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Abstract

An identification and control methodology is developed for nonlinear process systems that
integrates the collection of prior knowledge, input signal design, model validation, and model
predictive control. The methodology makes specific use of Model-on-Demand (MoD) estimation
to predict nonlinear process dynamics. Previous work has shown MoD to provide comparable
performance to other nonlinear modeling techniques, while requiring less engineering effort to
train and validate the model. As a result of the integrated methodology, the cost, time, and effort
required to develop a nonlinear model predictive control strategy is greatly reduced. Model-on-
Demand Model Predictive Control (MoDMPC) can incorporate traditional linear MPC elements
for stabilizing control action, and output constraint infeasibility handling. The advantages of the
methodology are demonstrated on a non-adiabatic CSTR simulation, a nonlinear rapid thermal

processing (RTP) reactor, and a non-minimum phase, block-structured Hammerstein process.
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1 Introduction

Nonlinear control provides the opportunity for high performance control action over a wider op-
erating range in comparison to linear control. However, the user would prefer to use nounlinear
control methods that require engineering effort comparable to that required for linear control tech-
niques, since model development has been estimated to account for 75% of the costs of designing
an advanced control project (Hussain, 1999). This paper presents an approach that addresses the
practical need for systematic, user-friendly, nonlinear control methodologies which avoid the com-
putational difficulties of the full nonlinear predictive control problem and the arbitrary modeling

decisions required in current local model control methodologies.

Model Predictive Control using local models has been explored in the process control literature in
the context of fuzzy modeling, artificial neural networks, and other interpolation techniques. Fuzzy
modeling ideas require the user to decide on how to partition the regressor space for good perfor-
mance of local linear models. For most applications, this is a highly iterative process although a
few automated methods have recently emerged. Neural network based approaches can be tedious
since the user must judiciously select good initial parameter estimates. If the initial parameters
are successful such that the neural network converges, the user must still decide whether the neural
network structure is adequate and repeat the initial parameter/structure selection problem all over

again.

“Model-on-Demand” (MoD) estimation provides an attractive alternative for nonlinear identifica-
tion, since MoD requires less structural decisions to be made by the user. MoD is a hybrid between
local and global modeling. MoD adaptively selects the number of data in the regressor space to
counstruct a local model. The MoD algorithm continually constructs new local models as the current
operating point moves about the regressor space. As a result, the initialization, optimization and
structure selection issues of global semiphysical and neural network modeling are avoided. The
user is not faced with decisions of how to partition the regressor space, commonly found with other
local modeling techniques. Moreover, MoD can be implemented in an MPC framework to provide
natural local model transition throughout the regressor space (MoDMPC). Other MPC controllers
which use local linear models, must decide how to transition between the local linear models (e.g.
Bayesian weighting, or interpolation). With MoD, the user need only determine the NARX regres-
sor structure, and a lower bound on the number of data to be used in the local models. The best
fit global linear ARX structure often provides a good choice for the NARX structure for MoD, and
the lower bound on the number of data to be used for the local model can be determined through

validation in 2 or 3 iterations.

This paper is organized as follows. Section 2 outlines the methodology and discusses the advan-



tages of Model-on-Demand estimation. Section 3 discusses the specific MoD formulation used in
the methodology and the corresponding user decisions. Section 4 reviews the MoDMPC formula-
tion proposed by Stenman (1999a; 19995). In this section, modifications are made to the original
formulation to provide improved performance such as stable control of unstable plants, intuitive
handling of output constraint infeasibilities, and feedforward capabilities as mentioned above. Per-
formance enhancements brought by these modifications are demonstrated on a CSTR simulation
in the subsequent section. Effective output constraint infeasibility handling is demonstrated on a
Hammerstein model exhibiting inverse response dynamics. Tuning is also shown to be a consid-
eration in effectively handling the output constraint infeasibilities. Lastly, MoDMPC is shown to
handle MIMO control of an RTP semiconductor wafer reactor, by keeping the wafer temperature
profile within £0.5 K across the wafer during a 50 K/s temperature ramp rate. The paper con-

cludes with a summary of the ideas presented and a discussion of opportunities for further research.

2 Model-on-Demand Identification and Control Methodology Overview

This paper proposes a Model-on-Demand Identification and Control methodology. The goal of this
methodology is to provide the user with a structured approach to nonlinear identification and con-
trol, that maximizes use of a priori information, while minimizing the number of iterations between
the steps within the methodology. The methodology is illustrated in Figure 1. Maximum use of
a priori information is made in the design of the identification experiment, since this step may
account for a significant portion of the identification cost. Previous work by Braun and coworkers
(1999; 2000a; 2000b) has set forth guidelines to design minimum crest factor multisines and multi-
level pseudo-random sequences for this purpose. Specifically, a priori information is used to design
the input signal to contain power in the control-relevant frequencies, maintain identifiability of the
nonlinear model from the data, and take into consideration time and input magnitude constraints.
In the estimation/validation phase, the user verifies the input/output data covers the regressor
spaces needed to reach the operational steady-states. Various user decisions can then be evaluated
in a few iterations of Model-on-Demand validation. The final decisions are then incorporated in a
Model-on-Demand Model Predictive Controller.

Model-on-Demand estimation is a nonparametric, nonlinear modeling approach conceptually simi-
lar to the Artificial Intelligence notion of Lazy Learning (Stenman, 19995), but originally born out
of the idea of Just-in-Time modeling (Cybenko, 1996). In contrast to global modeling techniques
such as neural networks, semi-physical modeling, and block-oriented techniques, MoD adaptively
selects the neighborhood size around the current operating point (i.e. bandwidth) which minimizes
the bias/variance tradeoff. MoD does this by first selecting a range of candidate bandwidths and

weighting the data according to the distance from the current operating point. Local models are



constructed from each candidate bandwidth, and the local model used corresponds to that which
is optimal as determined by a localized classical bandwidth selector. Thus, the user is left with
the following decisions which are well guided by traditional “linear thinking” (i.e. the modeling

insights involved in identifying linear models):
e minimum and maximum data sizes to be considered for candidate bandwidth selection
e NARX regressor structure
e localized bandwidth selector

Other variations of the MoD formulation are possible, however the specific formulation discussed
in Section 3 has demonstrated good performance at a low computational expense in most applica-
tions. By considering a nonlinear estimation technique which avoids the parameter initialization
issue and iterative structural decisions, the user may focus instead on better design and analysis of

the dynamical experiment and tuning of the MoDMPC controller.

In summary, MoD has the following advantages:
e the predictions made by the estimator are data-driven rather than structure dependent

e the predictions are less likely to get trapped by local minima in the optimization step as

compared to global modeling
e new data can readily be added and/or old data can be discarded from the database
e the user is not required to determine good initial estimates of parameters

e regressor space partitioning associated with fuzzy-modeling and other local linear modeling

techniques is avoided
The disadvantages of this approach include:
e brute-force database search for local subsets of data
e the estimate is dependent on on-line computational resources
e the estimator suffers from the “curse of dimensionality”

e very poor estimates may arise when the current operating condition falls outside of data

support

Based on the current rate of advance of computer and data-handling technology, the first two dis-
advantages will become less relevant over time and MoD is well posed to take advantage of these
new technologies. The last two items are common concerns affecting other black-box modeling

techniques and are not unique to Model-on-Demand estimation.



3 Model-on-Demand Estimation and User Decisions

Suppose a noisy dataset (Y, Xz)f\; 1 is available and some function m to construct a relationship
Y = m(X;) + €, i1=1,...,N, (1)

is desired, where X; represents an independent variable, Y; represents a response variable, and ¢;

depicts a set of independent, identically distributed random variables with zero means and known

2

variances o;. m is a some nonlinear function that maps X; to Y;. N represents the number of

observations in the database.

One way to estimate the true value y at the current operating point z is to take the average of
the response variables produced by a small neighborhood of the independent variables around the
current operating point. To try to improve the estimate, it is also possible to give more weight
to data that are closer to the operating point and less weight to data that are farther away. The
weights can be chosen according to a kernel function, which explicitly defines the shape of the
weights much like the idea of windowing in digital signal processing. The shape of these windows
and the amount of data that should reside in the neighborhood are issues which dramatically effect
the performance of the estimate. The estimation of the response variable from a small portion of

the dataset is known as local modeling.

In choosing a local model structure, it is desirable to use one that allows for a closed form, compu-
tationally efficient solution to the local estimation regression problem. By choosing a locally linear
structure the simple least-squares solution is retained. Note that it is assumed that x and X; can

be represented in vector form (i.e. dynamic regressors) and have the same length. Using an /9 norm

farg min 3 (Y- BT~ 0) i), @)
i€Qy(2)
where
B=Bo B ... B’ (3)

B represents the parameter vector, where p is dependent on d the length of the X; vector. For
the linear case, p=d. For the quadratic case p = d + d(d + 1)/2. B(X; — ) represents the vector
of regressors for the polynomial model. w; represents the corresponding smoothing weight. Q(z)

denotes the selected regressor neighborhood. Hence, the locally linear model can be represented as

B(Xi—az)=[1 (Xi—a)']". (4)

The MoD formulation can be naturally extended for MIMO prediction. Additional inputs, out-

puts, or measured disturbances can be included into B to improve the output prediction. Two MoD



estimators can be used in parallel to produce output predictions for two outputs, three for three

outputs, and so on.

Tuning of the weights w; takes place locally according to a multivariable kernel function of the form

0e))

w;(z) = K < - (5)

where K is a kernel function, d is a distance function and h is the bandwidth. The specific formula-
tion in this work makes use of a tricube kernel function. This function is computationally efficient
and has a continuous derivative. The function smoothly descends to zero near the outskirts. This
property reduces high frequency noise leakage in the estimate as compared to the boxcar and other

windows which do not smoothly descend to zero.

The distance function d is designed to determine how far away the data in Q(k) are from the current
operating point. This distance decides how the data will be weighted by the kernel function. This

distance function can be weighted as

d(Xi,2) = \/(Xi — 2) 'M(X; - o), (6)

a fully scaled Euclidean distance function. Defining M to be equal to the inverse covariance of
the regressors suits the formulation for this paper, since the inverse covariance of the regressors is
readily available and provides an automatic scaling of the regressors to account for unit and value

differences.

The bandwidth h that provides the best tradeoff between bias and variance errors in the estimate
is not known a priori. The MoD concept begins by selecting enough data in the local neighborhood
Qf, such that the least squares problem is not ill-conditioned. The neighborhood size is then
expanded until a reasonable tradeoff between bias and variance errors is reached. Ideally, one seeks

to minimize the point-wise Mean Square Error (MSE)

2

MSE(im(z,h)) = E((r(z, h) —m(zx))?, (7)

which can be expressed as the sum of a squared bias term and a variance term,
MSE((z,h)) = E(in(z, h) — m(x))? + Var(m(z, h)). (8)

Recall that m is the true nonlinear relationship between the independent and dependent variables,
while 7 is the estimated relationship. Observing the relationship between these two terms and the
bandwidth h, one finds that the variance error of the estimate decreases, while the bias error of the
estimate increases with increasing bandwidth. If the true function m was known, however, there

would be no need to estimate it. Therefore, localized automatic bandwidth selectors are used to



estimate a goodness-of-fit. These selectors are the workhorses in MoD, striking a balance between

bias and variance.

First, some notation will be defined so that the bandwidth selectors can be compactly presented.
Let

v 2y . Vi)l (9)

and define the local design matrix of basis functions as

BT(Xil - $)
A .
Xy = : (10)
BT(Xik — )
The local weight matrix can be written
A .
W, = diag(w;, ... w;,). (11)

The solution to the local regression problem and the corresponding estimate can now be written as

B = (XiWXp) ' XI W,y (12)
m(z,k)=[1 0 ... 0]'4. (13)

For notational rigor, also note that

_ A T ~

m(X;, k) = B (X; — z)p. (14)
Localized AIC
The localized Akaike Information Criterion (AIC) is written below, where « represents the user

adjustable penalty on the variance term. The AIC criteria has been a popular method for choosing

the number of parameters in linear identification.

AIC(z, k) 2 2ie0,(2) lirzgfk) % b)) exp(

atr(XEWpX,) (XL WiXy))
tr(Wy)

) (15)

Mallows C,, Criterion

If the system under study contains significant noise, a localized version of the Mallows C), criterion
can include an estimate of the noise variance. This also requires some modification of our estimate

such that Equation 2 becomes

f=arg min Y (V; — BY(X; — 2)B) wi(z) - vi. (16)
’LEQ]C(:E)



Following in the matrix/vector notation, this is written
B = (XEWirViXy) " X{WiViyy, (17)

where
A .
Vi = diag(1/o} ... l/afk). (18)

The C), criterion can now be written as

1 wi;\ T _
oo s 2 S = ) (19)

—tr(Wg) + atr (X} VW X)) ' XTW2 VL XL)).

The C), criterion is preferable for a user faced with noisy systems since known variance information

can be used to help improve the bandwidth selection.

Counsider the selection of candidate values for bandwidth. To brute-force through the entire dataset,
computing a model and evaluating the goodness-of-fit for the successive addition of one datapoint
to the database would require an immense amount of time and computations. Instead, an expo-

nential updating scheme is used as shown in the following procedure.

1. Fit at a very small bandwidth hg, for which the estimation problem is well posed.

2. Increase bandwidth exponentially according to

0.3
hi = Ch - hi_y, Ch=1+7 (20)

where C, > 1, and d is the dimension of the regressor space. Compute the corresponding fits.

Proceed until the goodness-of-fit falls below a predefined significance level.

3. Utilize the model of the bandwidth with lowest goodness-of-fit cost in 2.

In addition, the user can set a range on the number of data to be included in the local neighbor-
hood k,,,;5, to kpuaz, in which the exponential update will search. Part of the validation of the MoD
estimator involves picking appropriate values for this range. The user can plot the values of k used
for each data point in the prediction and inspect the estimated output for instabilities due to poor
data support. Based on this, the user has a good estimate of how far to increase k. In practice,
there is no real limit on k4, other than computation time and database length. k4, can be set

beyond the highest value for ko, observed for the validation dataset.

Choosing ki, and k4. properly and determining a reasonable regressor structure n,, np, and

ng, are the two critical decisions the user has to make. This paper supports the use of the best



fit global linear ARX model structure as the method of initial regressor selection for MoD. Very
often the regressor space that provides the best fit for the global linear ARX modeling approach
provides the best fit for the Model on Demand approach as well. This choice is attractive because
the best regressor space for the linear case is readily available by using the classical crossvalidation
techniques such as those found in the System Identification Toolbox for MATLABT™ for both
SISO and MISO identification. The global linear ARX model is in fact a special case of the MoD
predictor. For example, by using a boxcar window instead of a tricube window and forcing the
MoD predictor to use the entire estimation database and only the entire estimation database, a
global linear ARX model would be created at each step. Therefore, regressors which work well for
the global linear ARX case are likely to be a good starting point for the more general case of MoD
estimation. Additional methods of regressor selection for nonlinear modeling are possible, such
as the False Nearest Neighbors method of Rhodes and Morari (1998), and the MANOVA based
analysis of Lind (2000).

The MoD user decisions can be summarized as follows:

1. Determine initial guesses of the NARX[n, ny ng| structure via a global linear ARX model or
by the False Nearest Neighbors method.

2. Select a localized bandwidth selector such as the AIC. For particularly noisy datasets, the
localized Mallows C), is an attractive choice if the variance of the noise in the data is known

a priori.

3. Using a locally linear model (p = 1) and wide bandwidth range (something like Ky, = 15
and kpq, set equal to the length of estimation data), use MoD to produce an estimate of the

output for the validation dataset.

4. Examine the MoD output and corresponding profile of k,,; to determine values of k£ where
the MoD estimation is poor and/or the least squares solution was ill-conditioned. Set ki

above the highest value for which MoD performance was not desirable.

5. Re-estimate the output for the validation data. If performance is not desirable, repeat the
previous step. For systems where high values of k still do not produce the desired performance,

try a locally quadratic model (p = 2), or try the Mallows C), criterion.

For most systems, the desired performance is achieved after step 4. For more difficult systems (or
more difficult validation criteria), it may be necessary to try a range of NARX regressor structures
that are near the global linear ARX structure. The validation is particularly user-friendly since the
user is not left guessing at which terms to include in the model and whether poor performance is

due to structure or initialization.
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4 Model-on-Demand Model Predictive Control

To incorporate the MoD estimator into an MPC control framework, we start with the standard
MPC objective function. Given the model description and knowledge of the current system state,
the control objective is to minimize the function

Np—1
T=>" Qek)(r(t+k+1) —§(t +k+1))* + Qu(k)u>(t + k) + Qaulk) Au?(t + k) (21)
k=0

where Q.(k), Qu(k) and Qa (k) represent penalty weights on the control error, control signal, and
control move size, respectively. r represents the setpoint trajectory, u the control signal, and ¢ the

estimated output.

The objective function 21, is solved using a receding horizon approach; of the N, future control
actions that minimize J, only the first one is used. Often only 4 or 5 control increments are solved
for, with the implicit assumption that the control action will be held constant for the remaining
moves up to the prediction horizon N,. This is advantageous since optimization of Equation 21 can
be computationally intensive for large prediction horizons N,. The practice of using smaller control
horizons N, has the effect of producing less aggressive controllers and providing stable control for

non-minimum phase systems (Meadows and Rawlings, 1997).

The main advantage of MPC is that hard constraints can be specified by the user on manipulated

and controlled variable of the plant

Ummgu(t + k)gumm’ (22)
Atpin <Au(t + k) <Atupmin, (23)
and

In the standard GPC formulation, the plant model includes a disturbance term v(¢) which is
assumed to represent random steps at random times, and these are not necessarily stationary
(Clarke et al., 1987).

Alg Ny () = Blg~u(t) +o(1) (25)
Based on these assumptions, v(k) can be represented in the model as
(k) = Clg HEE)/A (26)

where £(t) represents an uncorrelated random sequence, C(q~!) represents a noise model and A

1

represents the differencing operator 1 — ¢~'. Equations 25 and 26 are together referred to as the

11



Countrol Autoregressive with Integrator Moving Average model (CARIMA). The current formulation
of the MoD estimator does not include an estimate of the noise model, so C(¢ ') is set to 1 and
the assumptions about the disturbance require that the integrator be included in the plant model
such that

Ag™)Ay(t) = Bla™")Au(d). (27)

To express the output prediction at time ¢ + k£ as a function of future controls, the Diophantine

equations are solved
1= A(g )Fi(g DA +q "Grlg ™) (28)

ie.,

§(t+ k) = B(q~ ") Fr(q~ ) Au(t + k — 1) + Gr(g"y(t) (29)

By partitioning B(q ') Fj(¢ ') as
B(g )Fi(g ") = Sla ) +q “Sk(a ), (30)
where deg Si(q~') = k — 1 and deg Si(¢~") = ny — 2, the output prediction can be rewritten as
gt +k) = Sp(g ") Aut + &k — 1) + gt + k). (31)

The first term depends on future control actions whereas the remaining terms depend on measured

quantities. By introducing

where s; are the coefficients of Sk(¢™"), thus the output prediction is
y=y+SAq (32)

Making the assumption that the control horizon N, is usually shorter than the prediction horizon

N, and the move sizes are assumed to be zero after IV,, then
§ =y +SAu, (33)

where

AuZ (Au(t) ... Au(t+N,— 1)1, (34)

12



and
- I
S 2 §A, Aé<). (35)

The control vector can also be expressed

u=TAu+@ (36)
where
10 0
TS !
11 1
and
u(t —1
o |ult=1)
u= )
u(t —1)

This formulation will make use of m endpoint weights at the end of the prediction horizon, to
invoke the stability properties discussed in (Demircioglu and Clarke, 1993). Thus, the dimensions
of §, ¥, and S, are increased to (N, +m), (N, +m), and N, + m x N, + m, respectively. The

objective can then be written in vector/matrix form
J=llr—g—-SAulp, + | TAu+a |, + | Aulp,, (37)

where
r2(rt+1) ... rt+N))T (38)

denotes the desired reference trajectory, and Qe, Q., and Qa, are diagonal matrices with entries
Qc(k), Qu(k), and Qay(k), respectively. Note the last m entries of Q. correspond to the weightings

for the endpoint constraints, and this sub-matrix will be denoted as Q..

For the unconstrained case, there exists a closed form least squares solution to the MPC problem
u=(5"QeS + T"QuT + Qau) (5" Qe(r —¥) + T' Quu). (39)

For the constrained case, a modification must be made to allow for handling of infeasible output
constraint situations. Vectors of slack variables €in and €max, penalize predicted output constraint

violations at each instant along the prediction horizon. The problem can now be written

min || r—g - SAu |}, + | TAu+a |}, + 1| Aull,, + 1l +Que  (10)

13



s.t. clauTAuTAuTAuT | <c (41)
SAu+ Y < ¥Ymax + €max (42)
—SAu - Y £ —Ymin t €min (43)

where

AUz — U
A | —Atpmin + U
C = s
Atpmag

—Atpin

e= [ ™) >, (44)
€max

This problem can be expressed as a quadratic programming (QP) problem which can be efficiently

and

solved using standard routines such as “qp.m” or “quadprog.m” subroutines in MATLAB.

The use of an endpoint weighting condition to provide a stability guarantee for GPC formulations
was first proposed by Demircioglu and Clarke (1993). By choosing a weight for @, beyond some
value 7y, some guarantees regarding stable control action and stabilization of unstable systems can
be made. 7 is dependent on the system under control, N,, N,, and (a,. However, using a high
weight may also provide control action which is too aggressive. For systems which exhibit inverse
respouse, a high penalty may in fact lead to unnecessarily large inverse responses when step setpoint
trajectories are followed. Thus the user may need to adjust @, to improve control performance.
Note that this endpoint condition can provide stable control, provided N, > n+1, and m > n+1,

where n is the order of the system.

The output constraint infeasibility handling is adopted from Scokaert and Rawlings (1999). Their
approach has shown to provide more intuitive output constraint infeasibility handling as opposed
to penalizing output constraints along the entire prediction horizon with only one slack variable.
The slack variables are penalized with both an ¢;-norm and ¢o-norm, allowing a better conditioned
problem, and an extra degree of freedom for tuning. Large values of @), and (), have the effect of

reducing the magnitude of the constraint violation at the expense of a longer duration of violation.

14



Smaller values of ), and (), allow the output violation magnitude to be large, but with short du-
ration. Scokaert and Rawlings point out that while their results are developed for infinite horizon

formulations, the results should hold for large IV, .

This formulation of MoDMPC chooses to use ideas of linear and adaptive MPC to maximize the use
of insights gained from linear MPC approaches in addressing the nonlinear process control problem.
The formulation is sufficient to provide proof-of-concept results, and can be considered a candidate
control scheme for process systems that do not exhibit pathological properties. Formulation of
MPC/GPC controllers addressing output constraint infeasibilities, stable control of nonlinear sys-
tems, disadvantages of qp solution methods and the similar issues are still active areas of research
(Mayne et al., 2000; Kouvaritakis et al., 1997; Ebert et al., 1998).

5 Case Studies: Model-on-Demand Model Predictive Control Per-

formance

5.1 Non-adiabatic Continuous Stirred Tank Reactor

The CSTR model is based on a first principles analysis of a hypothetical CSTR (Denn, 1986;
Bequette, 1998). The vessel is assumed to be perfectly mixed, and a single first-order exothermic,
irreversible reaction, (A = B), takes place. A diagram showing the vessel and the surrounding
cooling jacket is presented in Figure 2. Based on accounting and conservation principles, the

lumped parameter equations describing the system are

dCx F

i = oy Gar

dT F AH UA
el P e T T,
dt V( g ) <Cpp)r CpPV( i)

These case studies are concerned with the Case 2 reactor parameter values presented by Bequette
and shown in Table 1. The inlet stream is fed at a constant rate F' with constant concentration
Cay into the vessel. The final concentration of the reactant C4 is the controlled variable and the
jacket temperature T} is manipulated to keep the exit stream concentration C4 at setpoint. The
exiting stream leaves at a rate F' and since it is assumed the vessel is perfectly mixed, the exit-
ing concentration and vessel concentration are assumed to be the same. The equations have been
solved in a Matlab?™ Simulink environment, using a fixed-step size 7' = 0.1 hrs and a 4" order

Runge-Kutta solver.
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5.1.1 Model-on-Demand Model Predictive Control vs. Linear MPC

The goal is to develop both a nonlinear MoDMPC controller and a linear MPC controller and
contrast their performance for setpoint tracking about the high concentration, low temperature
steady-state. To achieve this end, a multi-level PRS signal was designed for excitation of the
CSTR for use in the MoDMPC controller. Signal designs of length beyond one day’s time were
considered unacceptable. Previous attempts to formulate a linear PID controller revealed that a
high bandwidth controller was needed to keep the reactor from “igniting.” Therefore, an « of 5
and a f of 1 were selected. A series of step tests revealed a dominant time constant range between
1.3 and 2 hours for this reactor. A sampling time of 0.1 hrs was used for the multi-level PRS and
output measurements. For a switching time T, of 0.7 hrs (which met the high frequency limit),
only a 3-level PRS signal generated with 3 shift registers or a 5-level PRS signal generated with 2
shift registers meets the requirements. The 5-level is the signal of choice because 5 levels offer better
resolution of the input space than does 3. Furthermore, if one considers the Taylor expansion of
the exponential in the kinetic equation, the highest possible number of input levels should be used.
Tables 2 and 3 provide an example of how the choices for shift register and number of elements
in the Galois field can be evaluated using spreadsheet calculations. The maximum move size of
this signal is 50 K, the signal spans between 273.15 and 323.15 K, and the length was 16.8 hrs.
The input range is particularly interesting because the diabatic CSTR exhibits an “ignition” as the
reactor settles from a +9 K or greater increase in jacket temperature. Note there is an assumption
of both heating and chilling capacity being available for the CSTR jacket and the achievable jacket

temperature is constrained between 275 and 375 K.

The validation input consisted of a swept sine wave and random steps designed to test the in-
terpolative ability of the MoD estimator and reach the same output spaces as the 5-level PRS
experiment. The validation input has similar frequency content as that of the 5-level PRS signal.
The input/output data and the validation results from the identification experiment are shown in

Figure 3.

The linear MPC model comes from fitting an ARX[221] model to the 5-level PRS data. The ARX
structure had the best fit on the validation data and was determined through brute-force selection
by examining 1 < n, <10, 1 < ny <10, and 1 < ng < 10. The MoD estimator also made use of a
NARX][221] structure, and validation proved reasonable user decisions to be ki, = 55 and kg, to
be the length of the estimation database. A localized AIC criteria was used with a variance penalty
of 3. Note from Figure 3, the MoD estimator is able to make better use of the nonlinear information
contained in the 5-level PRS input/output data. As shown in Figure 4, the validation input/output
data falls in the same spaces covered by the 5-level PRS. Note also, because of the adaptive nature
of the MoD algorithm, the locally linear models on the outskirts of the input/output spaces provide

better estimation of the plant response in those areas, than does one linear model fit to the entire
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estimation dataset.

The control evaluation focuses on setpoint tracking ability of both the linear and MoDMPC con-
trollers. The results with and without input constraints (275 < u < 375), are shown in Figures 5
and 6, respectively. The control parameters are the same for both controllers and are shown in the
figures. The results show the advantage of nonlinear identification and control for this CSTR. Not
only does the MoDMPC controller force the process to setpoint faster, it makes better use of con-
trol energy to do so. This is due to the more accurate predictions of MoD estimation as compared
to the global linear ARX model. The slight overshoot in the MoDMPC results might further be

reduced by considering the “linearizations along a trajectory” approach discussed in Nevisti¢ (1997).

5.1.2 Control Utilizing Measured Disturbance Information

To provide a challenging study of the benefits of measured disturbance information to MoDMPC
control, the CSTR simulation is modified to include a 0.4 hour time delay between the effect of a
change in jacket temperature on the outlet concentration. The inlet concentration measurement is
made available to the MoDMPC controller 0.7 hours before it will effect the outlet concentration.
During the control experiment the inlet concentration will exhibit a low frequency drift with a span
between 9.9 and 10.1 kgmol/m?. Two MoDMPC controllers are designed for the system. For the
first MoDMPC controller, the inlet concentration is held constant for the identification experiment.
The identification experiment for the second MoDMPC controller includes the drifting inlet con-

centration as a measured disturbance.

The input design was modified from the previous section by considering more low frequency in-
formation, since more data is needed to characterize the effect of the low frequency drift on the
outlet concentration. A 7-level PRS signal was used which produces a signal with low frequency
content (0.19 rad/hr) corresponding to just slightly less than the 95% settling time of the process
(0.17 rad/hr). The 7-level PRS, with 0.7 hr switching time, has a length of 33.6 hrs. Both iden-
tification experiments make use of the same 7-level PRS input and the validation input from the
previous section. The MoD user decisions used in the previous section allowed the MoD estimation
to perform well, and the NARX structures were modified to account for the transport delays added

to the simulation.

In Figure 7, observe that with the same controller parameters, the MoDMPC controller with
measured disturbance information provides better disturbance rejection. Both controllers satis-
fied input constraints. The RMS error between the setpoint and controlled variable was 0.413 for
the MoDMPC controller that did not use the measured disturbance information. The MoDMPC

controller utilizing the measured disturbance information had an RMS error of 0.392. Moreover,
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by utilizing measured disturbance information 39% less valve movement is observed. The control
performance improvement is most notable during the time ranges of 12 to 15 hours and 19 to 25

hours.

Inspecting the manipulated variable performance is critical in process applications, since it has a di-
rect impact on actuator maintenance costs. Additional considerations include the impact on energy
integration and the possible creation of disturbances to feed or exit streams of other process units
in the plant. The CSTR sees the most benefit from judicious use of the manipulated variable by the
MoDMPC controller with measured disturbance information. By looking at the sum of moves made
throughout the control experiment (which we will refer to as total amount of movement or TAM),
a quantitative comparison can be made. Specifically, the MoDMPC controller utilizing the mea-
sured disturbance information uses significantly less total amount of movement TAM = 92.68 K
to achieve a higher level of performance than the standard MoDMPC controller TAM = 150.68 K.

5.1.3 Control at an Unstable Steady-State

The ability of a MoDMPC controller to stabilize an unstable system is demonstrated by consid-
ering the intermediate steady-state conditions discussed by Bequette (C4 = 5.51 kgmol/m?, T =
339.1 K). A closed-loop identification strategy was employed using the 5-level PRS and valida-
tion inputs previously presented, as the setpoint trajectory for a proportional-only controller. The

controller gain K. = —9.5 was tuned to provide stable performance for the identification experiment.

A MoDMPC controller is initially commissioned with a move suppression penalty which is too
large QA = 0.5 to provide stable control. By adding three endpoint penalties to the end of the
prediction horizon, the speed of response of the controller is increased, such that the process is
stabilized. In Figure 8, the effect of increasing the endpoint penalties for various values up to 10'°
is demonstrated. For @, = 10'°, the control action is most aggressive, repeatedly forcing the

manipulated variable to constraints.

As mentioned in Demircioglu and Clarke (1993) an endpoint constraint is only a sufficient condition
for stability, and endpoint constraints (or infinite weight endpoint conditions) may have an adverse
effect on controller performance. The example given by Clarke was an unstable, non-minimum
phase linear system, which exhibited inverse response. The example showed that the large values
of Q,, has the effect of increasing the magnitude of the inverse response when the controller executes
the requested step change. Thus, choosing values for @),, becomes more difficult when controlling
non-minimum phase nonlinear systems in the vicinity of output constraints, as demonstrated in

the next section.
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5.2 Control of a Nonlinear Non-minimum Phase System with Output Con-

straints

A nonlinear non-minimum phase system was developed to evaluate the ability of MoDMPC to
handle output constraint infeasibilities, assess interaction of MoDMPC tuning parameters, and
demonstrate performance. A discrete Hammerstein block model (shown in Figure 9), was devel-

oped to exhibit inverse response, and a static second order nonlinear dependence on the input.

The simulation was excited with a uniform random number sequence of 10, 000 datapoints, provid-
ing sufficient coverage throughout the expected operating region of the input/output space. The
excitation used was based on theoretical arguments, to provide optimal excitation of the nonlinear
system (Leontaritis and Billings, 1987). Thus, performance and stability can be assessed under
theoretically ideal conditions and any degradation in performance cannot be attributed to lack of
data support. Half of the data was used for estimation and the other half was used for validation.
Through validation, reasonable user decisions proved to be an AIC localized bandwidth selector, a

variance penalty of 3, ki = 30, and ke = 200.

To investigate the extent of interactions between the output constraint infeasibility penalties and the
move suppression penalty, control experiments were designed to test the ability of the controller to
follow a setpoint trajectory that switches between 10 and 32, while maintaining output constraints
of 9 and 33. Additional control parameters that were kept constant throughout the experiments
are shown in Table 4. By inspection of Figure 10, the results demonstrate that both the output
constraint penalties, and move suppression penalty have the effect of slowing controller action for
this problem as they are increased. It is also evident that as the move suppression and output con-
straint violation have a small penalty, the system becomes oscillatory, since the controller alternates

between reducing the cost of meeting setpoint and reducing the cost of violating output constraints.

As noted in Section 3, the endpoint condition used to guarantee stability has the effect of increas-
ing the closed-loop speed of respounse as the penalty is increased. In Figure 11, a comparison of
increasing values for ), is made, that demonstrates the oscillatory phenomena observed in Figure
10. Thus, as setpoint trajectories take the process closer to operating constraints, the speed of
response (i.e. the move suppression Qa, and endpoint condition @) of the controller directly

impacts performance.

5.3 Control of a MIMO Rapid Thermal Processing (RTP) Reactor

The ability to handle a MIMO process is a necessity for any proposed MPC countroller. To show

proof-of-concept of MoD’s ability to handle MIMO estimation and control, this section considers
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control of a 6 x 6 RTP wafer reactor simulation. Honeywell Technology Center has developed a
simplified model of a RTP wafer reactor, (Christoffel et al., 1995). The reactor consists of five
halogen/tungsten lamps placed concentrically on the floor of the reactor. Above the lamps is a
quartz window. The wafer to be processed is positioned above the quartz window. The reacting
gases are pumped into the reactor through the gas shower head in the top of the reactor. Figure 12
shows a schematic of the reactor configuration. The 6 inputs to the system are the percent power
to each lamp, ranging from 0 to 100%. The 6 outputs of the system are the temperatures [K] of

the wafer directly above the lamps.

The simplified model developed by Honeywell is

=P -yp1+ P (%—6(1))4 + P3-up_q + Py (45)

This model, with the matrices P; identified by Honeywell, served as the ‘truth model’ in our study.
The quartic terms were included based on the assumption of heat transfer gains and losses due to

radiation.

This simulation runs at 20 Hz and the data was resampled at a rate of one sample every 1/4
of a second. This system displays a dominant time constant range between 6 and 32 seconds.
For guidelines for the design of MIMO multi-level PRS excitation signals the reader is referred to
(Braun and Rivera, 2000). « was chosen to be 4 and f to be 3. These choices left many feasible
multi-level PRS signals to choose from. A signal length beyond 4 hours was considered to long for
the identification. The MIMO length requirement determined that a signal less than 0.317 hours
was too short to provide uncorrelated signals for 6 inputs. A 17-level PRS generated with 2 shift
registers, a switching time Ts,, = 4 sec and even harmonic suppression was used to excite lamp
power #1. Five versions of the same signal, delayed by increasing multiples of the 95% settling
time excited the remaining channels. Delaying the excitation allows the multi-level PRS inputs to
remain uncorrelated up to the 95% settling time. The input amplitudes for all 6 of these signals

were between 0 and 100% lamp power.

The resulting input /output data did not cover the entire input/output trajectory which follows the
setpoint trajectory, however it did provide support in the higher temperature region (1200 to 1400
K) where it is critical for the controller to level off wafer temperature, while maintaining tempera-
ture uniformity across the wafer. For the other regions, the controller must rely on the local models
on the boundaries of support and the redeeming characteristics of feedback. A validation sequence
cousisting of a series of steps in the high temperature region was constructed and used to validate
the MoD user decisions. An example of how the input/output data are represented in the time
domain and various input/output spaces is demonstrated for lamp # 1 and temperature # 1 and

their combination with lamp #2 and temperature # 2 in Figures 13 and 14. An AIC criteria with a
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variance penalty of 3, ky,;, = 300, and k4, = 1210 provided good estimation of the validation data.

The NARX structure predicted each output based on one past value of each output and each input.

In Figure 15, the control results for a 50 K/s ramp rate temperature trajectory are shown. Note
the setpoint trajectory was supplied to the controller to provide anticipative action. No endpoint
weight was used, and the prediction horizon was purposefully kept short to prevent the controller
from making control moves too far in advance of the setpoint change. The controller parameters
can also be found in Figure 15. The MoDMPC controller is able to keep the temperature across
the wafer diameter to within £0.5 K.

6 Conclusions

The methodology provided in this paper allows the user to proceed through a framework of decision
making, which can reduce the length and cost of the nonlinear identification and control design
process. These benefits are possible through maximum use of a priori information, and by the use
of the Model-on-Demand estimation technique which circumvents the initialization and structural

decisions of more time consuming methods such as neural networks and semi-physical modeling.

By incorporating an endpoint condition for stability, and effective output constraint infeasibility
handling, MoDMPC is positioned to effectively handle traditional nonlinear process systems and
typical operating conditions (e.g. operating near constraints, and utilizing measured disturbance
information). In addition, MoDMPC can outperform linear MPC by making better use of control
action and keeping the output closer to setpoint by taking into account nonlinear effects. These
performance benefits have been demonstrated on a SISO Continuous Stirred Tank Reactor (CSTR),
and MIMO Rapid Thermal Processing (RTP) reactor. Tuning issues as they relate to operation
near output constraints were addressed with a simulated Hammerstein system, exhibiting a 2"9-

order static nonlinearity and inverse response dynamics.

7 Software

The authors have developed a Model-on-Demand Model Predictive Control toolbox for MATLAB™™ .

More information about the package and download instructions can be found on the internet at
http://www.eas.asu.edu/"csel/software.htm

The package contains a graphical user interface for data visualization and validation, as well as a
Simulink”™ library of MoDMPC controllers.
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Table 1: Non-adiabatic CSTR, Case 2 reactor parameters

Parameter Units Value
F|V hr! 1
ko hr—! 9703*3600
(~AH)  keal/kgmol 5960
E kcal /kgmol 11843
Cpp kcal/(m3°C) 500
Ty °C 25
Cay kgmol/m? 10
UA/V  kcal/(m3*°Chr) 150
T; °C 25

Table 2: Selection of multi-level PRS design variables to meet low frequency limit w, = 0.166
low frequency rad/hr Elements q

shift register n, 3 5 7
2 1.122 0.374 0.187
3 0.345 0.072  0.026
4 0.112 0.014 0.004

Table 3: Selection of multi-level PRS design variables to meet length limit T¢,. < 1 day
length hr Elements ¢

shift register n, 3 ) 7
2 5.6 16.8 33.6
3 18.2 86.8 2394
4 56.0 436.8 1680.0
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Table 4: Controller parameters for control of the non-minimum phase nonlinear block system

Control Symbol Value
Parameter

Tracking Error Weight Qe 1
Control Weight Qu 0
Endpoint Condition Weight Qu 0
Number of Endpoints m 0
Prediction Horizon N, 18
Control Horizon N, 3

Input Constraints Umins Umaz 1, D
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26



Caf
Tt _ -

Ca

-

v F
— Tj Ca "

Figure 2: Schematic of the diabatic CSTR

27



[kgmol/ms]
©®
(&)}

A
®

Output C
~
(3}

320

w
ey
o

Input T, [K
nput T, [K]
g8 8

Estimation

10 15 20
Time [hours]

|

10 15 20
Time [hours]

28

[kgmol/m?]
©
[6)])

A
]

Output C
~N
(3}

320

w
g
o

Input T, [K
np d[]
S 8

Validation

= actual
= = MoD RMS=0.0406 MAX=0.0986
v = ARX RMS=0.0837 MAX=0.1396

0 5 10 15

Time [hours]

5 10 15
Time [hours]

Figure 3: Estimation and Validation Data for CSTR case study



o
(0]
T

Output C,, [kgmol/m3]

Output C,, [kgmollm3]

©
N
T

o
N
T

Estimation

©
[e2]
T

o]
T

270 280 290 300 310
Input 'I'J K]

Validation

320

330

® © ©
N N ()]
T T T

(o]
T

7.8F . i

270 280 290 300 310
Input 'I'J K]

320

Figure 4: Input/output spaces of CSTR datasets

29

330



Setpoint
Linear MPC | -
MoDMPC

Controlled Variable, CA [kgmol/m3]

20 25
Time [hours]

380 w x x x

=1

3601

J

w

N

o
T

- - -
—
|

300

Manipulated Variable, T [K]
w
N
o

280

260 1 1 1 1
0 5 10 15 20 25

Time [hours]

Figure 5: Control with input constraints; Q. = 1, @, =0, Qa, = 0.001, N, =14, N, =3

30



® o ® o

N RN O 0 o N RN O o ©

Controlled Variable, C, [kgmol/m3]

i \ “““ Setpoint
: 4! — Linear MPC
7.8 -- MoDMPC | ]
7.61 s
7.4 s
7 | | | |
0 5 10 15 20 25
Time [hours]
1000
— 800 )
X,
——
9 600 i
o)
I
<
> 400 .
°
(D) —
(_“'5' -,
.a 200 .
c
=
| | |
_200 | | | |
0 5 10 15 20 25
Time [hours]

Figure 6: Control without input constraints; Q. = 1, Q, =0, Qa, = 0.001, N, =14, N, =3

31



©

—— unmeasured RMS=0.413
measured RMS=0.392

o
&)

Q.1

Control Variable, C, [kgmol/m‘?']

Q,,=0.08
N =42
P
Nu=4 :
8r 275<u<375 -
55<k<200 0N
75 | | | |
0 5 10 15 20 25
— 320
X ; — unmeasured TAM = 150.7
= ! - - measured TAM =92.7
o 310
o)
e
$ 300
©
]
<
S 290
=2
C
I
= 280
0
—
£
©
2 10.3
(@]
N
— 10.2
<
(@)
g 10.1
C
o]
2 10
>
@
O 99
©
o
= 0.8 I I I I
@ 0 5 10 15 20 25
2 Time [hours]

Figure 7: Comparison of MoDMPC with and without utilizing measured disturbance information

32



00

~
T

A (o))
T

- -.

N

w

Controlled Variable, C [kgmol/m3]
)]

setpoint

- QW=1
Q,~10

Q =100

—_— w

Q =10"

—_— w

N
o

Time [hr]

15

380

17w
>
o

w
D
(=)

w
o
o

Manipulated Variable, T. [K]
N
o

N
(0]
o

260
0

Time [hr]

Figure 8: MoDMPC control about the CSTR unstable steady state

33

15



V

~1+0.75q "+

Figure 9: Block diagram of Hammerstein model

34

~ 1 +



2x10° Qy,=6x105

Q=

Q,7200 Q=60

2Q,=0.6

Q=

o o o o o
o o o o o
o o o o o
n n [T?) wn [T?)
- - - - -
S S S S S
— — — — —
rurvrrrH o o /arvrrrq o o /arvrrrH o
n n [T2) n T2
Q Q © © ¥ & o @ 3 © © ¥ & o @ 3 o © ¢ o O
‘e ‘diue ‘e ‘diue ‘rep diue
JeA pajjosuod A TCIUEN “JeA pa|jouod A TCIUEN TeA pa||0uod Al
o o o o o
S S =] S <]
o o o o o
n n [T?) n [T?)
- - - - -
e — | VI,JJJY
S S S S S
— — — — —
o o o o o
f:\\a\un [re) o r\J\\f\av D o w\rJ\J\A1 re]
2 2 © © ¥ « o g Q © © ¥ & o g Q o © ¥ ™ O
‘e diue ‘e diue rep "diue
“IeA pa||0uod A "CIUEN “JeA pajjouod A "CIUEN “JeA pa|jouod A CluEN
o o o o o
S S S S S
= | |3 3 2 3 g
b
RJIJ. — - — - —
=
= | (I.Hfu. rﬂ,’1
S S S S S
— — - — -
=
i
—
= o o o o o
IJI s e} /ﬂ|,|fv ) B — | el
o o o © ¥ &N o O o o © ¥ N O O o o © ¢ o O
< Y <5 Y < Y

“JeA pajjonuoD

QAu:lO

‘e diuepy

“TeA\ pajjonuod

Q,,=100

‘e diuepy

“TeA\ paj|onuoD

Q,,=1000

rep diuepy

200

150

100

50

150 200

100

o
[Te}

100 150 200

50

Figure 10: Effects of tuning parameters Qay, @y and @,y on MoDMPC control performance in the

presence of output constraints

35



Qy=2x106 Qy‘=6x105 Q,,=1000

ey
o

T T T

Controlled Var.
N w

o o

T T

T

Q=100

80

100 120 140

160

180

Manip. Var
o [l N w » ] o

N
o

Controlled Var.
N w

o o

T T

=
o
T

40 60
10
Q=10

80

100 120 140

160

180

Manip. Var
o [ N w B (93} [}

40 60

Figure 11: Effects of stability condition weighting Q.

presence of output constraints

80

100 120 140

36

160

180

200

on MoDMPC control performance in the



/ Gas Shower Head

— Wafer

GIGIMIGICI0IGIGICIeINNG

[ Quartz Window

\

Concentric Lamps

Figure 12: Schematic of 6x6 RTP wafer reactor

37



Temp. [K]

Lamp Power [%)]

Estimation Output #1 Validation Output #1

1400} f 1400
1350} z 1350
1300¢f g- 1300
1250 £ 1250
1200} : 1200
200 400 600 800 1000 1200 100 200 300 400 500
Estimation Input #1 Validation Input #1
100 , , , , 100
80} N S 80
60} g 60
(@]
o
k A |
20} ﬂ S 20
oL ‘ ‘ ‘ | N 0
200 400 600 800 1000 1200 100 200 300 400 500
Time [sec] Time [sec]

Figure 13: 17-level PRS input #1 and output #1

38



Input #1 by Input #2

100
80} L
g e e e e e e e e
g 6Op ool
2
o S
o |
© D © L
|
200 .
0 ! ! ! !
0 20 40 60 80 100
Lamp Power [%]
Out #1 by Out #2
1400}
1350+
3
5 1300}
e
(]
|_
1250+
1200} : - estimation
o validation

1200 1250 1300 1350 1400
Temp. [K]

Figure 14: Input and output spaces for #1 and #2 combinations

39



1400

1300 §
< 1200 T=1/4 second 8 ]
o Q.=1,Q=0,Q,,=1x10
% 1100 N=15, N =10 |
qé— —— Setpoint
& 1000} Position 1 [
" 50K/s -~ Position 2

900} —— Position 3 ||
Position 4
-~ Position 5
800+ — - Position 6
0 10 15 20 25 30
Time [sec]
“““ Lamp 1
100r BT -- Lamp2 ||
o’ — Lamp 3
A Lamp 4 ||
< : == Lamp5
= == Lamp 6
o}
; -
(@]
o
Q.
S ]
@
-
10 15 20 25 30
Time [sec]

Figure 15: Control of 6x6 MIMO RTP reactor for 50 K /s ramp rate

40



