initial condition method works as well as
initial condition method #1 with the exception of about 0.3 °C offset after
the model re-identification at a time of 87722.0 seconds.

Examining the plot between a time of 60000.0 seconds and 80000.0
seconds indicates that using initial condition method #3 results in slightly
better performance than using initial condition method #1. The reactor
temperature returns more quickly to setpoint after the change in the inlet
impurity concentration is detected.

The feedback cultivation results shown in Figure 6.22 show that
changes in the inlet impurity concentration are diagnosed as an unmeasured
disturbance. Also, the change in the reactor contents heat capacity is treated
as a change in the inlet impurity concentration. These are the same results
achieved using initial condition method #1. The difference between using
initial condition method #3 and initial condition method #1 is the model

re-identification accuracy of the model parameters. Using method #3 results
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Figure 6.21: Reactor temperature and coolant flow rate for simulation 1 using

initial condition method #3.
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Plant Parameters
Changed O1d New
Time, sec | Parameter | Value Value
10.00 Uc 3550.00 3195.00
20000.00 |% 7.08 6.372
40000.00| activity 1.00 0.80
60000.00| Cbi 0.00 0.12
80000.00 cp 181500.00| 163350.00
Model Parameters
ID Search | Search Plant Percent
Time, sec | Variable | Old Value | New Value| Parameter | Deviation
8972.00 Uc 3550.00] 3189.00] 3195.00 0.19%
32222.00 Vv 7.08 6.372 6.372 0.00%
48722.00| activity 1.00 0.7971 0.80 0.36%
68222.00| biasl 0.00 -0.0033 n.a. 0.16%
bias2 0.00 0.7467 n.a. 0.01%
bias3 0.00 0.3479 n.a. 0.29%
87722.00 Chi 0.00 0.1489 0.12 24.10%

n.a. = not applicable, percent deviation based on difference between actual
measurement and calculated model initial condition plus bias term

Figure 6.22: Feedback cultivation results for using initial condition method #3

during simulation 1.



in more accurate values for the model heat transfer coefficient, the catalyst
activity, two of the three bias terms, and the inlet impurity concentration
compared to method #1. The same accuracy is achieved for the
re-identification of the model reactor volume.

For this simulation, using initial condition method #3 works the best
of the three initial condition methods. Initial condition method #1 also
works well. Initial condition method #2 has difficulty from the beginning and
bogs down completely after imposing the change in the heat capacity of the

reactor contents.

6.2.1.2 Simulation 2

Simulation 2 is exactly the same as simulation 1 except that the energy
changes due to heat losses to the surroundings are accounted for in the
reactor jacket energy balance equation shown in Figure 6.2. In this
simulation, the constant term I; has a value of 3000.0 selected arbitrarily.
During the simulation, the value of the ambient temperature, T,,,, remains
constant at 27.0 °C. But the term accounting for the heat losses to the
surroundings varies during the simulation because of the variation of the inlet
coolant temperature (shown in Figure 6.6) and the variation of the coolant
temperature in the reactor jacket.

Figures 6.23 and 6.24 show the results for using initial condition
method #1 during the simulation. Figures 6.25 and 6.26 show the results for

using initial condition method #2 during the simulation. And Figures 6.27
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Plant Parameters
Changed Old New
Time, sec | Parameter | Value Value

10.00 Uc 3550.00f 3195.00

20000.00 Vv 7.08 6.372

40000.00| activity 1.00 0.80

60000.00f Cbi 0.00 0.12

80000.00 cp 181500.00] 163350.00

Model Parameters
ID Search | Search Plant Percent

Time, sec | Variable | Old Value | New Value| Parameter | Deviation
5462.00 Uc 3550.00] 3263.00] 3195.00 2.10%
15962.00| biasl 0.00 -0.0012 n.a. 0.07%
bias2 0.00 0.2915 n.a. 0.15%
bias3 0.00 0.2379 n.a. 0.43%
27212.00 1% 7.08 6.484 6.372 1.76%
48962.00| activity 1.00 0.8025 0.80 0.31%
84962.00| biasl -0.0012 -0.0017 n.a. 0.02%
bias2 0.2915 1.613 n.a. 0.72%
bias3 0.2379 0.6863 n.a. 0.28%
93962.00| biasl -0.0017 0.0032 n.a. 0.80%
bias2 1.613 1.929 n.a. 0.24%
bias3 0.6863 0.4673 n.a. 0.42%
98462.00| biasl 0.0032 0.0007 n.a. 0.85%
bias2 1.929 2.289 n.a. 0.13%
bias3 0.4673 0.6508 n.a. 0.15%

n.a. = not applicable, percent deviation based on difference between actual
measurement and model initial condition plus bias term

Figure 6.24: Feedback cultivation results for using initial condition method #1

during simulation 2.
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Plant Parameters
Changed Old New
Time, sec | Parameter | Value Value

10.00 Uc 3550.00] 3195.00

20000.00 Vv 7.08 6.372

40000.00| activity 1.00 0.80

60000.00{ Cbi 0.00 0.12

80000.00 cp 181500.00] 163350.00

Model Parameters
ID Search | Search Plant Percent
Time, sec | Variable | Old Value | New Value| Parameter | Deviation

5462.00 Uc 3550.00] 3264.00] 3195.00 2.16%
25712.00 |4 7.08 6.90 6.372 8.29%
34712.00{ biasl 0.00 0.0428 n.a. 0.41%
bias2 0.00 -0.0046 n.a. 0.17%
bias3 0.00 0.0071 n.a. 0.13%
47462.00| activity 1.00 0.8183 0.80 2.29%
55712.00| biasl 0.0428 0.0515 n.a. 0.52%
bias2 -0.0046 -0.0126 n.a. 0.31%
bias3 0.0071 0.0214 n.a. 0.73%
60212.00] biasl 0.0515 0.0512 n.a. 0.64%
bias2 -0.0126 -0.0195 n.a. 0.18%
bias3 0.0214 0.0444 n.a. 0.80%
87212.00 Chi 0.00 0.1404 0.12 16.67%

n.a. = not applicable, percent deviation based on difference between actual
measurement and model initial condition plus bias term

during simulation 2.
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and 6.28 show the results for using initial condition method #3 during the
simulation.

The model re-identification results for all three initial condition
determination methods indicate that the bias terms are re-identified more
frequently than during simulation 1. This shows that more unmeasured
disturbances are detected by the feedback cultivation algorithm. Since the
term accounting for heat losses to the surroundings varies during the
simulation, more unmeasured disturbances occur during the simulation.

The plots of the reactor outlet temperature for all three initial |
condition methods indicate that the feedback cultivation algorithm keeps the
temperature close to the setpoint after model re-identification. Even using
initial condition method #2 keeps the temperature at the setpoint after the
change in the heat capacity of the reactor contents at a time of 80000.0
seconds. This is compared to the failure of the feedback cultivation algorithm
to correct for this change in simulation 1 using initial condition method #2.

The results in shown in Figure 6.24 show that using initial condition
method #1 corrects for the changes in the heat transfer coefficient, changes

in the reactor volume, and the catalyst activity in the same fashion as during

simulation 1 but with less accuracy. The heat transfer coefficient in the
model varies by 2.1% from the actual value in the CSTR for simulation 2
compared to 0.25% in simulation 1. The model reactor volume varies the
actual CSTR volume by 1.76% during simulation 2 compared to 0.0% during

simulation 1. However, the model value of the catalyst activity varies by
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Plant Parameters
Changed Old New
Time, sec | Parameter Value Value

10.00 Uc 3550.00] 3195.00

20000.00 1% 7.08 6.372

40000.00] activity 1.00 0.80

60000.00 Cbhi 0.00 0.12

80000.00 cp 181500.00] 163350.00

Model Parameters

ID Search | Search Plant Percent
Time, sec | Variable | Old Value | New Value| Parameter Deviation
8972.00 Cbi 0.00 0.0847 0.00 >100%
36722.00 Vv 7.08 6.704 6.372 5.21%
53222.00| biasl 0.00 0.1351 n.a. 1.19%
bias2 0.00 -2.382 n.a. 0.03%
bias3 0.00 -1.973 n.a. 0.16%
66722.00| biasl 0.1351 0.1297 n.a. 0.18%
bias2 -2.382 -1.637 n.a. 0.17%
bias3 -1.973 -1.401 n.a. 0.32%
71222.00| biasl 0.1297 0.1292 n.a. 0.25%
bias2 -1.637 -1.473 n.a. 0.01%
bias3 -1.401 -1.277 n.a. 0.28%
75722.00| biasl 0.1292 0.128 n.a. 0.32%
bias2 -1.473 -1.494 n.a. 0.07%
bias3 -1.277 -1.291 n.a. 0.47%
80222.00| biasl 0.128 0.1291 n.a. 0.64%
bias2 -1.494 -1.416 n.a. 0.47%
bias3 -1.291 -1.331 n.a. 0.21%
92222.00| biasl 0.1291 0.1199 n.a. 0.15%
bias2 -1.416 0.241 n.a. 0.10%
bias3 -1.331 -1.073 n.a. 0.09%
96722.00] biasl 0.1199 0.1207 n.a. 0.55%
bias2 0.241 0.2576 n.a. 0.04%
bias3 -1.073 -0.9674 n.a. 0.65%

n.a. = not applicable, percent deviation based on difference between actual
measurement and calculated model initial condition plus bias term

Figure 6.28: Feedback cultivation results for using initial condition method #3

during simulation 2.
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0.31% during simulation 2 which is slightly more accurate than the variation
of 0.88% that occurred during simulation 1.

After the change in the inlet impurity concentration at a time of
60000.0 seconds, the feedback cultivation algorithm fails to diagnose the
change in the inlet impurity concentration or the subsequent change in the
reactor contents heat capacity at a time of 80000.0 seconds as indicated by
the deviation from setpoint by the reactor temperature shown in Figure 6.23.
After modifying the bias terms three times, the reactor temperature appears
to be returning to the setpoint at the end of the simulation.

The results shown in Figure 6.26 show that the feedback cultivation
algorithm works in a similar fashion as in simulation 1. The main difference
is that the feedback cultivation algorithm recognizes the change in the reactor
heat capacity as a change in the inlet impurity concentration. This relates to
the results for simulation 1 using initial condition method #1 shown in
Figure 6.18.

Although the plot of the reactor temperature shown in Figure 6.27 is
similar to those shown in Figures 6.23 and 6.25, the feedback cultivation
results shown in Figure 6.28 indicate that the feedback cultivation algorithm
using initial condition method #3 deals with the process parameter changes
in a completely different manner. The only similarity is the modification of
the model value of the reactor volume. But even this model parameter
re-identification occurs much later in the simulation than for using method

#1 or #2. Also, the resulting value of the model reactor volume varies from
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the CSTR volume by 5.21% which is much larger than the variation during
the same simulation using method #1 or #2.

In this simulation, it is not clear which initial condition method is
superior. By examining the three plots of the reactor outlet temperature,
using initial condition method #3 appears slightly superior to the other two
methods in terms of returning the reactor temperature to the setpoint
without very little offset after model re-identification. The feedback
cultivation results indicate that using initial condition method #2 is slightly
superior to the other two methods followed closely by using initial condition
method #1. The feedback cultivation results using initial condition method
#3 deviate substantially from the results using the other two methods during

this simulation and the results using all three methods during simulation 1.

6.2.1.3 Simulation 3

Simulation 3 consists of imposing both a -10% change in the CSTR heat
transfer coefficient and a -10% change in the reactor contents volume at the
beginning of the simulation. During this simulation, the energy term
accounting for heat losses to the surroundings is ignored. This simulation
tests the feedback cultivation algorithm’s ability to deal with multiple
problems occuring simultaneously.

Figures 6.29 through 6.34 show the reactor temperature and the
feedback cultivation results for simulation 3 using each of the three initial

condition methods. The plots of the reactor temperature shown in
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Figure 6.29: Reactor temperature and coolant flow rate for simulation 3 using

initial condition method #1.
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Plant Parameters
Changed O1d New
Time, sec | Parameter Value Value
10.00 Uc 3550.00f 3195.00
Vv 7.08 6.372
Model Parameters
ID Search | Search Plant Percent
Time, sec | Variable | Old Value | New Value| Parameter | Deviation
24962.00 Uc 3550.00] 3359.00] 3195.00 5.13%
44462.00 Vv 7.08 6.458 6.372 1.35%
88712.00 Uc 3359.00] 3213.00] 3195.00 0.56%

Figure 6.30: Feedback cultivation results for using initial condition method #1

during simulation 3.
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Figure 6.31: Reactor temperature and coolant flow rate for simulation 3 using

nitial condition method #2.
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Plant Parameters
Changed O1d New
Time, sec | Parameter Value Value
10.00 Uc 3550.00] 3195.00
| % 7.08 6.372
Model Parameters
ID Search | Search Plant Percent
Time, sec | Variable | Old Value | New Value| Parameter | Deviation
24962.00 Uc 3550.00f 3333.00] 3195.00 4.32%
33962.00 Vv 7.08 6.877 6.372 7.93%

Figure 6.32: Feedback cultivation results for using initial condition method #2

during simulation 3.
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Figure 6.33: Reactor temperature and coolant flow rate for simulation 3 using

initial condition method #3.
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Plant Parameters
Changed Old New
Time, sec | Parameter | Value Value
10.00 Uc 3550.00] 3195.00
Vv 7.08 6.372
Model Parameters
ID Search | Search Plant Percent
Time, sec | Variable | Old Value | New Value| Parameter | Deviation
25472.00 Uc 3550.00f 3325.00f 3195.00 4.07%
34472.00 | % 7.08 6.735 6.372 5.70%
97472.00| biasl 0.00 0.0236 n.a. 0.05%
bias2 0.00 0.1761 n.a. 0.15%
bias3 0.00 -0.3952 n.a. 0.06%

n.a. = not applicable, percent deviation based on difference between actual
measurement and calculated model initial condition plus bias term

Figure 6.34: Feedback cultivation results for using initial condition method #3

during simulation 3.
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Figures 6.29, 6.31, and 6.33 indicate that the feedback cultivation algorithm
returns the temperature to the setpoint value during the simulation. Using
initial condition method #1 results in offset from the setpoint until near the
end of the simulation. Using both methods #2 and #3 returns the
temperature to the setpoint value between 30000.0 and 40000.0 seconds into
the simulation.

The feedback cultivation results shown in Figures 6.30, 6.32, and 6.34
indicate that the feedback cultivation algorithm correctly determines that the
model heat transfer coefficient and the model reactor volume need
modification. In all three cases, the heat transfer coefficient is modified first
at a time of around 25000.0 seconds. Also in all three cases, the model
reactor volume term is modified at a time of 44000.0 seconds using initial
condition method #1 and at a time of around 34000.0 seconds using initial
condition methods #2 and #3. Near the end of the simulation using initial
condition method #1, the heat transfer coefficient is re-identified again. Also
near the end of the simulation, the feedback cultivation algorithm using
initial condition method #3 modifies the bias terms.

In spite of the apparent deviation of the reactor temperature from
setpoint during most of the simulation, the feedback cultivation algorithm
using initial condition method #1 determines the most accurate values for the
model heat transfer coefficient and the model reactor volume term. After the
second re-identification of the model heat transfer coefficient, the deviation

from the CSTR heat transfer coefficient is 0.56%. The deviation of the model




reactor volume from the CSTR volume is 1.35% after model re-identification.

The deviations from the CSTR parameter values of the model heat
transfer coefficient and the model reactor volume using method #2 are 4.32%
and 7.93% respectively. The discrepancies from the correct values seem to
offset each other as indicated by the return of the reactor temperature to
setpoint shown in Figure 6.31.

The model parameters after re-identification, are slightly more
accurate using initial condition method #3 than using method #2 as shown
in Figure 6.34. The discrepancies from the correct values offset each other
until near the end of the simulation where the feedback cultivation algorithm
modifies the bias terms to bring the reactor temperature back to setpoint.

Again, for this simulation as for simulation 2, the results do not
indicate a superior method for determing the initial conditions in the
feedback cultivation algorithm. Examining the plots of the reactor
temperature shows that initial condition methods #2 and #3 result in a
similar response to the changes in the CSTR parameters and that both
methods work better than initial condition method #1. The feedback
cultivation results indicate that using initial condition method #1 determines
model parameters more accurate than the parameters determined by the

feedback cultivation algorithm using methods #2 and #3.
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6.2.1.4 Simulation 4

Simulation 4 is exactly the same as simulation 3 except that heat losses to
the surroundings are not ignored. Figures 6.35 through 6.40 show the
results for using each of the three initial condition methods in the feedback
cultivation algorithm during the simulation.

The plots of the reactor temperature shown in Figures 6.35, 6.37,
and 6.39 indicate that the temperature returns to setpoint with little offset
after a time of about 25000.0 seconds. For the case of using initial condition
method #3, the reactor temperature has an offset of about 0.4 °C as
indicated in Figure 6.39.

The feedback cultivation results shown in Figures 6.36, 6.38, and 6.40
indicate the feedback cultivation does a poor job of re-identifying the model
parameters. During all three simulations, no unmeasured disturbances are
diagnosed in spite of the presence of unmeasured disturbances due to
accounting for heat losses to the surroundings in the CSTR equations.

The feedback cultivation algorithm does correctly diagnose which
model parameters need modification using initial condition methods #2 and
#3. Figures 6.38 and 6.40 indicate that first the model heat transfer
coeflicient is modified at a time of about 23000.0 seconds. The model value of

the reactor volume is modified next. In the case of using initial condition

method #2, the model value of the reactor volume is modified twice.
Figure 6.36 shows that only the model heat transfer coefficient is modified

during the simulation using initial condition method #1, yet the reactor
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Plant Parameters
Changed Old New
Time, sec | Parameter | Value Value
10.00 Uc 3550.00] 3195.00
Vv 7.08 6.372
Model Parameters
ID Search | Search Plant Percent
Time, sec | Variable | Old Value | New Value| Parameter | Deviation
23462.00 Uc 3550.00] 3384.00 3195.00| 5.91%

Figure 6.36: Feedback cultivation results for using initial condition method #1

during simulation 4.
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Figure 6.37: Reactor temperature and coolant flow rate for simulation 4 using

initial condition method #2.
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Plant Parameters
Changed Old New
Time, sec | Parameter | Value Value
10.00 Uc 3550.00] 3195.00
Vv 7.08 6.372
Model Parameters
ID Search | Search Plant Percent
Time, sec | Variable | Old Value | New Value| Parameter | Deviation
23462.00 Uc 3550.00] 3292.00] 3195.00 3.03%
36212.00 Vv 7.08 6.956 6.372 9.16%
48962.00 Vv 6.956 6.85 6.372 7.50%

Figure 6.38: Feedback cultivation results for using initial condition method #2

during simulation 4.
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Figure 6.39: Reactor temperature and coolant flow rate for simulation 4 using

initial condition method #3.
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Plant Parameters
Changed Old New
Time, sec | Parameter | Value Value
10.00 Uc 3550.00f 3195.00
Vv 7.08 6.372
Model Parameters
ID Search | Search Plant Percent
Time, sec | Variable | Old Value | New Value| Parameter | Deviation
23222.00 Uc 3550.00] 3335.00] 3195.00 4.38%
48722.00 Vv 7.08 6.803 6.372 6.76%

Figure 6.40: Feedback cultivation results for using initial condition method #3

during simulation 4.
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temperature shown in Figure 6.35 seems to track the setpoint the best after
the one model re-identification compared to the cases using initial condition

methods #2 and #3.

6.2.1.5 Simulation 5

In simulation 5, the only change made is a 5.0 °C increase in the ambient
temperature, Ty5. The values for all comparable model parameters equal the
values of the CSTR parameters.

Figures 6.41 through 6.46 show the results for using each of the
three initial condition methods during the simulation. Note that results for
using initial condition method #1 shown in Figures 6.41 and 6.42 stop after a
simulation time of 50000.0 seconds instead of continuing to 100000.0 seconds
as the other two cases do.

The feedback cultivation results shown in Figures 6.42, 6.44, and 6.46
indicate that the deviations of the reactor temperature from setpoint are
diagnosed correctly as unmeasured disturbances. The one exception appears
in Figure 6.44 at a time of 73000.0 seconds where the model value of the
coolant heat capacity, cyem is modified by the feedback cultivation algorithm
using initial condition method #2.

The reactor temperature in Figures 6.41, 6.43, and 6.45 tends to drift
away from the setpoint until modification of the bias terms by the feedback
cultivation algorithm brings it back to setpoint. This drift is due to the

variation of the heat loss term in the reactor jacket energy balance equation
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initial condition method #1.



Plant Parameters
Changed ol New
Time, sec | Parameter Value Value
10.00| Tamb 27.00 32.00
Model Parameters
ID Search | Search Plant Percent
Time, sec | Variable | Old Value | New Value| Parameter | Deviation
5462.00| biasl 0.00 0.001 n.a. 0.18%
bias2 0.00 0.2346 n.a. 0.18%
bias3 0.00 0.8633 n.a. 0.23%

n.a. = not applicable, percent deviation based on difference between actual
ment and model initial condition plus bias term

Figure 6.42: Feedback cultivation results for using initial condition method #1

during simulation 5.
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Figure 6.43: Reactor temperature and coolant flow rate for simulation 5 using

initial condition method #2.
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Plant Parameters
Changed Old New
Time, sec | Parameter | Value Value |
10.00| Tamb 27.00 32.00
Model Parameters
ID Search | Search Plant Percent

Time, sec | Variable | Old Value | New Value| Parameter | Deviation
5462.00 biasl 0.00 0.0086 n.a. 0.41%
bias2 0.00 0.0091 n.a. 0.32%

bias3 0.00 0.0467 n.a. 1.64%

56462.00{ biasl 0.0086 -0.0352 n.a. 3.80%
bias2 0.0091 0.0227 n.a. 0.66%
bias3 0.0467 0.1345 n.a. 4.25%

73712.00 cpe 4184.00 3786.00f 4184.00 9.51%

n.a. = not applicable, percent deviation based on difference between actual
measurement and model initial condition plus bias term

Figure 6.44: Feedback cultivation results for using initial condition method #?2

during simulation 5.
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Figure 6.45: Reactor temperature and coolant flow rate for simulation 5 using

initial condition method #3.
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Plant Parameters
Changed Old New
Time, sec | Parameter Value Value
10.00{ Tamb 27.00 32.00
Model Parameters
ID Search | Search Plant Percent
Time, sec | Variable | Old Value | New Value| Parameter | Deviation
8972.00] biasl 0.00 -0.0011 n.a. 0.71%
bias2 0.00 0.5415 n.a. 0.10%
bias3 0.00 1.158 n.a. 0.47%
13472.00f biasl -0.0011 -0.0002 n.a. 0.72%
bias2 0.5415 0.4241 n.a. 0.13%
bias3 1.158 0.8642 n.a. 0.61%
38222.00| biasl -0.0002 -0.0012 n.a. 0.69%
bias2 0.4241 0.296 n.a. 0.08%
bias3 0.8642 0.6395 n.a. 0.53%
56222.00| biasl -0.0012 -0.0043 n.a. 0.30%
bias2 0.296 0.8836 n.a. 0.08%
bias3 0.6395 1.965 n.a. 0.42%
60722.00| biasl -0.0043 -0.0067 n.a. 0.94%
bias2 0.8836 0.9794 n.a. 0.10%
bias3 1.965 2.176 n.a. 0.17%
65222.00 biasl -0.0067 -0.0061 n.a. 0.54%
bias2 0.9794 1.068 n.a. 0.17%
bias3 2.176 2.398 n.a. 0.02%
77222.00( biasl -0.0061 -0.0045 n.a. 0.76%
bias2 1.068 1.125 n.a. 0.10%
bias3 2.398 2.471 n.a. 0.89%
86222.00| biasl -0.0045 -0.0041 n.a. 0.98%
bias2 1.125 0.7976 n.a. 0.30%
bias3 2.471 1.65 n.a. 1.02%

n.a. = not applicable, percent deviation based on difference between actual
measurement and calculated model initial condition plus bias term

Figure 6.46: Feedback cultivation results for using initial condition method #3

during simulation 5.



shown in Figure 6.2. The variation is caused by the cyclic oscillation of the
inlet coolant temperature shown in Figure 6.6.

In spite of the constant variation of the heat loss term, the feedback
cultivation keeps the reactor temperature within 1.0 °C of the setpoint for all
three initial condition methods. The feedback cultivation results shown in
Figure 6.44 indicate that the model re-identification encounters more
difficulty when the search variables of the optimization include both the bias
terms and the initial conditions using initial condition search method #2.
The percent deviations of the model initial state variable values from the
actual CSTR output measurements are higher for this case than for the other
two cases. This may be due to the increase in optimization search variables
from just the three bias terms using initial condition methods #1 and #3 to
six search variables using initial condition method #2. More search variables

causes more difficulty during the optimization step.

6.2.1.6 Simulation 6

Simulation 6 involves decreasing the ambient temperature 5.0 °C for each of
the three initial condition methods. All comparable model parameters equal

the CSTR parameters for this simulation.

Figures 6.47 through 6.52  show the results of the simulation with
feedback cultivation using each of the three initial condition methods. Note
that for the case of using initial condition method #1 shown in Figures 6.47

and 6.48 stop after a time of 50000.0 seconds instead of proceeding to
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Figure 6.47: Reactor temperature and coolant flow rate for simulation 6 using

initial condition method #1.
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Plant Parameters
Changed Old New
Time, sec | Parameter | Value Value
10.00| Tamb 27.00 22.00
Model Parameters
ID Search | Search Plant Percent
Time, sec | Variable | Old Value | New Value| Parameter | Deviation
5462.00 biasl 0.00 0.0009 n.a. 0.18%
bias2 0.00 0.2452 n.a. 0.20%
bias3 0.00 0.9083 n.a. 0.30%
12692.00 cpe 4184.00] 4135.00] 4184.00 1.17%

n.a. = not applicable, percent deviation based on difference between actual
measurement and model initial condition plus bias term

Figure 6.48: Feedback cultivation results for using initial condition method #1

during simulation 6.
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Figure 6.49: Reactor temperature and coolant flow rate for simulation 6 using

initial condition method #2.



Plant Parameters
Changed Old New
Time, sec | Parameter | Value Value
10.00| Tamb 27.00 22.00
Model Parameters
ID Search | Search Plant Percent
Time, sec | Variable | Old Value | New Value| Parameter | Deviation
5462.00 biasl 0.00 0.0085 n.a. 0.39%
bias2 0.00 0.0091 n.a. 0.35%
bias3 0.00 0.4737 n.a. 1.81%
42212.00| biasl 0.0085 -0.0084 n.a. 1.36%
bias2 0.0091 0.0185 n.a. 0.39%
bias3 0.4737 0.0916 n.a. 1.73%
73712.00| biasl -0.0084 0.0307 n.a. 2.81%
bias2 0.0185 0.0248 n.a. 0.34%
bias3 0.0916 0.1228 n.a. 1.20%
87212.00{ biasl 0.0307 -0.0132 n.a. 1.35%
bias2 0.0248 0.0293 n.a. 0.15%
bias3 0.1228 0.1403 n.a. 0.86%

n.a. = not applicable, percent deviation based on difference between actual
measurement and model initial condition plus bias term

Figure 6.50: Feedback cultivation results for using initial condition method #2

during simulation 6.
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Figure 6.51: Reactor temperature and coolant flow rate for simulation 6 using

initial condition method #3.



Plant Parameters
Changed Old New
Time, sec | Parameter | Value Value
10.00] Tamb 27.00 22.00
Model Parameters
ID Search | Search Plant Percent

Time, sec | Variable | Old Value | New Value| Parameter | Deviation
8972.00 cpc 4184.00 3906.00 4184.00| 6.64%

Figure 6.52: Feedback cultivation results for using initial condition method #3

during simulation 6.



100000.0 seconds as in the other two cases.

For all three initial condition methods, the feedback cultivation
algorithm keeps the reactor temperature within 1.0 °C during the
simulations. All three plots of the reactor temperature indicate slight offset
for most of the simulation duration. Unlike the case of increasing the ambient
temperature in simulation 5, the reactor temperature does not tend to drift
up or down as significantly during the simulation.

The feedback cultivation results for using initial condition method #1
shown in Figure 6.48 indicate that the bias terms are modified once during
the simulation correctly indicating the presence of an unmeasured
disturbance. At a time of about 12000.0 seconds, the feedback cultivation
algorithm incorrectly modifies the model value of the coolant heat capacity
resulting in a 1.17% deviation from the CSTR value of the coolant heat
capacity.

During the simulation using initial condition method #2, the feedback
cultivation algorithm modifies only the bias terms four times as shown in
Figure 6.50. During the simulation, the offset of the reactor temperature
from setpoint seems to be declining slightly as the bias terms are modified as
indicated in Figure 6.49.

The feedback cultivation results using initial condition method #3 in
Figure 6.52 show that only the model value of the coolant heat capacity is
modified during the simulation. After the modification, the setpoint offset is

nearly eliminated with only slight drift as shown in Figure 6.51.
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The results presented in this section and also in Section 6.2.1.5 for
simulation 5 show that unmeasured disturbances are corrected for in most
cases by the feedback cultivation algorithm modifying the bias terms of the
model. Several times, the model value of the coolant heat capacity is
modified. Since the CSTR coolant heat capacity appears in the heat loss
term in the reactor jacket energy balance equation shown in Figure 6.2,
modification of the model value of the coolant heat capacity does not seem
unusual. As the results shown in Figures 6.51 and 6.52 indicate, modification
of the model value of the coolant heat capacity effectively returns the reactor
temperature to setpoint.

As with previous simulations, the feedback cultivation algorithm does
not seem to perform better for any of the initial condition methods. All three
initial condition methods in this simulation provide model parameters that

maintain the reactor temperature within 1.0 °C of the setpoint.

6.2.1.7 Simulation 7

The final simulation presented involves a simultaneous change in the ambient
temperature of +5.0 °C and a -10% change in the CSTR heat transfer
coefficient. The change in each of the parameters occurs at the beginning of
the simulation.

Figures 6.53 through 6.58 show the results for this simulation using
each of the three initial condition methods. In all three cases, after an initial

offset of almost 2.0 °C, the feedback cultivation algorithm maintains the
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Figure 6.53: Reactor temperature and coolant flow rate for simulation 7 using

initial condition method #1.
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Plant Parameters
Changed Old New
Time, sec | Parameter | Value Value
10.00] Tamb 27.00 32.00
Uc 3550.00] 3195.00
Model Parameters
ID Search | Search Plant Percent
Time, sec | Variable | Old Value | New Value| Parameter | Deviation

5462.00| biasl 0.00 -0.0018 n.a. 0.02%
bias2 0.00 0.9974 n.a. 0.53%

bias3 0.00 -0.2155 n.a. 9.60%

21212.00 Cbi 0.00 0.0722 0.00 >100%
33962.00{ biasl -0.0018 0.0002 n.a. 0.55%
bias2 0.9974 0.9225 n.a. 0.01%

bias3 -0.2155 -0.5081 n.a. 0.07%

54962.00f biasl 0.0002 -0.0051 n.a. 0.45%
bias2 0.9225 1.113 n.a. 0.13%

bias3 -0.5081 0.3972 n.a. 0.41%

59462.00{ biasl -0.0051 -0.0096 n.a. 0.41%
bias2 1.113 1.321 n.a. 0.18%

bias3 0.3972 0.8682 n.a. 0.30%

74462.00 Chi 0.0722 0.09 0.00 >100%
99212.00} biasl -0.0096 -0.0069 n.a. 0.19%
bias2 1.321 1.079 n.a. 0.22%

bias3 0.8682 -0.342 n.a. 0.53%

n.a. = not applicable, percent deviation based on difference between actual

Figure 6.54: Feedback cultivation results for using initial condition method #1

during simulation 7.

measurement and model initial condition plus bias term
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Figure 6.55: Reactor temperature and coolant flow rate for simulation 7 using

initial condition method #2.




Plant Parameters
Changed Old New
Time, sec | Parameter { Value Value
10.00| Tamb 27.00 32.00
Uc 3550.00] 3195.00
Model Parameters
ID Search | Search Plant Percent
Time, sec | Variable | Old Value | New Value| Parameter | Deviation
5462.00| biasl 0.00 -0.0001 n.a. 0.08%
bias2 0.00 0.0313 n.a. 1.45%
bias3 0.00 -0.0004 n.a. 0.38%
20462.00 Chi 0.00 0.14 0.00 >100%
66962.00{ biasl -0.0001 -0.0098 n.a. 1.22%
bias2 0.0313 0.0412 n.a. 0.24%
bias3 -0.0004 0.0464 n.a. 1.82%
88712.00 Vv 7.08 7.269 7.08 2.68%
96962.00| biasl -0.0098 -0.0089 n.a. 1.42%
bias2 0.0412 0.0412 n.a. 0.01%
bias3 0.0464 0.0209 n.a. 1.74%

n.a. = not applicable, percent deviation based on difference between actual
measurement and model initial condition plus bias term

Figure 6.56: Feedback cultivation results for using initial condition method #2

during simulation 7.
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Figure 6.57: Reactor temperature and coolant flow rate for simulation 7 using

initial condition method #3.




Plant Parameters
Changed Old New
Time, sec | Parameter | Value Value
10.00| Tamb 27.00 32.00
Uc 3550.00f 3195.00
Model Parameters
ID Search | Search Plant Percent
Time, sec | Variable | Old Value | New Value| Parameter | Deviation
8972.00 biasl 0.00 -0.0054 n.a. 1.14%
bias2 0.00 1.761 n.a. 0.04%
bias3 0.00 0.1305 n.a. 0.49%
28472.00] Cbi 0.00 0.012 0.00 >100%
62972.00] biasl -0.0054 -0.0119 n.a. 0.17%
bias2 1.761 2.266 n.a. 0.15%
bias3 0.1305 1.278 n.a. 0.87%
73472.00| biasl -0.0119 -0.012 n.a. 0.35%
bias2 2.266 2.433 n.a. 0.09%
bias3 1.278 1.62 n.a. 0.15%
77972.00] biasl -0.012 -0.0105 n.a. 0.13%
bias2 2.433 2.463 n.a. 0.09%
bias3 1.62 1.507 n.a. 0.37%
82472.00 biasl -0.0105 -0.0099 n.a. 0.62%
bias2 2.463 2.452 n.a. 0.36%
bias3 1.507 1.269 n.a. 1.04%

n.a. = not applicable, percent deviation based on difference between actual

measurement and calculated model initial condition plus bias term

Figure 6.58: Feedback cultivation results for using initial condition method #3

during simulation 7.
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reactor temperature within 1.0 °C of setpoint after a time of 30000.0 seconds.
The reactor temperature displays the same tendency to drift up or down after
the model re-identification returns the temperature to the setpoint. The same
tendency occurs in simulation 5 when only the ambient temperature is
increased as explained in Section 6.2.1.5.

Figures 6.53 and 6.54 show the results for using initial condition
method #1 in the feedback cultivation algorithm during the simulation. For
the most part, the feedback cultivation algorithm modifies the model bias
terms to return and maintain the reactor temperature at the setpoint. And
except for an initial deviation of 9.6% between the actual coolant
temperature and the model predicted value of the coolant temperature at a
time of 5462.0 seconds, the feedback cultivation algorithm keeps the deviation
between the actual measured variable values and the model predicted values
of the variables to about 0.50% or less. Twice during the simulation though,
the feedback cultivation algorithm incorrectly modifies the model value of the
inlet impurity concentration.

Figures 6.55 and 6.56 show the results for using initial condition
method #2 in the feedback cultivation algorithm. In this case, the feedback
cultivation algorithm also modifies the bias terms to return the reactor
" temperature to setpoint. But the first time the bias terms are modified at a
time of 5500.0 seconds, the change seems to have no effect on the reactor
temperature. Only after the model value of the inlet impurity concentration

is incorrectly modified at a time of 20000.0 seconds does the reactor



temperature return to the setpoint. The feedback cultivation algorithm also
incorrectly modifies the model value of the reactor volume near the end of the
simulation.

In the case of using initial condition method #2, the feedback
cultivation algorithm does not keep the deviations between the model
predicted values of the state variable values as close to the actual measured
values as when initial condition method #1 is used. The deviations range
from very small to almost 2.0% as shown in Figure 6.56.

Figures 6.57 and 6.58 show the results for using initial condition
method #3 in the feedback cultivation algorithm. In this case the feedback
cultivation algorithm returns and maintains the reactor temperature to
setpoint by modifying the bias terms for the most part. After modifying the
bias terms at a time of 9000.0 seconds, the reactor temperature returns to
setpoint and remains at setpoint until a time of 20000.0 seconds. At this time,
the reactor temperature rises sharply until the feedback cultivation algorithm
incorrectly modifies the model value of the inlet impurity concentration. This
happens because the values of the disturbance variables between 20000.0 and
30000.0 seconds change significantly and cause the controller to fully open the
coolant flow control valve. This changes the operating conditions of the
reactor significantly and since the model parameters do not match the CSTR
parameters, the controller cannot maintain the reactor temperature at the

setpoint value. This problem is not so obvious in the other two cases.




6.2.1.8 PI-Controller Comparisons

The response of the CSTR for a simulation with the PI-controller described
in Smith and Corripio [65] is compared to the nonlinear optimal control
algorithm for the simulation described in Section 6.2.1.2. In this simulation,
the plant parameters follow the schedule of change shown in Figure 6.24.
Figure 6.59 shows the reactor outlet temperature and the coolant flow rate for
this simulation. Comparing the coolant flow rate in Figure 6.59 to the coolant
flow rate in Figure 6.23 indicates that the effect of noise in the measurment
signals on the reactor outlet temperature for the nonlinear optimal control
algorithm is less than for the Pl-controller. Comparing the reactor outlet
temperatures in the two plots shows that the PI-controller keeps the
temperature at the setpoint more effectively than the nonlinear optimal
control algorithm. This is due to the way the two controllers deal with
feedback errors. The Pl-controller makes no distinction between different
sources of feedback error. The Pl-controller constantly attempts to force the
controlled variable, in this case, the reactor temperature, back to the setpoint
value. The nonlinear optimal control algorithm waits until the source of the
feedback error has been determined before taking corrective action. During
the delay, the controlled variable may deviate from the setpoint.

The comparison of the PI-controller to the more complex nonlinear
optimal control algorithm demonstrates that the PI-controller provides
adequate control of the CSTR as effectively or more effectively than the

nonlinear optimal control algorithm. With a more complex process or a
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Figure 6.59: Results of a simulation of the CSTR with a PI-controller and the

plant parameter disturbances used for simulation 2.
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multivariable process, the PI-controller may not function as well as it does for
the CSTR.

The results also show that the PI-controller is somewhat more
sensitive to measurement signal noise. Sensitivity to noise can cause excessive
flucuations of the manipulated variable — in this case, the coolant flow rate.
Excessive flucuations cause undesirable wear and tear on control elements
such as flow control valves. The nonlinear optimal control algorithm limits
the flucuations of the manipulated variable which reduces the possibility of

damage to control elements.

6.2.2 Adaptive Filter Comparisons

In this section, results of comparing the adaptive filter algorithm to two
first-order filters are presented. Also presented is a brief analysis of the
variation of the adaptive filter weight values during a CSTR simulation for
each of the disturbance and output variable measurements. The CSTR
simulation used to produce these results contained no unmeasured
disturbances or model parameter errors. The values of the four disturbance
variables, F, Cy;, T;, and T; varied during the simulation as shown in

Figures 6.4 through 6.7.

6.2.2.1 Filter Algorithm Comparisons

The performance of the adaptive filter algorithm is compared to the

performance of a first-order filter with “guessed” filter constants and to the
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performance of a first-order filter with optimally determined filter constants.
Section 6.1.2.4 gives the values of the adaptive filter parameters. The filter
constants used for each measurement signal in the first-order filter with
“guessed” filter constants is a = 0.9.

As discussed in Section 6.1.2.4, comparison to an optimally tuned
first-order filter is possible because the non-noisy measurement signals are
available during the simulation. The filter constant for each measurement
signal is optimized by minimizing the square difference between the non-noisy
measurement signal value and the noisy measurement signal value for each
CSTR disturbance and output measurement signal.

Figure 6.60 presents performance criteria for simulations of the CSTR
using the adaptive filter algorithm and the two first-order algorithms. The
figure also lists the average and standard deviation of the reactor
temperature occurring during the simulation for each of the filter algorithms.
Since the non-noisy signals are available during the simulation, a comparison
is made between the non-noisy signals and the resulting filtered signals.
These results are reported as the sum of square differences and the sum of
absolute differences for the reactor temperature only in Figure 6.60. And to
demonstrate that any filtering is better than no filtering, all of the results
described above are presented for simulating the CSTR without any signal
filtering.

The performance criteria indicate that the adaptive filter algorithm

results in less variation of the reactor temperature from setpoint and, for the




Filter Type SSE SAE SSDU SADU
Adaptive 0.582 10.2 0.0002505 0.162
First Guess 2.07 22.1 0.0003875 0.15
First Optimal 1.29 17.7 0.0004258 0.169
No Filter 14.7 544 0.02114 1.98

Pure T - Filtered T

Filter Type | Average T | T Std. Dev. |Square Sum |Absolute Sum
Adaptive 88.001 0.2148 0.627 10.53
First Guess 88.035 0.2146 - 0.616 11.61
First Optimal 88.042 0.2117 0.4595 9.952
No Filter 88.012 0.2109 14.00 53.06

T = Reactor outlet temperature

Tset = Setpoint temperature

SSE = Sum of squares of (Tset - T)

SAE = Sum of absolute values of (Tset - T)

SSDU = Sum of square changes in control move

SADU = Sum of absolute values of control move changes
Pure T = Reactor outlet temperature signal before noise added
Filtered T = Reactor outlet temperature signal after filtering

Figure 6.60: Results of comparing the adaptive filter algorithm to two

first-order filter algorithms and to using no filtering
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most part, slightly smaller changes in the control moves during the
simulation. The optimally tuned first-order filter algorithm performs slightly
better than the first-order filter algorithm with guessed filter constants. All of
the filter algorithms perform better in terms of the performance criteria than
using no filtering.

When using the adaptive filter algorithm, the average value of the
reactor temperature is nearly equal to the setpoint value of 88.0 °C. The
first-order filters result in slightly worse average values than the case of using
no filtering. The standard deviations are nearly equal for all the filter
algorithms including no filtering which has the smallest standard deviation.

The results of comparing the filtered reactor temperature to the
non-noisy reactor temperature show that the optimally tuned first-order filter
performs the best. But the adaptive filter algorithm results are similar to the
results for the optimally tuned first-order filters and the first-order filters

with guessed filter constants.

6.2.2.2 Adaptive Filter Weight Variation

As discussed in Section 6.1.2.4, the adaptive filter algorithm uses 10 weights
for all seven measurements. In the adaptive filter algorithm, the last weight
value, Wy, is multiplied by the latest measurement on down to multiplying
the oldest measurement by W;. Because of this, the weights are reported in
reverse order.

Figure 6.61 shows the variation of all 10 weights for the reactor
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temperature filter during the CSTR simulation. All of the weights vary
between 0.0 and 0.1 during the simulation.

Figure 6.62 shows the variation of all 10 weights for the outlet reactant
concentration measurement filter. The weights for the C, filter vary more
slowly and with less oscillation than the weights for the T filter. The first
couple of weights, Wjo and W, have not reached nearly constant values by
the end of the simulation as have some of the other weights such as W; and
W,. A larger value for the adaptive filter LMS convergence factor, u, may be
needed for the adaptive filter algoritlﬁn for C,.

Figures 6.63 through 6.67 show only the value of W for each of the
other five measurement filter algorithms. The plots of W, for the inlet feed
temperature, T;, the inlet coolant temperature, T.;, and the jacket coolant
temperature, T, shown in Figures 6.63 to 6.65 respectively, compare with the
plot of Wi for the reactor temperature, T', shown in Figure 6.61. Figure 6.66
shows that the variation of Wjg for the inlet concentration filter is similar to
the variation of Wy, for the outlet concentration filter shown in Figure 6.62.

The weight factor Wiy varies more for the feed flow rate, F, filter than
for the temperature filters or the concentration filters as shown in figure 6.67.
A smaller value of the LMS convergence factor, 4 may be appropriate for this

adaptive filter algorithm.
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6.2.3 Results Discussion

The results presented in Section 6.2.1 demonstrate that the nonlinear optimal
control algorithm functions in the face of measurement signal noise, measured
and unmeasured disturbances, and process-to-model mismatch. The results
also indicate that using any of the three initial condition methods in the
feedback cultivation algorithm provides adequate control in most cases. In
only one instance, using initial condition method #2 during simulation 1, did
the feedback cultivation algorithm fail to compensate for deviations between
the reactor temperature and the setpoint. Had the simulation proceeded
further, the feedback cultivation may have eventually modified a model
parameter to compensate for the deviation in this case.

The feedback cultivation results presented for the CSTR in this
chapter differ from the feedback cultivation results for the first-order example
presented in Chapter 5 in that no one initial condition determination method
clearly works better than the others. In Chapter 5, using initial condition
method #1 and selectively modifying the model parameters worked better
than any of the other methods. The results presented in Section 6.2.1
indicate that the initial condition method that works best depends on the
nature of the simulation.

The results presented in Section 6.2.2 demonstrate that the adaptive
filter algorithm works as well and possibly better than a first-order filter
algorithm. Also, the variation of the some of the adaptive filter weights for

the measurement signals is shown in Section 6.2.2. These results indicate that
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the nature of the filter weights depend on the dynamic charateristics of each
measurement signal. The adaptive filter algorithm is better suited to take
advantage of this dependence than the first-order filter algorithm because
some of the adaptive filter parameters are modifiable, namely the weights.

First-order filter algorithms have just the one filter constant that is

arbitrarily set and held constant.



CHAPTER 7

Conclusions and Future Work

The work presented in this dissertation addresses the issues of dealing with
measurement signal noise, unmeasured disturbances, and process-to-model
mismatch using a nonlinear optimal control algorithm. The feedback
cultivation algorithm demonstrated in this work addresses these issues. The
feedback cultivation algorithm incorporates a number of techniques including
adaptive filtering, neural networks, and statistical analysis.

This work is by no means complete. A lot of problems remain
unsolved concerning the feedback cultivation algorithm. The results
presented in Chapters 5 and 6 examine only one set of feedback cultivation
variables for the sample simulations. Also, only one variation of the neural
network structure was tried in each case.

In spite of this lack of completeness of this work, a number of relevent

conclusions can be drawn resulting from the work completed so far:

o The feedback cultivation algorithm can be successfully used to eliminate
steady state offset between controlled variables and their respective
setpoints. The results presented in Chapter 6 especially show this to be
true. The feedback cultivation algorithm applied in Chapter 5 tended

to be too sensitive to deviations between the model parameters and the



plant parameters including deviations between the model predicted

value of the state variable and the actual measured value of the variable.

The feedback cultivation results presented in Chapter 6 demonstrated
that even if the wrong model parameters are modified, deviation of the

controlled variable from setpoint can be eliminated.

The back propagation perceptron neural network algorithm can be
trained to distinguish between various process-to-model parameter
deviations. In both examples, the neural network had difficulty
distinguishing between certain classes of data during both training and
operating modes. More judicious selection of the feedback cultivation
variables included in the input to the neural network may correct the

difficulty.

An adaptive filtering algorithm can be used in place of a first-order
filter algorithm with equal or better performance characteristics. The
results in Chapter 6 show that the adaptive filter algorithm causes the
nonlinear optimal control algorithm to function better in terms of the

overall process simulation performance criteria.

A nonlinear optimal control algorithm along with any model predictive
control scheme must be tuned just like any other controller. The results
in Chapter 5 show this for the first-order process example. The

disadvantage of having to tune a model predictive control algorithm is
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that the rules for manipulating the various tuning parameters are still

in the infancy of development.

Coupling the feedback cultivation algorithm with the nonlinear optimal
control algorithm provides a more logical and intelligent way of
incorporating feedback into the nonlinear optimal control algorithm.
Using the feedback cultivation algorithm, the sources of deviations from
setpoint are determined and eliminated. Unmeasured disturbances are
treated as unmeasured disturbances, not as process-to-model mismatch

like other methods of incorporating feedback.

The nonlinear optimal control algorithm is very sensitive to parameter
discrepancies. The first-order example demonstrates that the nonlinear
optimal control algorithm fails to keep the process output at the

setpoint when process-to-model mismatch exists.

The feedback cultivation algorithm compensates for the nonlinear

optimal control algorithm’s sensitivity to parameter mismatch but a lot
of historical process data is required to perform the feedback cultivation.
During the data accumulation before the feedback cultivation algorithm

can be implemented, offset from setpoint may be present.

Comparisons of the PI-controller to the nonlinear optimal control
algorithm for the CSTR demonstrates that for this particular process,
the PI-controller is superior with respect to both performance and

simplicity. In spite of the nonlinearities in the CSTR, the dynamics are
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such that the Pl-controller adequately deals with the disturbances

encountered by the process.

The results presented in this work represent only the beginning of
analysing the nonlinear optimal control algorithm with feedback cultivation.
Before these techniques find use in an industrial setting, a lot more research
must be performed using the algorithm with simulated processes. The most

significant items that need to be addressed include the following;:

o Different sets of feedback cultivation variables need to be tried for input
to the neural network to better distinguish between process-to-model

mismatch errors and unmeasured disturbances.

o Different perceptron neural network structures and also completely
different neural network algorithms need to be tried to attempt to
improve the feedback cultivation datapoint classification phase of the

feedback cultivation algorithm.

o The complete nonlinear optimal control algorithm needs to be
demonstrated using a multivariable process. The algorithm is very well

suited to for extrapolation to the multivariable case.

e The adaptive filter algorithm needs more in-depth analysis to determine
whether or not it is a good replacement for first-order filter algorithms

or any other types of measurement signal filtering algorithms.

The above list mentions only the most significant suggestions for future work
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involving the nonlinear optimal control algorithm. Many other aspects of the
nonlinear optimal control algorithm contain weaknesses that need to be

addressed before any sort of industrial application can occur.
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