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A new dynamic optimization technique presented combines a neural network
model with a universal dynamic matrix control (UDMC) algorithm. This technique
utilizes a nonlinear-model-predictive control technique for on-line optimization and
Sfeedback control by using a dynamic neural net model. This approach offers two
important advantages over conventional UDMC. One is that a dynamic neural net
model can be developed from process data and used for optimization calculations,
thus achieving optimization without a first principle model. This neural-netrwork-
based optimization approach also produces good performance even with process-
model mismatch. The other is that our neural-net-model-based UDMC algorithm
greatly reduces the computation time required for the nonlinear dynamic matrix
used for the successive quadratic programming algorithm. The development of this
technique also involved an analysis of the effect of network structure on dynamic
optimization. A state-space-based neural network model which utilizes a priori
process knowledge is best suited for optimization calculations. Advantages of this

technique are illustrated by simulation for two chemical processes.

Introduction

With the development of sophisticated methods for nonlin-
ear programming and powerful computer hardware, on-line
dynamic optimization problems based on rigorous physical
models which involve ordinary differential equations or dif-
ferential/algebraic equations have been studied by many re-
searchers. Both Cuthrell and Biegler (1987) and Renfro et al.
(1987) proposed a very similar approach to solve dynamic
optimization problems, and many case studies of chemical
engineering applications have been presented. Morshedi (1986)
proposed a universal dynamic matrix control (UDMC) algo-
rithm by using a finite dimensional manipulated input vector.
This replacement transforms the two-point boundary value
problem into an ordinary nonlinear programming problem
which can be solved with nonlinear optimization algorithms.
Also, the advantages of the feedback control contained in the
UDMC algorithm can be used for rejecting unmeasurable dis-
turbances during the course of optimization. This can be im-
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plemented easily because feedback control with DMC is well
known and established. Several application studies can be found
in the literatures. Lin (1987) presented an application of UDMC
for dynamic optimization of a biochemical process. Lewis
(1989) applied the UDMC algorithm for dynamic optimizing
control of a CSTR (continuous stirred tank reactor) with an
economic objective. Also, Eaton and Rawlings (1990) further
developed a nonlinear model predictive control (MPC) tech-
nique to realize the feedback optimal control of nonlinear
processes. A detailed review which summarizes many of the
relevant issues in nonlinear-model-based control can be found
in a recent article by Bequette (1991). However, there still exist
several important difficulties with the on-line optimization of
chemical processes by using UDMC. One is the time-consuming
computation problem required for the on-line application of
dynamic optimization (Rawlings and Biegler, 1992); the second
is the need to obtain reasonable process models required for
dynamic optimization; the third is the need to simultaneously
consider an economic optimization trajectory and process con-
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Figure 1. Typical structure of BPN and RNN model.

trol, both of which are needed to realize optimal performance
with a chemical process.

Recently, the application of neural networks for modeling
and control has been considered. Bhat and McAvoy (1990),
Chen et al. (1990), and Narenda and Parthasarathy (1990) have
illustrated that neural networks can be used effectively for the
identification and control of nonlinear systems. Nguyen and
Widrows (1990) proposed a neural network self-learning con-
trol system by using the network’s adaptive ability. Saint-
Donat et al. (1992) and Psichogios and Ungar (1992) have
proposed neural network model-predictive control and illus-
trated its application to chemical processes. In this article the
main objective is dynamic optimization rather than only con-
trol. In order to use the model predictive control technique to
achieve the objective of dynamic optimization, the structure
of the neural net model and the difference between batch
processes and continuous processes are investigated in detail.

There are two special features of neural-network-model-
based UDMC which are addressed in this article. One is a
computation method for the nonlinear dynamic matrix based
on a neural network, which results in a large reduction of the
computation time for dynamic optimization. This time reduc-
tion can be achieved since a neural net model is actually an
algebraic equation, which in turn leads to the algebraic com-
putation of the dynamic matrix. The other feature is illustrated
by simulation studies of two typical nonlinear chemical proc-
esses which are accomplished without @ priori models. In this
case a neural net model is trained with input/output data
obtained from an input signal added to the process. These
simulation results illustrate that the proposed technique has
great potential to realize on-line optimization in industry, where
accurate models are often not available.

Dynamic Neural Network Model
The neural network approach is capable of modeling any
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continuous nonlinear function through supervisory learning,
provided that the number of hidden units is sufficient and all
the activation functions of the hidden units are continuously
differentiable (Hornik et al., 1989, 1990). It has also been
demonstrated that neural networks can be used for dynamic
nonlinear modeling (Bhat and McAvoy, 1990; Narenda and
Parthasarathy, 1990; Chen et al., 1990) for model predictive
control (Saint-Donat et al., 1992; Psichogios and Ungar, 1991;
Kolvisto et al., 1991), adaptive control (Nguyen and Widrows,
1990) and adaptive steady-state optimization (Chen and Wei-
gand, 1992).

Backpropagation neural networks (BPN) and recurrent
neural networks (RNN) are the most attractive for dynamic
process modeling (Bhat and McAvoy, 1990; Narenda and Par-
thasarathy, 1990; Su and McAvoy, 1991). Typical BPN and
RNN structures are shown in Figure 1. In most dynamic neural
modeling, a nonlinear autoregressive with exogenous (NARX)
input is used to build the model. This procedure uses a number
of past plant inputs and outputs to predict the future process
outputs:

y(k+1)=.fn[y(k)9 "')y(k_ny)a

u(k), ..., ulk—n,), wl (1)
The difference between BPN and RNN is that RNN uses the
predicted output as part of the input for the next iteration of
prediction. The training delta rule is identical and the calcu-
lation using a three layer neural network is similar, except that
the predicted output values are used for the input rather than
past outputs of the process. For either the BPN or the RNN,
we have the following set of equations:

Rinp+ 1

Hidden layer: H,=f< Z Wi U,») , 1sj=sng 2)

i=1
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Figure 2. Input/output neural net model and state-space neural net model for semibatch chemical reactor.
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Output layer: Y,=f < w,-kH,-) , I<k=n,, 3

Jj=1

where U; is the scaled input vector, H; is the output of the
neurons of the hidden layer, Y, is the output vector of the
output layer, and n,,,, 14, and n,,, are the numbers of neurons
in the input, hidden, and output layers, respectively. Also, f
is the nonlinear activation function of each neuron which is
usually a sigmoid. The choice of using either the backpropa-
gation or recurrent neural network models for dynamic op-
timization depends on the processes to be optimized. For
example, in order to use the model predictive control technique
for a batch process, the prediction horizon is often chosen as
the same as the control horizon, thus only a one-step ahead
prediction will be needed for the neural network model. There-
fore, a BPN model will be much better to use for the purpose
of optimization. However, for a continuous process, normally,
the prediction horizon is greater than the control horizon, and
therefore a RNN model is better to use for the purpose of
multiple steps ahead prediction. The details will be discussed
in the simulation studies later. In addition, most neural net-
work models are based on input-output data such as for a
black box model. In this article, a state-space realization of
the neural network model is used for on-line optimization
purposes. This approach possesses several advantages:

(a) The model includes prior information in a natural way
even when the more detailed knowledge necessary for a first
principles model is not available.

(b) The state variables generally represent physical quan-
tities and nonlinear relations are easily expressed.

(¢) Constraints on any process variables can be included in
the model.

The diagrams of the input/output neural net model and
state-space model are shown in Figure 2. A detailed comparison
of input/output neural network models with state-space neural
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network models will be discussed in the section on Chemical
Process Applications.

UDMC and Nonlinear Dynamic Matrix of Neural Net
Model

UDMC is an extended algorithm of DMC for nonlinear
systems. In the absence of linearity, the optimal control vector
cannot be calculated by using the dynamic matrix and super-
position. The optimal control vector must be recalculated dur-
ing each interval. This recalculation uses the Jacobian that
quantifies the effect of a control variable change with respect
to the response variable for each interval. The computation
of the Jacobian of a dynamic system described by a set of
nonlinear, first-order ordinary differential equations was dis-
cussed by many researchers (Lin, 1987; Morshedi et al., 1986;
Lewis, 1988). Now let us briefly review the dynamic matrix of
the UDMC algorithm. Suppose the input variable, u, can be
completely characterized as a vector where each element, u,
represents the value of the input at the ith interval. The Ja-
cobian for a time horizon can be described as a dynamic matrix
for a single-input single-state system, that is:

ax;
5_14_0 O o0 cen oeen 0
aX2 axZ
e O 0
Jo o i=1,..., P
J= -0 0 _1 3
axp .I— L) L
— 0 0
6u,
_6u0 ou, i

Here the variable dx;/du; denotes the response of the state
variable during the ith time interval due to a change in the
control variable during the jth time period. The dynamic ma-
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Figure 3. Framework of neural-net-model-based dy-
namic optimization.

trix is the Jacobian of the state variables, and so it is named
the dynamic matrix to distinguish it from the usual Jacobian
used by the search algorithm to determine the optimal control
parameters. Note that dx;/9u;= 0 for all i < j. For MIMO (mul-
tiple input/multiple output) systems, the dynamic matrix can
be defined by the matrix of partial derivatives:

i=1,..., P

_ _ axk(t,»). j=1, ...,L
A_[A"’"]"[aum(t,)] k=1, ..., K
m=1,..., M

It can also be partitioned into K by M dynamic submatrices
for K state variables and M manipulated variables as shown
by matrix A:

All Al:I e AIM
Ay Ay - A
a= | Au An o A
AKl AK:! "'AKM

Note the prediction horizon P is usually different from the
control horizon L (Lewis, 1989).

The significant part of calculation time required for the
dynamic matrix becomes the main bottleneck to on-line ap-
plication of UDMC. In this article, a neural-network-model-
based UDMC algorithm is proposed to realize the optimization
of dynamic processes, as shown in Figure 3. The Jacobian
matrix based on a neural net model has a convenient structure
to apply to this algorithm. A simple representation of a state-
space model in terms of a dynamic neural network model is
shown in Figure 4. This structure is useful for the computation
of gradient information. For a more general structure which
is convenient for analysis of the neural net dynamic model,
we define:

wi(=[1,z7%z7%...,27" @)
w2(z)=[z"" z7% ..., 2™ &)

Therefore, the state vector, x, can be represented as:
x=1,[6,, 6, ©
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Figure 4. Simple structure of dynamic neural network
model for computation of gradient informa-
tion.

where © = [8,, 0,] is a vector which represents the input infor-
mation of the neural network model, that is, the past and
current inputs and past state variables of the process. There-
fore, the partial derivatives of the state variables with respect
to the input can be calculated as:

ax_ | 3fa 001 | 3fn |06
u [ ao,] au " [302] Bu ?
then,
ox_of, of, o
=20, (D) * 39, 3,22 ®

and the af,/86,, 3f,/90, are the Jacobian matrices of the back-
propagation neural network model, which can be calculated
by the current inputs values of neural net at the current interval
k (Chen and Weigand, 1992). Therefore, for a given operating
point, the static Jacobian matrices of the process can be ob-
tained by invoking the final value theorem for z-transforms,
or letting z—1 in Eq. 8 or

4
ox 9,

w T an)
[“5‘0:]

It is shown that this calculation is actually an algebraic com-
putation which will significantly reduce the computation time
for the dynamic matrix.

®

Neural-Network-Model-Based UDMC

The neural net model based optimal control problem to be
solved may be stated as:

max ®lx(k), ..., x(k+L-1),
u(k), ..., u{k+L-1)
ulk), ..., utk+L-1] 10
subject to
x(k+1)=fiix(k), ..., x(ky), u(k), ..., u(ky), W]
09))]
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Ym=8(X) (12)

hlx(k), ..., x(k—n)), u(k), ..., u(k—n)l<0 (13)
u(k— 1)~ Auppsu(k)su(k— 1)+ Aug,, (14)
u(k)=u(i+L-1) forall k>i+L-1 (15)

Umin SU(K) < Uy, (16)

Xoin S X(K) < Xnax a7

Yoin <Y (K) < Vruax (18)

where the objective function is an economic function of the
manipulated and state variables of the process and k is the
current sampling instant. Further, u is the manipulated vari-
able, x is the vector of state variables, y,, is the model output,
L is the number of future manipulated variable moves to be
optimized, and P is the prediction horizon. The predicted out-
put, ¥, is given by:

Jlk+D =y (k+1y+d(k) for [=1,2,...,P (19)
where, d(k)=y(k)—y,,(k), is the disturbance vector and is
assumed to be constant over the prediction horizon, and y (k)
is the measurement of the plant. In the method in this article
we consider the state variables to be measurable.

To obtain the optimum of a general economic objective
function, ®, the gradient of the objective function can be easily
obtained by the following equation and the dynamic matrix
mentioned earlier:

du 0x du du
The optimization decision variables are control actions L steps
into the future. Although the optimization is based on a control
horizon, only the first control action is implemented. After
the first control action is implemented, plant output meas-
urements are obtained and compensation for plant/model mis-
match is performed. The optimization calculation is then
performed again. Note that, we assumed that all of the state
variables of the processes can be measured in our study. In
practice, state estimation techniques, such as Kalman filtering
(Gattu and Zafirou, 1992) and horizon-based estimation tech-
niques, can be applied when measurements are not available.

The procedure for implementation of the neural network
model based UDMC algorithm is summarized as follows:

Step 1. A designed signal pseudorandom binary sequence
(or PRBS for a continuous process or sinusoidal for a batch
process) is input to the open-loop process in order to generate
the training data for the neural network model. We assume
that the process is open-loop stable. For an open-loop unstable
process, a predictive controller based on an open-loop observer
might be used to stabilize the process (Sistu and Bequette,
1992).

Step 2. The trained neural net model is tested to determine
if it represents the process dynamics accurately. If the network
model is satisfactory then go to step 3; if not, then go to step
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1 and generate additional data for continued training of the
model.

Step 3. The trained dynamic neural network model is used
to obtain the predicted process output in order to evaluate the
objective function. It is also used to calculate the dynamic
matrix which is required by the successive quadratic program-
ming (SQP) algorithm.

Step 4. The feasible successive quadratic programming
(FSQP) algorithm (Zhou and Tits, 1990) is used to solve for
the optimal control profile for an economic objective function.

Step 5. The first control action is applied to the process and
continued until the next sample time.

Step 6. The current state variables are measured, the new
value of the objective is calculated and combined with model/
process mismatch information (Eq. 19) and used for the next
optimization calculation. Then, steps 3 and 5 are repeated.

Step 7. For the optimization of a batch process, steps 3 to
5 are repeated until the final step is reached; for continuous
process, steps 3 to 6 are repeated in accordance with the control
horizon and prediction horizon.

Chemical Process Applications

The following two examples are provided to illustrate several
features of the approach presented in this article. The first
example demonstrates the computation of the optimal eco-
nomic temperature profile for a batch chemical reactor. The
second example presented is a dynamic optimization of a con-
tinuous biochemical reactor. In both examples, the objective
is related to process economics since the desired product is
optimized.

Example I: final time optimization of batch reactor

The example used here is from Ray (1981) and it has also
been used by Eaton and Rawlings (1990). The reaction is the
exothermic formation of B from A and is carried out in a
batchreactor as shown in Figure 5. The objective of this process
is to maximize the product concentration at the end of a given
reaction time by manipulating the coolant flow rate. The di-
mensionless dynamic model was given by Eaton and Rawlings
(1990) as follows:

M

-—

Figure 5. Batch chemical reactor.
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B uranr)x, x0)=1, @1
dt
d
Zoux, x(0)=0, (22)

ki = k,'()e_E'/RT

where x, = C/C, X, = Cg/C 4o and u is the dimensionless cool-
ant flow rate. The model parameters, p and «, are defined as
follows: p= FE,/E, is the ratio of activation energies and o = ky/
k%, is the ratio of the pre-exponential factors. For the example
used below, p=2, a=0.5, and u is required to be between 0
and 5. The objective function is to maximize the yield of
product B at the final time:

max®(u(t)) =x(t) (23)

First, a neural network model should be established by using
the experimental data of the process. For a batch process, there
are no standard methods to generate process data to ensure
process identifiability by a neural network model. A sinusoidal
function at different frequencies is used to generate the training
data as recommended by Narendra et al. (1990).

Neural network models are usually used to represent an
input/output model relating the manipulated and controlled
variables for process control and optimization. In this article,
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both an input/output neural network and a state-space neural
network model are studied and compared for the purpose of
optimization. As mentioned before, the neural network model
is used for a one-step prediction for the optimization of a batch
process. Normally a multiple step ahead prediction will achieve
a better prediction performance for a batch process. However,
it is not necessary to use a multiple step ahead prediction in
our study, since we assumed that the prediction horizon is the
same as prediction horizon for the batch process. A three-layer
backpropagation neural net model was trained for this dynamic
optimization problem. By using a trial and error method, the
number of the hidden nodes were chosen as 4 with the learning
rate, 3, at 0.15 for this process. Figure 6 shows that both the
BPN input/output and the BPN state-space trained neural
network models produced a good prediction of the output
variables for just one-step ahead. Note that the input/output
BPN only gives product concentration, that is, only one output.

Next, neural net based optimization is studied and compared
for different neural net models. The dynamic matrix of neural
network model is obtained by using the technique mentioned
in the third section. A FSQP procedure developed by Zhou
and Tits (1990) is used for the UDMC algorithm. The results
show that the state-space modei based neural network produces
a better performance than the input/output neural network
model as is seen in Figure 7, that is, 0.56 compared to 0.42.
This is in spite of the fact that both the input/output model
and state-space model produced a good simulation perform-
ance (Figure 6). Also, the ‘‘jaggedness’’ of the control variable
in Figure 7b can be explained if it is recalled that Eaton and
Rawlings found that the objective function was not sensitive
to the control moves made toward the end of the optimization
time. The reason for this is obvious, since the state-space model
contains more physical information that the input/output
model as mentioned previously.

A comparison of the neural-network-model-based optimi-
zation is made with the differential equations model (for ex-
ample, the ‘‘true” model) based optimal profile. The state-
space-neural-net-model-based optimization produces a per-
formance which is very close to the value obtained with the
true model, for example, the final objective function is 0.56
compared to 0.58, as shown in Figure 8. Finally, the feedback
algorithm of UDMC is used to study on-line optimization when
the process experiences disturbances and time-varying param-
eters. This is simulated by adding a measurable noise. Figure
9 shows that the optimization performance remains good, for
example, 0.55, even when the output of the process is subjected
to § percent noise.

Also, the effect of model uncertainty on system performance
is examined by considering the simulated process to have some
parameter error. Suppose that one of the parameters in this
simulation model, «, is varied randomly between (1.5 and 0.7
from batch to batch. Using the data generated by this random
variation, the neural network model can still be trained to
predict the process quite ‘well. Therefore, the trained neural-
network-model-based optimization can also achieve a good
optimization performance even when a model parameter is
varied randomly, as shown in Figure 10. This figure shows
that when «=0.7, the optimization performance based on the
neural net model can reach about 0.52 which is still very close
to the optimum value (x; =0.54) based on using the rrue model
with «=0.7.
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Example 2: a continuous baker yeast fermentation
process

The objective of the optimization is to maximize an appro-
priate objective function for the process. For this continuous
fermentation process, the objective function is the cellular
productivity which is the product of the dilution rate, D, and
the cell concentration, x:

i
max®= 5 Dxdt
X

fo

24

This objective function is usually used for optimization of a
continuous process (Harmon et al., 1987; Jang et al., 1987).
It is based on a receding horizon control strategy. A computer
simulation of a continuous baker’s yeast fermentation was
carried out to provide another test of the feasibility of the
neural-net-model-based dynamic optimization method. The
baker’s yeast process was simulated using a time delay model
(O’Neil and Lyberators, 1986) which is described by the fol-
lowing equations:

dxX  pmZX
dt z+K, @5
ds 1 psx
E—Ys (KS+S)+D(Sf—S) (26)
daz
E-—a(s—z) 27
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Table 1. Simulation Model Parameters of a Continuous

Fermentor

wn=0.7h71
Y=0.5, a=3h"",

S,=30 g/L
K=22¢g/L

where p,, is the maximum specific growth rate, K| is the Monod
constant, Y, is the cell yield, and z is a weighted average of
the previous substrate concentrations. The parameter a, called
the delay parameter, is a measure of the organism’s ability to
adjust its growth rate when a change in the conditions of the
chemostat is brought about (Harmon, Svoronos, and Lyber-
ators, 1987). The model parameters used for the simulations
are given in Table 1. The input-output data needed to train
the neural network were generated by submitting the system
to a series of changes in the input which is varied as step inputs
to a PRBS signal to cause variations from the initial steady-
state conditions of x=12 g/L, s=2=6.9 g/L, and D=0.15
h~'. The specific sequence is given by:

Step I: input from D=0.2 to D=0.4

Step 2: input from D=0.4 to D=0.1

Step 3: input generated by the addition of an independent,
persistently exciting signal to the system input (Gustavsson et
al., 1977), PRBS signal between 0.1 and 0.4.

Also the data is scaled to fit the sigmoidal function used to
train the neural network model of this fermentation process.
As mentioned previously, a multiple step ahead prediction by
the neural network model is normally necessary to achieve
dynamic optimization for a continuous process. Therefore, a
recurrent neural network model is much better to use for op-
timization purposes. The recurrent neural net model is trained
using the simulated data with a three-layered net structure.
The initial weight matrix for this recurrent neural network
model is chosen as the optimal weight matrix obtained by first
training a BPN. It is known that the prediction of steady-state
points is a multistep ahead problem. This is equivalent to fixing
the input to the system while obtaining the output from the
network for multiple time steps until the steady-state output
is reached. Therefore, the steady-state behavior is used to es-
timate the quality of the multiple step ahead prediction of the
neural net model. In Figure 11, the steady-state behavior of
the trained RNN and BPN models are compared. The network
models are both trained in an off-line, open-loop mode. It is
clearly seen that the RNN has much better multiple step pre-
diction capability as described previously. If a much better
signal to excite the process could be found, it could be possible
to improve the steady-state prediction performance of the BPN.
However, no elegant method exists to find a better signal for
a general nonlinear process. In our study, the PRBS was used
to generate the training data. The steady-state prediction per-
formance is shown in Figure 11. Similar resuits are reported
by Su and McAvoy (1992). The resuits shown in Figure 12
occur after the loop is closed and the neural network imple-
mentation of UDMC is realized. The optimization results ob-
tained with this recurrent neural network model demonstrate
that the proposed technique has significant capability for op-
timization of continuous processes. This initial nonoptimum
point corresponds to D=0.05 h™!, x=14.153/L, and
§=2=1.692 g/L. The results in Figure 12 illustrate that the
proposed algorithm can search for and achieve the optimal
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performance when starting at some initial nonoptimum op-
erating condition. The value of objective function (cell pro-
ductivity) is increased from 1.25 to 2.21 g/L/h, after running
this dynamic optimization algorithm. Therefore, the simula-
tion study of dynamic optimization based on a neural network
model shows that this technique achieves good performance,
even when a conventional model is not available. Besides, this
neural-net-model-based UDMC algorithm reduces the com-
putation time when compared to a differential equation-model-
based optimization. This result occurs because the network-
based method enables calculation with algebraic equations. A
significant improvement in computation time produced by us-
ing an algebraic equation was recently noted by Sistu et al.
(1993). In this article, the computation time for a number of
model predictive control techniques were compared. They
showed that an approach based on orthogonal collocation on
finite elements (which results in a set of algebraic equations)
is much faster than directly integrating the ordinary differential
equations, as is done in the UDMC approach. The neural
network approach used here produces fewer algebraic equa-
tions than the orthogonal collocation approach, and therefore
a reduction in computation time would also be expected. This
smaller number of equations occurs because the neural network
approach enables calculation with algebraic equations based
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Figure 12. RNN based dynamic optimizing control pro-
files for continuous biochemical process.

on the relationship of the input/output variables. This result
indicates promise for neural-network-based optimization.

Conclusions

A dynamic optimization method which combines the neural
network technique with the UDMC algorithm is illustrated in
this article. An analysis of the different neural network struc-
tures for optimization purposes is discussed and illustrated by
using two typical chemical processes. These kinds of processes
are highly nonlinear and often difficult to model using first
principles. The simulation studies demonstrate that the pro-
posed technique has a strong potential for on-line application
to complex nonlinear chemical processes. This is true because
a neural network has the capability to adequately determine a
dynamic model using process data even when the conventional -
models are not available. Also, this neural-net-model-based
UDMC algorithm enables faster computation of the dynamic
matrix required for the optimization algorithm.
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Notation
a = delay constant of baker-yeast fermentation model
d, = disturbance vector
dd/dr = gradient of the objective function
D = dilution rate, h™'
f» = neural network model
H, = output of the neurons of the hidden layer
J = Jacobian matrix
k, = constants for chemical reaction rate coefficients
K, = Michaelis-Menten constant
L = control time horizon
n,, n, = maximum time lags for discrete time process
n,, = number of neurons in the input layer
nys = number of neurons in the hidden layer
p = ratio of activation energies
P = prediction time horizon
s = substrate concentration (g/L)
s, = inlet substrate concentration (g/L)
u = vector of control variables
U, = scaled input vector
wy, w;, = synaptic weight matrix
wl, w2 = vectors of z transformation for inputs of neural net model
X = biomass concentration (g/L)
X = state variables
Xx; = mass fraction of component i
y = output of the process
Y, = output vector of the output layer
Y, = substrate-to-biomass yield coefficient (g cell/g substrate)

Greek letters

o = ratio of preexponential factor

O = input vector of dynamic neural net model
B = maximum specific growth rate (h™")

¢ = transfer function of the motion

$ = value of objective function
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