_ JELENKA B.
SAVKOVIC-STEVANOVIC

Faculty of Technology and
Metallurgy, Belgrade

SCIENTIFIC PAPER

510.644:66.013.004.64

Neural computing is one of the fastest growing
areas of artificial intelligence. A neural net consists of a
number of connected processing units of neurodes,
each of which performs a non-linear transformation on
its inputs. Often the neurodes are organized into distinct
layers, input, hidden or associative, and an output layer
[1-3[.

Since a non-linear governing relationship can be
handled by neural nets, the nets may offer a cost
effective approach to modeling chemical process
systems [4-7]. Modern chemical plants are highly
complex. This, coupled with quick diagnosis, rules out
exclusive reliance on human operation for diagnosis.
Only a few knowledge based expert system — KBES
approaches have been proposed in the literature for
automated fault diagnosis.

However, the rapid deployment of these systems
has been difficult to achieve due to certain inherent
limitations associated with current KBES. These
limitations include the tedious nature of knowledge
acquisition, the inability of the system to learn or
dynamically improve its performance and the
unpredictability of the system outside its domain of
expertise. A potential solution to these problems is the
use of neural networks as demonstrated in recent
papers [8-10].

The application of artificial neural networks to
process engineering problems, notably malfunction
diagnosis, has been discussed in papers [10-13].

The purpose of this paper is to illustrate an artificial
neural network application for fault detection and
diagnosis. The effect on incomplete and uncertain
process symptom data such as sensor faults was. A
reactor distillation column for the reaction esterification
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CHEMICAL PLANT FAULT DIAGNOSIS
BY NEURAL NETWORKS

An analysis of learning and generalization characteristics of neural networks
for diagnosing process failures was presented. Various feedforward neural
network topologies were tested and compared. The single fault assumption
was relaxed to include multiple causal origins of the symptoms. A chemical
plant composed of a reactor and a distillation column was used as a case
study. The performance during recall improves at first with an increase in the
number of hidden units and with the amount of training, and then aftains
convergence. The algorithm of the Generalized Delta Rule (GDR) was used to
train the networks by minimizing the sum of squares of residual according to
the given convergence criterion. The obtained results show the applicability of
the neural networks structure with hidden layers for process fault diagnosing.
These results illustrate the feasibility of using neural networks for fault
recoghnition and location.

of acetic acid with ethanol was investigated as a model
chemical plant.

NEURAL NETWORK TRAINING

Artificial neural networks are composed of many
simple computational elements; nodes, locally
interacting across very low bandwidth channels,
connections. The architecture of these models is
specified by the node characteristics, network topology
and learning algorithm.

Neural architectures are based on a common
computing or threshold logic unit, TLU, shown in Fig. 1,
with models associated with concepts and are weights
representing similarity. The implementing element, TLU
consists of a single concept node, all of the inputs
signals, and an output signal. The TLU computes the
W-X-T function for a series of X imputes and the unit
threshold characteristic T.

Because these units implement a linear surface
within some multiple measurement spaces, they can be
corrected to form multiple surfaces that portion space
into different decision regions.

Training, or modification of the decision surface so
that it maintains consistency with some know
phenomenon, is realized by adjusting the weights and
threshold to ensure that the appropriate unit activates for
representative samples of a given population.

Although a network system readily supports
automated learning, the link between learning and

i

Figure 1. Threshold logic unit
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parsimony is the development of a structure for
characterizing an active goal hierarchy that represents a
logical and coherent cognitive theory within some world
model. This neural architecture (Figure 1) consists of
there unit types: input units, internal units and output
units. Input units are either facts of state conditions.
Within the context of the simulation, inputs are the data
base and are derived from the outcome of previous
events. Internal units are located between the set of
input units and the set of output units. Within the context
of a production system, these units constitute the
knowledge base. The output units are events to be
scheduled.

The neural network structure is denoted as (I x H x
0O), where H, O, and | represent the number of units,
respectively. Although there has been some research on
the design of optimal neural network of NN structure, it
is still largely an art to determine the number of hidden
layers and number of units in each hidden layer.

The backpropagation training algorithm has been
used successfully in training the neural network for wide
applications. Backpropagation of the algorithm adjusts
the weights in a feedforward neural network consisting
of several layers, and an output layer. The goal is to
teach the network to associate specific output states,
called target states, to each of several input states.
Having learned the fundamental relationships between
the inputs and outputs, the neural network can produce
the correct output for a new, previously unseen input.
The back propagation learning algorithm does not need
too much computation time to obtain the correct
weights, if the training data is small in size. In other
words, if the relationship between the inputs and outputs
is simple, a set of weights is easy to obtain. Most often
for complex problems the relationship between the
inputs and outputs cannot be completely represented
with a small number of training data sets. Therefore, the
computation time required by backpropagation is very
large.

Training a Feedworward Neural Network

A popular configuration of networks for
backpropagation is a totally feedforward net [10, 15]. In
feedfoward nets inputs feed up through layers to an
output layer. Each neuron forms a weighed sum of the
inputs from a previous layer to which it is connected,
adds a threshold value and produces a non-linear
function of this sum as its output value (Figure 1). The
output value serves as the input to the next layer to
which the neuron is connected and the process is
repeated until values are obtained for the neurons in the
output layer. Thus, each neuron performs

YP =1 Ewipd - ) M

where wjj is the weight from neuron i to neuron j, wjj can
be a positive or negative real number, and 6 is the
threshold of the j—-th neuron, p means the p-th pattern.

The f(x) is a non-linear activation function that is often
chosen to be a sigmoidal form:

f(x) = (0.5) (1 +tanh(x)) )
is used in this analysis where tanh is the hyperbolic

tangent. If df are the desired outputs and y sub i sup p
are the outputs obtained from the output layer for the
p-th pattern, neural nets are trained by minimizing the
error function

E=s5 @ -yP)? 3

where i indexes the number of neurons in the output
layer, and p means the p-th input pattern of the
presented training set of the input layer
Backpropagation by the generalized delta rule, a kind of
gradient descent method is one popular method [2-5,
10, 12, 13]. The gradient descents method is described
by the following egns (4) — (9).

The commonly used steepest descents procedure
in minimizing E is to change wj and 6; by Awjj and Af;
where

oE
AW'] - aWu n (4)
oE
NG =— 5
i 2, n ()

where 1 is the learning rate.
After simplification Awjj and ABj can be expressed

as
Awij=-nZFyf ©®
08 =-nz& @)
where
p P PP
g =@r-yp)y (1-y)p ®)
if the j-th neuron is the output layer, and
p_. P p p
& =vi (1-yi)Z o Wi ©)

if the j-th neuron is the hidden layer and k is the number
of neurons in the layer above neuron j (Figure 2).
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Figure 2. Backpropagation at the error signal

THE BACKPROPAGATION ALGORITHM WITH THE
GENERALIZED DELTA RULE

Network training aims at achieving the least of

errors, the errors measured as the difference between
the calculated output and the desired output. In this
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investigation the back propagation algorithm by the
generalized delta rule — GDR method (Figure 3) was
used to calculate the weights in the neural networks.

Step 1. Assign all neuron offsets (thresholds) to
small random values: 6;
Step 2. Assign all weights to small random values: wij
Step 3. Repeat
Jor p=1to TP (TP is total number of
training patterns)
Jor j=1 to n2 (n2 is the number of neurons
in the hidden layer)
calculate neuron outputs in the hidden layer
: yj endfor
Jor k=1 to n3 (n3 is the number of neurons
in the output layer)
calculate neuron outputs in the output layer:

Yk calculate ok

ofp = o) + o)

end for
Jorj=1ton2and k=1 to n3

wiP) =wE D + Anlp)

end for

Jor j=1 to n2 calculate 6}3
eJ(P) = gj(P—l) + Agj(p)

end for
Jori=1tonl and j=1to n2 (nl is the
number of neurons in the input layer)

wiP) =wif D + Awdp)

end for
end for
until w < & (€ is the convergence criferion)

Figure 3. The back propagation GDR algorithm

FAULT DETECTION AND DIAGNOSIS EXAMPLE

Modern chemical plants are extremely complex
which makes them susceptible to equipment
malfunction and operator error. The complexity hampers
the operator’s ability to diagnose and eliminate potential
process upsets or equipment failures before they can
occur. Hence, a continuing problem is how to use the
process state vector at each time increment to make or
aid decisions about possible action or control. The study
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of fault detection and diagnostics is concerned with
designing systems that can assist the human operator in
detecting and diagnosing equipment faults in order to
prevent accidents.

In order to analyze the learning and generalization
characteristics of neural networks for process fault
diagnosis in a steady state process, the following
example was investigated (Figure 4). The test problem
consisted of diagnosing faults for a model chemical
plant composed of a reactor and distillation column for
the reaction esterification of acetic acid with ethanol. The
reactor effluent stream containing a mixture of acetic
acid, ethanol, ester and water is fed into the distillation
column where it is separated into a distillate stream
containing 78% of the ester and a bottoms stream
containing 22% of the ester [16]. The column is provided
with controllers that control the overhead and bottoms
product compositions by manipulating the reflux rate R
and the vapor boilup rate V, respectively. Table 1
presents the selected faults that can occur in the
augmented plant of Figure 4.

Table 1. Selected malfunctions for a model chemical plant

Malfunction (fault) Symbol
High flowrate of ethanol at the reactor inlet F1
Low flowrate of ethanol at the reactor inlet F2
High flowrate of acetic acid F3
Low flowrate of acetic acid F4
High concentrate of ethanol at the reactor inlet F5
Low concentrate of ethanol at the reactor inlet F6
High concentrate of acetic acid F7
Low concentrate of acetic acid F8
High temperature of the reactor inlet F9
Low temperature of the reactor inlet F10
Bottom composition controller failure F11
Distillate composition controller failure F12

Figure 4. The chemical plant of a reactor—distillation column
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The measurement patterns required for training
and testing the neural network were obtained from
simulation programs that model the behavior of the
plants. Various malfunctions were simulated and the
new steady state measurement patterns obtained were
used to train the network.

The variables causing malfunction are the inlet
flowrate, inlet temperature and the inlet concentration of
reactants. Here also, deviations beyond + 5% of the
normal value of these variables are assumed to result in
F2, a malfunction of the plant. Deviations within the + 5%
threshold are assumed not to perturb normal plant
operation. In addition, the bottoms and overhead
product composition controllers can fail.

The neural network employed in this case has 12
output nodes corresponding to the 12 possible
malfunctions. The state variables characterizing this
plant are the concentration of ethanol at the reactor inlet
c1, the concentration of acetic acid at the reactor inlet ¢z,
the reactor effluent temperature T, the reactor holdup V,
the reactor outlet flowrate of feed rate to distillation
column F, the reflux rate R, the vapor boilup rate Vg, the
bottoms flow rate B, The distillate flow rate D, the
bottoms product composition Xg, and the distillate
product composition Xp is expressed in terms of the
mole fraction of ester.

Initialy a network with 11 input nodes
corresponding to the state variables c1, c2, V, Xp, Xg, F,
R, Vg, B and D was chosen for training. The NN with 11
input units, 12 output units and 6 hidden units is shown
in Figure 5. Table 2 indicates the 13 unnormalized
measurement patterns were used to train the network.
This network failed to recall the first 10 malfunctions
correctly after 15000 iterations.

Table 2. Measurements patterns used for training networks

Fg Fll] Fll Fl2

I0dden
layer

STATE VARIABLES

Figure 5. The neural network NN (11x6x12)

Findly, three multiple faults were simulated, as well
as the ability of the network to correctly identify these
malfunctions.

Networks with various numbers of hidden units
were explored. The root mean square error during
training was between 0.005 and 0.358. The learning
rage n = 0.9 was used.

CONCLUSIONS

In this paper the usefulness of neural network
application in automated fault diagnosis was
demonstrated. It shows how neural networks are
successful in diagnosing singe faults in the case study
of distillation with reaction esterification of acetic acid
and ethanol. Performance during recall improves at first
with an increase in the number of hidden units and with
the amount of training, and then attains convergence.

In order to extend the applicability of the model,
the ability of the network trained on single faults was to
diagnose multiple faults.

No Fault c1 c2 T A R Va Xp X8 D B
1 F1(+15%) 0.575 | 0.500 | 350.5 3.55 3.25 4.10 5.99 0.780 | 0.2200 1.75 1.50
2 F2(-15%) 0.515 | 0.525 | 349.0 3.50 3.00 3.95 5.50 0.780 | 0.2200 1.55 1.45
3 F3(+15%) 0.577 | 0.575 | 351.3 3.53 3.15 4.00 5.65 0.780 | 0.2200 1.65 1.50
4 F4(-15%) 0.525 | 0.457 | 347.0 3.52 3.10 3.95 5.55 0.780 | 0.2200 1.60 1.50
5 F5(+15%) 0.585 | 0.515 | 3525 3.54 3.13 4.50 5.60 0.780 | 0.2200 1.61 1.52
6 F6(-15%) 0.485 | 0.535 | 3465 3.54 3.17 3.93 5,63 0.780 | 0.2200 1.70 1.47
7 F7(+15%) 0.530 | 0.580 | 350.0 3.56 3.05 3.74 5.52 0.780 | 0.2200 1.78 1.27
8 F8(-15%) 0.570 | 0.495 | 349.8 3.55 3.10 3.94 5.59 0.780 | 0.2200 1.65 1.45
9 FO(+15%) 0.574 | 0.537 | 350.1 3.54 3.23 4.21 5.95 0.790 | 0.2150 1.74 1.49
10 | F10(-15%) 0.482 0.499 | 349.0 3.53 3.03 3.97 5.60 0.770 | 0.2000 1.63 1.40
11 F4 and F8 0.525 | 0.485 | 349.5 3.54 3.16 4.09 5.75 0.788 | 0.2100 1.66 1.50
12 | F5and F9 0.560 | 0.510 | 350,0 3.49 3.08 4.08 5.80 0.785 | 0.2199 1.72 1.36
13 | F1 and F11 0.550 | 0.505 | 348.1 3.52 3.19 4.10 5.89 0.787 | 0.2050 1.79 1.40

V, E R, Vg, B, D, (mol s7); T(K); c1, cz (mol/em®); Xp, X (mol/mol).
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Changes in plant configuration necessitate
retraining of the neural network, which is simpler than
revising the complex knowledge base of an expert
system. Another advantage of neural networks is their
robustness and resistance to input noise.

NOTATION

B — bottoms flow rate, mol s
c1 — concentration of ethanol at the reactor inlet, moI/cm:3
cz2 — concentration of acetic acid at the reactor inlet, moI/cm:3
— desired output
— minimizing error function
— malfunction
- reflux rate, mol s
— temperature, K
reactor holdup, mol/s
G —vapor boilup rate, mol s
B - bottoms product composition, mol/mol
p - distillate product composition, mol/mol
X —input
y — calculated output
w  —weight of each branch

X X< < 4T TMmMmOo

Greek Symbols

) — parameter

n — learning rate

0 — threshold

3 — convergence criteria
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Data je analiza procesa uéenja i karakterizacije neuronskih mreza za dijagnos- Kljuéne reci: Analiza rizika « dija-
tiku hemijskih procesa, testirane su i poredene razli¢ite topoloske strukture gnostitka neuronska mreza ¢ algo-
neuronskih mreza. Pretpostavljajuéi jedan kvar uvode se i analiziraju viSestru- ritam opsteg delta pravila ¢ analiza
ki uzroci simtoma. Kao primer za ispitivanje posmatrano je hemijsko postroje- simptoma i uzroka poremecaja

nje koje se sastoji od reaktora i destilacione kilone. Performanse neuronske Key words: Risk analysis ¢ Neural
mreze se pobolj§avaju, pre svega poveéanjem broja meducvorova i treninga, networks ¢ Fault diagnosis by ne-
da bi se na kraju postigla konvergencija. GDR algoritam opsteg delta pravila ural networks ¢ Fault locator.

je koristen za treniranje mreze prema datom konvergentnom kriterijumu.
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