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5.1 Introduction

There are two major applications of neural networks for process forecasting, modeling,
and control of time-dependent processes: (1) process optimization; and (2) adaptive
process control. Modeling chemical and biological processes using conventional
techniques is often difficult because the processes are very nonlinear and complicated. For
example, many chemical processes have a large number of reacting components and
follow very complex reaction mechanisms. The neural network approach provides a
method to develop a dynamic model accounting for instabilities and unsteady-state
operating conditions that often occur in chemical systems.

One problem in the neural network approach is noise. Many of the input signals
present in these systems are very noisy and must be smoothed out to obtain the best
results within the moving-window network (Section 2.6 B.2). Raich et al. (1992) have
compared the training and recall of time-dependent networks with and without noise in the
input signals. They show that large quantities of noise can degrade prediction accuracy,
while smaller amounts have minimal effects. For systems that have noisy periods in the
input signals, we propose the use of a data-compression network (Section 5.2) to smooth

out the incoming signals before forwarding them to the time-dependent network . The
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noise can also be handled using a larger window for the input signals entering the
time-dependent network, which has a data-filtering capability. However, this latter
method requires a larger network structure, making the training algorithm less efficient.
Section 5.3 introduces the basic principles of recurrent networks for process
forecasting. Section 5.4 presents an illustrative case study, the practical application of
neural networks to the predictive modeling of an experimental fermentation process. This
application involves using a data-compression network (Sections 2.6.A and 5.2), a
classification network (Chapter 3), and a recurrent network (Sections 2.6.C and 5.3).
Section 5.5 describes another illustrative case study, dealing with the Tennessee Eastman
plantwide control problem, a well-known industrial problem for testing control strategies
in a complex, chemical reacting process (Downs and Vogel, 1993). We illustrate the
development of a neural network predictor for determining the control setpoints in a
supervisory control system for the Tennessee Eastman problem. Section 5.6 gives a

survey of the recent developments of neural networks for process control.

5.2 Data Compression and Filtering

The neural networks used for data compression and data filtering are divided into the two
main categories: signal-processing networks and image-processing networks. Because
image processing is not particularly important to bioprocessing and chemical engineering,

we will not include it in this text. Signal processing, on the other hand, is very important

403



in preprocessing sensor data prior to using them in other prediction algorithms or
process-control strategies. The data-compression capabilities of the neural network
reduce the amount of random noise in the input signal. The neural network also filters
gross errors in data resulting from sensor-malfunctions, drift, and bias. The neural
network approach simplifies noise reduction by replacing the standard procedures of data
rectification, gross-error detection, failure identification, and sensor-value replacement
estimation with a single feedforward network (Kramer, 1991).

The most commonly used neural network for signal processing is the
autoassociative backpropagation network. As described in Section 2.6.A, an
autoassociative network correlates the input pattern with itself and we provide only the
input vector to the network which automatically defines the output vector for the user.
Both the input and output patterns for a signal are represented as vectors having m

incoming data points.
In (m) = Out (m) 5.1

We obtain the input vector, In(m), from process measurements taken over a given time
span defined by m data points. The input signal has three distinct components: a pure
signal (p), measurement noise (n), and measurement errors (e). Thus, we may represent

the input vector as a linear combination of the three components:

In (m) = In (m) + In (m) + In (m) (5.2)
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The objective of filtering a process signal is to map only the pure signal (In (m))
onto the output vector, while removing all measurement noise (In (m)) and measurement
errors (In (m)).

Figure 5.1 shows the standard architecture for a three-layer autoassociative
network (Section 2.6.A) used as a data-compression network, where the vectors In(m),
B(n), and Out(m) represent the input layer, hidden layer, and output layer, respectively.
As shown, the network maps the noisy input vector of m elements onto a smaller
intermediate vector, known as a bottleneck vector having » elements (where m > n). The

smoothed noise-free output vector has m elements.

output signal (smoothed) : Out(m)

T~

\Elden layer (bottleneck) : B(n)

A

input signal (noisy) : In(m)

Figure 5.1 : A three-layer, data-compression network.
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An important consideration in developing a data-compression network is selecting
the optimal compression ratio, discussed in Section 2.6.A. Once again, we define the
compression ratio as the ratio of elements in the input vector () to elements in the

bottleneck vector (n).

compression ratio = % (5.3)

This compression ratio is directly related to the amount of noise eliminated in the process
signal (e.g., higher compression ratios leads to greater noise reduction). We also refer the
reader back to Figure 2.35 which is a standard plot of the RMS error versus compression
ratio used to determine the optimal compression ratio.

Selecting the size of the input vector is also important in developing an effective
data-compression network. The vector size is initially constrained by the sampling
frequency of the measuring device and the overall processing time. These two factors are
fixed for a given processing system and offer no flexibility in network design without
major adjustments to the process or the measurement equipment. We suggest using a
minimum of ten nodes in the input layer with a compression ratio of at least 2.0 for
systems that have a significant quantity of noise.

The data supplied to the network within each input vector should also be as linear

as possible. For nonlinear systems, we may represent the signal as a series of linear
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segments. This is not always possible in practice, but one should make an effort to
minimize the nonlinearity of a given input vector. For example, Figure 5.2 illustrates a

nonlinear input signal divided into seven time segments (t1, t2,.., t7).

tl 2 t3  t4 5 t6 | t7

Response

N

Time

Figure 5.2. The partitioning of a signal into a multiple linear input segments for a
data-compression network.

If the measuring device permits, the time intervals of the input vector should not exceed
those of the seven time segments. If, for example, we double that interval to include both

t1 and t2 in the input vector, the network will have to store increasing linearly, decreasing
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linearly, and parabolic functions within the bottleneck layer. That will require more nodes
in the hidden layer, decreasing the compression ratio and lowering of effectiveness of the
network in performing its primary task - filtering noise. If instead, we maintain an
adequate compression ratio, the network will not be able to retain all the relevant
information in the input signal and will treat the nonlinearity as noise. This will compress
the nonlinear signal, producing a linear representation of a nonlinear region. Further
expanding the time interval to include additional time segments will, naturally, deteriorate
the effectiveness of the network.

Other factors, such as the internal dynamics of the system, can also play a
significant role in network development, particularly when the network is being used for
process control, as in modeling dead time.

Other architectures used in data compression are learning-vector-quantization

networks, self-organizing map networks, and recirculation networks (NeuralWare, 1993).

5.3 Recurrent Networks for Process Forecasting

As mentioned in the introduction, many of the advanced control and optimization
techniques require an accurate time-dependent model of the process. Developing
traditional models based on first principles is typically very time-consuming and it is
difficult to achieve accurate results. It is especially difficult for biological and chemical

processes which normally have large variable sets for processes that are not well
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understood. To bypass many of the problems associated with traditional models, recurrent
networks (Section 2.6.C) have been employed to accurately model the process (Blum et
al., 1992; Raich et al., 1992; You and Nikolaou, 1993).

The standard approach to the neural network modeling of time-dependent
processes uses a "black box" model, which requires no previous knowledge of the system
or process. This type of model utilizes previously recorded input/output processing
patterns to predict future responses to a given set of operating conditions. Since we are
mainly interested in process forecasting in this chapter, we will use a simple process
model, similar to that presented by Blum et al. (1992), to illustrate the prediction of

time-dependent systems.

A. Process Modeling

Figure 5.3 shows the standard process model consisting of three main variable groups: (1)
manipulated variables, u(t) (i =1 to m), (2) measured variables at past time intervals, y,(t)
(j = 1 to n); and (3) predicted response of the process, )A'k (t) (k=1 ton). In the figure,

the arrow passing diagonally through the process model represents the error signal, e (t) =

}A’k (t) - yx(t), used for model development (e.g., network training).
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u(t)

—>  process

trmmng +
N
process model Y >

Figure 5.3. An illustrative model of a time-dependent processing system (Blum et al,,
1992).

The vectors for the four variables, u(t), y(t), )Ar (t), and e(t), consist of m manipulated and

n measured variables, and can be represented as:

(u® ) (y,© ) (3, ®) (e )
u@®)=| o yoO=| o | yoO=| o |e@®)=| o (5.4)
Um(®) Yalt) y, () ea(t)
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The vector for the predicted future responses, 3A7 (t+At), is a function of the
manipulated variables, u(t), and the measured variables at past time intervals, y(t). The
functional operator f () represents the system shown in Figure 5.3, to which we will apply

the neural network.

We represent the functional form of any predicted response variable, )Afk (t+At) (k

=1to n), as:

Vi (AL - -t + DAty = [y1(t - 1A y1(t),,Yalt - SaAD-ya(),  (5.5)

Uyt - 11 AUy (1), Um(t - TmAD-Um(t)]

where At is a fixed time interval, and r; (i=1tom), s;(j = 1ton), and p, (k=1 to n) are

the numbers of time intervals used in the process model for the manipulated variables, the
measured variables at past time intervals, and the predicted future responses, respectively.
Therefore, the total time spans, 1's, for the input and output windows of the manipulated,

the measured, and the predicted variables are:

Tui =Ti- At (i =1tom) (5-6)
T, =sj- At (j=1ton) (5.7
T = P At (k=1ton) (5.8)
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B. Network Architecture

Figure 5.4 shows the standard network architecture for modeling time-dependent
processes. The input vectors, u(t) and y(t), that affect the process forecasting of all
measured variables are included in the input section of the neural network. This section
makes up the first three layers of our network architecture: (1) the individual values for
each input variable at every time period specified within the moving window; (2) the
subnetworks that contains each manipulated and each measured variable as a separate
group; and (3) the subnetwork that contains the group of all manipulated variables and the
group of all measured variables.

The input section proceeds through the hidden layers, which vary in size and
structure based on the nonlinearity of the system. In general, process forecasting requires
at least two hidden layers to obtain good recall and generalization of data sets.

The output layer of the network contains the future predictions of the measured
variables, 9 (t+Af). The number of future prediction time intervals, p,, or time span of the
moving window, 1, is normally based on the specific application. We can use one output
time response for each measured variable, p, = 1 (k = 1 to n) and predict values at many
future times by continually recirculating predicted values to the input layer and making
subsequent predictions. This process will cause i)rediction errors to propagate from one
cycle to the next, resulting in poor long-range forecasting. The alternative is to have the

network predict multiple future time periods for each measured variable, p, > 1 (k=1 to n).
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recurrent loops

Y, (t+AL) o o -’ yl(t+p1A t)je oo Ya (tHAt) e o o yn(t+pnA t)

hidden Layers {1, 2, or 3}

y subnet u subnet
(measured variables) (manipulated vaniables)
| |
Y, subnet A subnet u; subnet u . subnet
y ¢-m ap y,0 Yot -mpat) yu w010 u® ult- 1A B0
t 1 1 1
| |

Figure 5.4. The standard recurrent network architecture for time-dependent process
modeling.

This method reduces the propagation of the prediction error from one time period to the
next, but will also require larger and more complex networks. Therefore, we must be
careful to select the output-vector size to minimize prediction errors, while maintaining an

efficient network.

413



We note in Figure 5.4 that there is a time lag between the output signal 3A/1 (t+At)
and the input signal y,(t) on the same recurrent loop. As mentioned in Section 2.6.C, we
call the recurrent network architecture of Figure 5.4 a time-lag recurrent network or an
externally recurrent network (Werbos, 1988; Su et al., 1992b). In applying neural
networks to modeling an experimental fermentation process, Karim and Rivera (1992a,b),
and Rivera and Karim (1992) employ another class of recurrent network, called zhe
Grossberg-Hopfield recurrent network (Section 2.6.C). The latter is similar to Figure 5.4,
except that the input-output dynamics of each node are governed by a first-order ordinary

differential equation (Pearlmutter, 1989; NeuralWare, 1993).

C. Error Correction

As discussed, one major problem with recirculating predicted values is error propagation.
That is, we may obtain small prediction errors for each single training example, but still
observe large deviations from actual process measurements at processing times in the
future. This is especially true when processing data that do not resemble the training
examples (i.e., when network predictions require extrapolation).

There is a basic method to dampen the error associated with processing data that
require extrapolation. We first assume that the average error between measured values
and predicted values for a fixed number of previously recorded time intervals is constant

throughout the process. This is not always the case, as shown in Section 5.4 where the
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error follows a skewed Gaussian density function, but is normally offset in one direction.
Although more advanced techniques are available for such cases, we will limit our
discussion here to the assumption of constant error. A simple example to illustrate error
dampening uses the average of the ten previously recorded measurements. The average
error, €, is given as:

ews =aVE | ¥, (D -¥, (0, @ @ 5, (19A) -y, (t9AD) | (5.9)

The adjusted prediction, Vi ad; (t+A¥), is represent as :

glk,adj (t+At) = §'k (t+At) + eavg (510)

We must note that this type of error adjustment may not be accurate if the training
examples for the network do not result from a good experimental design strategy, or if
knowledge of the process outside of normal operating regions is limited.

The overall architecture of the neural network in Figure 5.4 is valid for any type of
neural network discussed throughout this book, including backpropagation networks,
radial-basis-function networks, etc. In other words, the function f() can represent any

training algorithm we wish.
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5.4. Illustrative Case Study : Development of a Time-Dependent
Network for Predictive Modeling of a Batch Fermentation Process.

A. Introduction

This case study deals with the process forecasting and modeling of fermentation
processes. As an example, we will consider the batch fermentation process in which yeast
is the primary product and ethanol is a poison produced from the ethanol-tolerant yeast
strain, saccharomyces cerevisiae. Improving process forecasting, process control, and
process optimization techniques of this system can lead to increased production rates and
higher product quality.

Bioreactions are complex chemical systems that are usually nonlinear in nature.
The overall reaction mechanism is much more complicated than that of a nonbiochemical
reaction because of the genetic and enzymatic control mechanisms involved. These
control mechanisms are fundamentally programmed by the DNA sequence of the organism
(Baily and Ollis, 1993; Shuler and Karigi, 1992). The difficulties present in using
conventional numerical techniques for modeling such a complex system makes the neural
network approach ideal.

In batch fermentation, there are four phases of cell growth: induction, growth,
stationary; and death, as illustrated in Figure 5.5 (Fogler, 1992). In the induction phase,
the cells begin to adapt to their new environment and minimal reproduction occurs. Most

of the cell growth occurs in the growth phase, when cells are dividing at their maximum
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rate. The cell growth rate is proportional to the cell concentration in this phase. In the
stationary phase, the cell growth rate is virtually zero due to depletion of nutrients
(organic feed) or crowding of cells. Finally, in the death phase, the cells begin to die and
the growth rate becomes negative as a result of the lack of nutrients or the presence of

poisonous byproducts from the reaction.

A Stationary
Phase Death
/’—\

) 5 Growth Phase
® Phase

s
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—

>
Time

Figure 5.5. The four phases of the batch-fermentation cell growth.

Most predictive techniques for fermentation modeling are based on kinetic studies
using the Monod model or a modified form of the Monod model considering additional

inhibition reactions. We can represent the overall reactior as:
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Glucose (G) + Cells (C) — Ethanol (E) + More Cells (C) (5.11)

where an organic feed or substrate (e.g., glucose) comes in contact with cells to produce
ethanol and more cells.

The operating conditions of the fermentation unit determines the reaction path in
the production of ethanol and cells. For example, under aerobic conditions (i.e., in the
presence of oxygen), cells will be the primary product and ethanol represents a "poison"
that inhibits the cell growth. Under anaerobic conditions, ethanol takes .precedence and

equation (5.11) becomes:

Glucose (G) =3 2.Ethanol (E) + 2-CO; 1 (5.12)

We refer to equation (5.11) as the microbial or cell-growth fermentation and equation
(5.12) as the enzymatic or alcoholic fermentation.

The reaction rate for the Monod kinetic model for a poison-free system is given as:

C1IG
rc=kEIG—]]% (5.13)

where r is the production rate of yeast cells, k is the reaction rate constant, K, is the

Monod constant, [G] and [C] are the concentrations of glucose and cells, respectively.
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When a poison, such as ethanol, is included in the model, the reaction rate is given as

(Levenspiel, 1980; Mairolle et al., 1983, 1984) :

_+f7.IE1 )" ICI1[G]
Ie k[l [E],j Gl K, (5.14)

where [E] is the concentration of ethanol and [E]" is the limiting ethanol concentration at
which no cells are present, and n is an empirical parameter for poison limitation.

Monod types of models only account for the initial concentrations of cells,
glucose, and ethanol in predicting the reaction path. Moreover, Monod models include all
operating conditions of the fermentation unit within empirical parameters (e.g., k, K,,, and
n) that must be experimentally determined. Therefore, the model cannot account for

changes in operating conditions during a process without adjusting those parameters.

B. Objectives and Tasks : Predictive Modeling of Batch Fermentation

We wish to develop a time-dependent network for the predictive modeling of batch
fermentation using saccharomyces cerevisiae. To do so, we will use a hybrid system,
linking three different types of networks, for process forecasting. First, an autoassociative
backpropagation network for data compression and filtering will smooth a continuous
cell-concentration signal. A radial-basis-function classification network will then identify

the four phases of the fermentation process (induction, growth, stationary and death
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phases). Finally, a recurrent time-dependent network attached to the growth-phase output
signals will forecast future cell concentrations. We will also incorporate a Taguchi-based
experimental design technique (Taguchi, 1986) to carry out pilot-scale, batch
fermentations for a wide range of initial cell concentrations, initial glucose concentrations,
temperatures, pH values, agitation rates, and aeration rates.

Our goal is to develop a realistic network structure that includes the primary
manipulative variables of the process in addition to the feed and product concentrations.
We will utilize a moving-window network structure for time-dependent processes to track
the fermentation as it proceeds. This recurrent network structure also provides a
mechanism for predicting the response to setpoint changes or ramping variations in any of
the manipulative variables during the process. Therefore, we can perform rapid process
optimizations for any desired output. In addition, the network can be used in conjunction
with an adaptive control algorithm to maintain desired levels of a given product. The
framework of the network developed here can easily be expanded to fed-batch processes
and other bioconversion processes.

Table 5.1 identifies the main control and measured variables used in fermentation
processes as represented by Endo and Nagamune (1987) in their development of an expert
system. The controlled variables are divided into setpoint control and optimal control
based on standard operations. The pressure, pO,,, aeration rate, and agitation rate are

controlled at a setpoint determined from their optimal response. The temperature, pH
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value, and feed rate are controlled based on their optimal conditions at any given time in

the process.

Table 5.1 : Standardized measured and control variables in the
characterization of fermentation processes (Endo and Nagamune, 1987).

Measured variables

temperature

pressure
pH-Value
dissolved oxygen content

aeration rate
aAgitation rate
pO, in

pO, out

pCO, in

pCO, out
working volume

torque
turbitity on-line
product concentration on-line

substrate concentration on-line

specific rates on-line

Controlled variables

temperature optimal control

pressure setpoint control
pH value optimal control
pO, in setpoint control

aeration rate setpoint control
agitation speed setpoint control
feed rate optimal control
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Our network structure will consist of four control variables and two measured
response variables. The control variables are temperature, pH, aeration rate, and agitation

rate, but can easily include pressure, pO, ., and feed rate as well. The temperature, pH

2,in>
value, agitation rate, and aeration rate will be set in our experimental design strategy
(Section 5.4.C.2). The pressure and pO,,, will be set at normal operating levels and the
feed rate does not apply to a batch system. The measured response variables consist of
the glucose and the cell concentrations. The initial concentrations of substrate and
product are fixed at the values defined in our experimental design strategy. We do not
measure ethanol concentration directly in our experiments, but it appears indirectly within
the network's nodes as a function of the given manipulative variables and the cell-growth
response curve. Future work should include ethanol concentrations, especially when
operating under anaerobic conditions. The dissolved oxygen content can also be added

easily to the network, although the agitation and aeration rates adequately define the

dissolved oxygen operating levels.

C. Experimental Approach and Results

1. Experimental Set-up

Figure 5.6 shows the schematic diagram of the fermentation unit and control system used

in our experiments. A Camile controller (Dow Chemicals) monitors and controls this
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process. The pressure, aeration rate, and agitation rate are set in the controller for each
run. The pH and temperature are monitored by sensors and controlled by PID control
algorithms. A stepper motor controls the pH using acid/base additions. To maintain the
defined temperature profile, the fermentation unit is jacketed with water flowing in contact
with steam and cooling water . The dissolved oxygen content is monitored on-line and
recorded by the Camile system. Spectrophotometric methods and off-line test kits

monitor the cell concentration and glucose concentration, respectively.

©
glucose
solution @

¢ ¢ g—— heating

* and
water control
system

dissolved oxygen sensor
temperature sensor

— 1]
—1 ]
—{ 1 cell counter
— ]

H sensor
acid base P

Figure 5.6. A schematic diagram of the fermentation unit and control system .
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The fermentation process is carried out in 20-liter batches of deionized water. The

following formulation is used to provide the required energy sources and nutrients:

Glucose : 50, 75, and 100 grams/liter
Yeast Extract : 3.0 grams/liter
Peptone ;5.0 grams/liter
Dextrin : 0.25 grams/liter
Maltose . 1.13 gram/liter
Agar : 1.33 grams/liter

2. Experimental Design Strategy

Our experimental design strategy focuses on a preliminary design that includes
experimental conditions listed in Table 5.2 spanning the entire feasible operating range for
both the cell-growth fermentation, equation (5.11), and the alcoholic fermentation,
equation (5.12). Our broad-based experimental design attempts to avoid extrapolation
problems associated with having fermentation conditions outside of normal operating
conditions. If only normal operating conditions are used to train the neural network, the
network will not function well during process drifts or abnormal conditions. Future work
should include a secondary design that is targeted around the desired process operating
conditions. We highly recommend this multiple-tiered design strategy for neural network
modeling of processes that are not presently on-line with a large database. Figure 5.7
shows a 3-dimensional feasible process operating region and the normal operating

conditions, with both the preliminary and secondary design areas identified.

424



upper limit -3

broad-based normal
preliminary operating
design conditions:
N secondary .-
design .~

X
> 1

lower limit

X,X ,X

qpﬁér limit
72273

%{ ) upper limit

Figure 5.7. A 3-dimensional feasible operating region and the desired operating region.

We begin by combining two Taguchi's L, (3*) designs to obtain six experimental
categories for the fermentation process, with temperature and pH orthogonal to the other
four properties (Taguchi, 1986). We then expand this design after obtaining preliminary
results, producing the experimental design shown in Table 5.2. Next, we set the six
processing variables, including two initial conditions (glucose and cell concentrations) and
four manipulative variables (temperature, pH-value, agitation rate, and aeration rate), at
three different levels each within the feasible operating regions. We also modify the
aeration rate category after beginning the experimentation to include anaerobic operating

conditions (aeration rate equals 0.0 Nm’/hour).
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Table 5.2. The experimental design for fermentation processes.

Initial
Trial number | glucose | Initial cell | Temperature pH Agitation rate | Aeration rate

A B C D E F
1 A2 B3 c3 D2 E3 F4
2 A3 B2 c2 D1 El F4
3 Al B3 cl D1 El F2
4 A2 B3 C3 D3 E2 F3
5 A3 Bl Cc2 D3 E2 F2
6 Al Bl Cc3 D2 El F1
7 A2 Bl c2 D3 E3 F1
8 Al Bl Cl D1 E2 F1
9 A3 Bl Cc2 D2 El F1
10 A2 B2 C3 D1 E3 F1
11 Al B2 Cl D3 E3 F3
12 A3 B2 C3 D2 E3 F3
13 A2 B3 c2 D1 El F2
14 A3 B2 Ccl D3 E3 F2
15 Al B3 C3 D2 E2 F4

Al: 50g/1
A2: 75gl
A3 : 100 g/l

. Temperature

Cl: 25°C
C2:30°C
C3:35°C

. Agitation rate

El: 200 rpm
E2: 400 rpm
E3: 600 rpm

A : Initial glucose concentration

B : Initial cell concentration
B1:[C],< 030 g/

B2 :0.30 <[C], < 0.46 g/l

B3: [C], > 0.46 g/l

D: pH
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D1: 35
D2: 45
D3: 55

F: Aeration rate

F1 : 0.0 Nm'’/hr
F2 : 2.0 Nm’/hr
F3 : 3.5 Nm’/hr
F4 : 5.0 Nm’/hr




Table 5.3 compares our work with reported applications of neural networks to
fermentation studies in terms of fermentation type, neural network architecture, and
network training database. Our work improves upon reported studies by having a
broad-based experimental design, considering both cell-growth and alcoholic

fermentations.

Table 5.3. Comparison of this work with reported applications of neural
networks to fermentation studies.

Fermentation | Neural network Training
Investigators type architecture database Remarks
Bocherean et al. (1991) alcoholic recurrent I' experimental
Clearn et al. (1991) alcoholic propagation experimental
DiMassio et al. (1991) alcoholic backpropagation industrial filter dynamics
included®
Glassey et al. (1992) alcoholic backpropagation simulated filter dynamics
included
Karim and Rivera alcoholic backpropagation | experimental
(1992a,b) and recurrent I’
Kurtanjek (1994) alcoholic backpropagation | experimental
Lant et al. (1990) alcoholic backpropagation | experimental
Latrille et al. (1990) alcoholic backpropagation | experimental
Linko and Zhu (1991) alcoholic backpropagation simulated
Linko and Zhu (1992) alcoholic recurrent I simulated
Syo and Tsao (1993) cell-growth backpropagation | experimental
Linko and Zhu (1992) cell-growth backpropagation simulated continuous reactor
DiMassio et al. (1992) call-growth backpropagation industrial filter dynamics
and alcoholic included
This work call-growth backpropagation | experimental | data compression
and alcoholic and recurrent I and growth-phase
identification
included

a Recurrent I = time-lag or externally recurrent network.

b First-order filter included to represent network dynamics.

¢ Recurrent II = Grossberg-Hopfield recurrent network (Section 2.6.E).
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3. Experimental Results and Data Files

Figure 5.8 presents the smoothed cell-growth curves obtained from our fifteen

experiments. The cell concentrations range from plateaus of approximately 5 to 25

grams/liter.

Cell Concentration (g/1)

60

Time (hours)

Figure 5.8. The cell-growth curves for fifteen experimental runs in the growth phase.

The complete set of experimental results used for training the network is provided
in file ferm.nna. Table 5.4 lists the fourteen input variables and one output variable

supplied to the network according to input file column. All variables in the data file are
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