Artificial Intelligence for Engineering Design, Analysis and Manufacturing (2005), 19, 49-57. Printed in the USA.

Copyright © 2005 Cambridge University Press 0890-0604/05 $16.00
DOI: 10.1017/S0890060405050055

PRACTICUM PAPER

Engineering industry controllers using neuroevolution

NABIL M. HEWAHI

Computer Science Department, Islamic University of Gaza, Gaza, Palestine

(RECEIVED June 11, 2004; AccepTED February 2, 2005)

Abstract

Neuroevolution, or evolving neural networks with evolution algorithms such as genetic algorithms, is becoming one of
the hottest areas in hybrid systems research. One of the areas that become under research using neuroevolutions is the
controllers. In this paper, we shall present two engineering controllers based on neuroevolutions techniques. One of the
controllers is used to monitor the temperature and humidity in an industry. This controller is having a linear behavior.
The second controller is concerned with scheduling parts in queues in an industry. The scheduling controller is having
a nonlinear behavior. The results obtained by the proposed controllers based on neuroevolution are compared with
results obtained by traditional methods such as neural networks with backpropagation and ordinary simulation for the
controller. The results show that the neuroevolution approaches outperform the results obtained by other methods.
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1. INTRODUCTION

One of the interesting increasing research areas in the
current years is the combination of genetic algorithms and
neural networks. One of these combinations is the neuro-
evolutions. Neuroevolution is the artificial evolution of neu-
ral networks using genetic algorithms. Neuroevolution has
proven very high capabilities in various applications and in
reinforcement learning tasks (Law & Miikkulainen, 1994;
Drake & Smith, 1996; Agogino et al., 2000; Nolfi & Flore-
ano, 2000; Conradie et al., 2002; Nolfi & Parisi, 2002; Stan-
ley & Miikkulainen, 2002; Fan et al., 2003; Gomez, 2003;
Gomez & Miikkulainen, 2003, 2004). In difficult real-
world learning tasks such as controlling robots, playing
games, or pursuing or evading an enemy, there are no direct
targets that would specify correct actions for each situation.
In such problems, optimal behavior must be learned by
exploring different actions, and assigning credit for good
decisions based on sparse reinforcement feedback. Compar-
ing neuroevolution to the standard reinforcement learning,
neuroevolution is often more robust against noisy and incom-
plete input, and allows continuous states and action natu-
rally. Much of the research in neuroevolution is on control
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tasks such as pole balancing and mobile robot control (Law
& Miikkulainen, 1994; Nolfi & Floreano, 2000; Nolfi &
Parisi, 2002; Gomez, 2003). In most of the mobile robot
experiments, robots are stable in the sense that in the absence
of a control signal the robot will either stay in the current
state or quickly converge to a nearby state. This makes the
robot to perform most competently in the real world as long
as its behavior is preserved qualitatively after transfer. This
is not the case with many systems such as plants, aircraft,
and rockets, which are inherently unstable. In such environ-
ments, the controller must continuously output a precise
control signal to maintain system equilibrium and avoid
failure. Therefore, controllers for unstable systems may be
less amenable to techniques that have worked for transfer
in robots. We list here some of the work done using neuro-
evolution concerned with control tasks. Law and Miikku-
lainen (1994) investigated the use of simulated robotic agents
with neural network processors as part of a method to ensure
grounding. Both the topology and weights of the neural
networks are optimized through genetic algorithms. The
experiments show that the agents evolved a wall-following
control strategy and were able to transfer it to novel envi-
ronment. Gomez (2003) proposed a method called enforced
subpopulation (ESP) for evolving recurrent neural network
controllers (Gomez, 2003; Gomez & Miikkulainen, 2004).
ESP has been tested on the most difficult version of the
pole-balancing problem. ESP has shown to be significantly
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more efficient and powerful than other methods on these
tasks. Fan et al. (2003) proposed a method called rule-
based ESP (RESP) for utilizing prior knowledge evolving
artificial neural networks (ANNSs). This methods is based
on ESP. RESP used KBANN (Towell & Shavlik, 1994) to
convert domain knowledge into ANN, and then evolved the
ANN further with ESP. RESP outperforms the ESP (Fan
et al., 2003). RESP was tested in the task of evolving a
successful strategy for the predator in the prey capture task.
To accomplish the task, a predator, moving through a sim-
ulated environment, must be able to apprehend a prey within
a fixed number of time steps (Fan et al., 2003).

Stanley and Miikkulainen (2002) presented a method
called neuroevolution of augmenting topologies (NEAT),
where it outperforms the best fixed-topology methods on a
challenging benchmark reinforcement learning task such as
pole balancing and mobile robot control. NEAT incremen-
tally elaborates structure in a stochastic manner from a min-
imal starting point. Smaller structures optimize faster, so
NEAT is able to find solutions faster than other neuroevo-
lution methods.

Agogino et al. (2000) claim that using standard neuro-
evolution, the network that best solves the task after choos-
ing it among a population of networks do not handle real-
time interaction very well. A method is proposed to evolve
feedforward neural network online to create agents that
improve their performance through real-time interaction.
The proposed method is demonstrated in a game world, and
it has been shown that its performance outperforms other
techniques.

Conradie et al. (2002) proposed a neuroevolution control
system for chemical and metallurgical industries. The con-
trol system has to maintain the process changes such as
flow disturbances and sensor noise. A method called the
adaptive neural swarming (ANS) is proposed. Using an
existing neural network controller as a starting point, ANS
modifies the network weights through particle swarm opti-
mization. The ANS method was tested in a real-world task
of controlling a simulated nonlinear bioreactor. ANS was
able to adapt to process changes while simultaneously avoid-
ing hard operating constraints.

Gomez and Miikkulainen (2003) proposed a method for
evolving a network guidance system using the ESP. Based
on a detailed simulation model, a controller is evolved for a
finless version of the interorbital systems RSX-2 sounding
rocket. The results show that the evolved active guidance
controller can greatly increase the final attitude of the rocket,
and that ESP can be an effective method for solving real-
world, nonlinear control tasks.

Zhou and Chen (2003) presented a method to evolve fault-
tolerant neural networks. The genetic algorithm is used to
help improve the tolerance of feedforward neural networks
against open fault. This method is efficient because the time
cost for evolving is about two or three orders less than that
spent in training the networks. The main advantage of the
proposed algorithm is that it does not explicitly add redun-
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dancy to the network or modify the training algorithm, which
makes it applicable to diverse kinds of neural networks
(Stanley & Miikkulainen, 2002).

Florian (2004) evolved controllers with both fixed and
variable topology networks. A fully connected spiking neu-
ral network of 125 neurons was evolved. This permitted a
simple agent to alternatively push the six balls in its
environment.

The rest of this paper is organized as follows. In Sec-
tion 2, the research goal and the approaches to be used are
explained. In Section 3, the models to be tested under the
proposed system are presented. In Section 4, the experimen-
tal results are discussed. Finally, in Section 5, main contri-
butions of this paper are summarized and several issues for
future works are indicated.

2. RESEARCH GOAL AND APPROACH

Our main goal in this research is to use the neuroevolution
approach to control industries that work in real time. This
paper basically shows how the neuroevolution technique
can work as an industry controller to improve the whole
system performance. This is done by applying an existing
neuroevolution approach to be as an industrial controller
and comparing the results with other well-known approaches
(i.e., neural networks and simulation method). Because the
ESP approach (and extensions of it) has been tested with
various applications and proven its good performance, we
choose it to be our approach for all sorts of problems (indus-
trial problems) that have not been tested before with it. As
noticed in the given background, most of the developed
controllers are not concerned with industrial behaviors. We
try in this paper to investigate and explore the ability of
neuroevolutions in another application that has not been
widely tested. To show our scheme performance, we apply
it on two models. The first model is working as a linear
function to control the temperature and humidity in an indus-
try by increasing or decreasing its level based on the system/
industry behavior (the temperature and humidity should
always be moderate). The second model works as a nonlin-
ear function to control scheduling in an industry. The indus-
try has two queues for two machines that can manufacture
different or the same parts. These two models will be
explained in detail in the next section. In both the models,
we have two neural networks: one to simulate the plant, and
the other to control the plant. Figure 1 shows the general
structure of any of the models.

Neural net
controller for
the industry

Neural net
simulator for
the industry

Fig. 1. The general structure to be used.
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In both the models we use the following strategy:

1. First, construct a neural net to work as the industry
simulator. Training of the net is done using back-
propagation.

2. At random construct n number of controller neural
nets. This is done by choosing random weights for
each controller net. The input layer of the controller
neural net consists of the input units to be controlled
such as temperature or humidity. The inputs of the
controller neural net is the output of the industry or
the simulated neural network. The output layer of the
controller neural net consists of the actions that should
be as inputs for the industry (or the simulated neural
net) to get the new temperature and humidity as an
example.

3. For each neural net used for control, its weights are
coded as one chromosome as shown in Figure 2.

4. Do steps 5—6 n times.

5. For each neural net working as a controller, the sys-
tem is tried for m number of times (cycle: from the
simulator to the controller and vice versa) and its fit-
ness value is computed.

6. Apply the genetic operators on the chromosomes. The
applied genetic operators are
6.1. Crossover: two good chromosomes are chosen at

random and two point crossover is applied. Two
new nets will be produced.

6.2. Mutation: a chromosome is chosen at random in
which we choose randomly a weight that is
increased or decreased with a small real value.

6.3. The offspring is tried with the system for several
iteration and its fitness value is computed.

6.4. Replace the obtained chromosomes (through the
genetic operators) with other chromosomes that
are less in fitness than them.

7. Choose the chromosome with the highest fitness value
to work as a controller for the system.

The reason behind coding the neural net in the way shown
in Figure 2 is that it is the simplest way of coding and to
make the easy application of genetic operators. This way of
coding is the way used with ESP, which has proven good
performance in various experiments. Another coding could
be for each net; there are three different chromosomes: one
for the input layer, the second for the hidden layer, and the
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last for the output layer. This makes the system implemen-
tation more complex even in genetic operators applications,
but more useful than the first approach in cases where there
is a good intuition (and not only randomness) about the
starting weights of the neural net (for all the layers). Another
way of coding could be the one used by NEAT, which has
also proven a better performance than ESP in many exper-
iments. NEAT coding is more complex than the one used in
ESP. In NEAT, each genome includes a list of connection
genes, each of which refers to two node genes being con-
nected. Each connection gene specifies the in-node, the out-
node, the weight of the connection, whether or not the
connection gene is expressed, and innovation number, which
allows finding the corresponding genes during crossover.

The genetic operators used are as those used with ESP
and proven good performance. The crossover that is used is
the two-point crossover (in ESP, this crossover is a one-
point crossover), which, in general, will eventually give the
same results as the one-point crossover or better, but the
two-point crossover is used to give more opportunity to
perform weight exchanges between the same layers in the
two chosen nets (this is not very important in our case, but
good to have it if possible). The mutation is exactly the
same as used in ESP where the chosen weight is increased
or decreased by a small real value.

3. THE MODELS

To observe our strategy on industries based on real-time
systems, we applied it on two models. The first model is
called a temperature—humidity controller, and the second
model is called a scheduling controller. The first model is
based on a linear function, whereas the second model is
based on a nonlinear function. The two different models
have been selected not only because they are different in
terms of linearity, but also because they are totally different
in their activities and controlling requirements, and each
one of them will be compared with the results obtained by a
traditional method.

3.1. Temperature-humidity controller

In this model we have a small unit in an industry that has
four switches as inputs and two outputs that are tempera-
ture and humidity. The humidity and temperature in the
industry should always be within certain range that we call

=

wl | w2 | w3 | .. wz

Fig. 2. The weights of the neural net represent one chromosome.
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moderate. The temperature and humidity values are obtained
based on the input values for the switches. This problem
seems to be simple in its structure; but, in fact, it is a real-
life industrial controller problem that is common in various
industries affected by temperature and humidity (such as
stores or operations). This model is chosen for its reality
and not for its simplicity. We have constructed a neural net
to simulate the industry behavior. This is done using the
backpropagation algorithm. Figure 3 shows the industry fig-
ure and the neural net used for simulation.

Each switch value might be 1 or 0. Table 1 depicts the
switches input values and the corresponding temperature
and humidity values. Our concern is that the industry should
always have a moderate temperature and moderate humid-
ity, which is 0 < m = 0.7, where m is the moderate value.
Here, we have the role of the neural net controller obtained
by neuroevolution. The controller should always modify
the status of the switches whenever the temperature or the
humidity does not cope with the industry environment. This
means that the temperature and the humidity are the inputs
for the controller net and the new switch values are the
output values of the controller net. These output values will
be the inputs for the simulator net.

The fitness function to be used for evaluating the con-
troller net is based on the following:

1. The temperature is 0 < temperature = 0.7.
2. The humidity is O < humidity = 0.7.

A linear function for the system is also constructed to see
the behavior of the system. These functions replace the val-
ues in Table 1. The proposed functions are as below:

temp(X) = 10 X X + 20,

hum(X) = 20 X X + 30,

and the moderate values for temperature and humidity are
as below:

20 = mtemp = 40,

50 = mhum = 70,

S1

S2

S3 —

S4

N.M. Hewahi

Table 1. The values of the switches of the industry and its
corresponding temperature and humidity

S1 S2 S3 S4 Temperature Humidity
0 0 0 0 0.5 0.5
1 0 0 0 0.7 0.5
0 1 0 0 0.5 0.7
1 1 0 0 0.7 0.7
1 0 1 0 1.0 0.5
0 1 0 1 0.5 1.0
1 1 1 0 1 0.7
0 1 1 1 0.7 1.0
1 1 1 1 1.0 1.0
0 0 1 1 0.7 0.7
0 0 0 1 0.5 0.7
0 0 1 0 0.7 0.5
1 0 0 1 0.7 0.7
1 0 1 1 1.0 0.7
1 1 0 1 0.7 1.0
0 1 1 0 0.7 0.7

where mtemp is the moderate temperature and mhum is the
moderate humidity. The value of X in the equations is the
decimal value of the switch values related to either temper-
ature or humidity. For example, if the switches sl and s2
correspond to temperature, s3 and s4 correspond to humid-
ity, and the values of sl and s2 are 1 and 1, respectively,
then X is 3 and the temp(X) will be 50. The fitness function
used with linear functions is almost as explained for Table 1,
with consideration for the range of the accepted tempera-
ture and humidity.

3.2. Scheduling controller

The idea of the industry to be considered here is taken from
Drake and Smith (1996), with slight modifications to serve
our purpose. In a workcenter we have two machines, m1
and m2. Each machine has its own queue, ql and g2, for
machines m1 and m2, respectively. Each queue has the part
requests for manufacturing; each request can be repre-
sented by r;, which is the ith request. The workcenter can
produce three types of parts, pl, p2, and p3; pl can be

L Temp

Hum

Fig. 3. Industry of four input switches and two outputs, temperature and humidity. The neural net in the figure is a simulator for

the industry.
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produced by m1 or m2, whereas p2 can only be produced
by ml; p3 can only be produced by m2; and m?2 is faster
than m1l by some percentage value. Figure 4 shows the
workcenter.

Based on the current queues contents (number of requests)
and the speed of each machine, the controller should decide
what next part to be considered for the queues (what part
type should send a request to take place in the queues).
Moreover, the controller should decide what parts are cho-
sen from the queues to be manufactured (it could be one
part or two parts in parallel). The input for the simulation
neural net is the next part to be allocated in the queues,
which is obtained by the controller plus the queue contents.
The output for the simulation neural net is the contents of
the queues (in terms of the number of requests) after con-
sidering the new part and manufacturing one or two parts in
parallel. The controller neural net is presented in Figure 5,
and the workcenter simulator is presented in Figure 6. The
decision of the controller (based on the fitness function) is
based on the queue maximum size (we assume that the
maximum size for both queues is the same), the speed of
the machines, and the type of the part to be manufactured.

This controller model will work in a nonlinear manner
because there is no direct relation between the inputs and
outputs of the controller in terms of linearity. The system
will eventually decide what is the proper queues movement
that should be done to keep the stability of the industry.
This decision is based on the fitness function. To clarify the
fitness function used, we define some terms: (a) MAXQ is
maximum value of queue contents; (b) cq; is the number of
contents in the ith q; (c) r is the fast rate of m2 over m1; (d)
np is the new part request obtained by the controller.

Following are the conditions that affect the fitness func-
tion that is used:

. (np=p1) AND (cq; < MAXQ) AND (cq, < MAXQ),

. (np = p2) AND (cq; < MAXQ),

. (np = p3) AND (cq, < MAXQ),

. (np = p1) AND (cq; = MAXQ AND cq, = MAXQ)
AND (cq, X r = cq;).

SN =

4. EXPERIMENTAL RESULTS

In this section we present the results obtained by the neu-
roevolution schemes for controlling systems in the chosen

ml queue (ql)

L——| m2 queue (q2)

Fig. 4. Two machines m1 and m2 with two queues ql and q2. For each
machine there is a queue; m1 manufactures p2 parts, and m2 manufactures
p3 parts, and pl is manufactured by either m1 or m2.
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ql
next part type

@ cl

c2

Fig. 5. The neural net that works as a controller in the scheduling control
model; q1 and g2 are the number of parts requests in each queue (queuel
and queue2). The next part type is 00, 01, 10, or 11; 00 and 11 (the parts
that can be manufactured by both the machines) have the same meaning;
01 means the part can only be manufactured by m1, whereas 10 means the
part can only be manufactured by m2; c1 and c2 have values 0 or 1; cl is
related to queuel; c2 is related to queue2; 1 means the queue will be
reduced by 1, and this reduced part should be manufactured. This last step
is called forced manufacturing for controlling purpose.

models. We also compare the obtained results with tradi-
tional methods. In the temperature—humidity controller, we
compare the obtained results with that obtained by a con-
troller based on backpropagation neural networks. The results
of the scheduling model is compared with the results obtained
by a simulator proposed by Drake and Smith (1996) and
used SIMAN V as a simulation language (we shall call this
simulation system SA). In our system runs, we are con-
cerned with the work of the controller to adjust the insta-
bility that might occur to the industry and how to deal with
various situations.

4.1. Temperature—humidity controller

As explained in Section 3, in this model we are concerned
with a controller that can always monitor the temperature
and humidity of an industry based on four switches. When-
ever (using the linear functions) the temperature goes below
20 or higher than 40; or the humidity goes below 50 or

Next part type |:

ql al
q2 @
cl
c2

Fig. 6. The neural net that works as a simulator for the workcenter. Its
inputs are the outputs of the controller (with consideration to the number
of requests in each of the queues) and its output is the new values of ql
and q2 after manufacturing and inserting a new part in one of the queues.
The workcenter considers the new part in one of the queues and does a
manufacturing based on the controller.


https://doi.org/10.1017/S0890060405050055

54

higher than 70, the controller should adjust the switches to
bring back the industry to its stable status. Because the runs
using Table 1 or the linear functions are giving almost the
same impression, we shall show the results obtained using
the linear functions. In this section, we shall show the
obtained results from one of the several runs on the system.
All the runs give the correct controller adjustments with a
little variations (due to differences in weights between
the nets), but still within the industry accepted ranges. The
evolved controller net will decide by itself the values of the
new switches that will adjust the temperature and humidity.

A snapshot for the controller work to adjust some unsta-
ble cases for the temperature and humidity is shown in
Table 2. It is clear from Table 2 that whenever either the
temperature or the humidity goes out of its range, the con-
troller adjusts it (for sure by modifying the switches val-
ues). As explained in Section 3 the range of the temperature
is 20—40 and the humidity is 50—70. From the table, we see
that when the value 20-73 (temperature—humidity) is given,
the controller will adjust it to 20-50 because of the humid-
ity value (73 is above the accepted range). In the case of
30-69, which is itself stable because both values are within
the accepted ranges, the controller still modify the values
but again within the range. This is done because, in general,
the controller cannot always produce the same values even
if its inputs are within the accepted range, but surely it also
gives values within the range.

The same controller function has been implemented using
neural networks based on the backpropagation algorithm.
This is done to compare the obtained results and system
requirements for both the approaches. Table 3 shows the
main differences between the two approaches.

One of the main differences is that in neuroevolution we
do not need to prepare training examples, whereas using
neural network (e.g., backpropagation) we need to get a
training examples list. This is common, but the case here is
that there is no fixed criteria to adjust the weights; for exam-
ple, one of the training examples could have inputs 20-20
and the new switch values might give us results for the new
temperature and humidity as 20-50, 30— 60, 20-70, or any

Table 2. Unstable cases of
temperature and humidity and
the corresponding controller

adjustment
Unstable Case Controller
(Temp.—Humidity) Adjustment
20-73 20-50
30-69 20-50
31-59 40-50
25-71 30-50
36-74 30-50
30-30 20-70
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Table 3. The differences between neuroevolution
and neural networks (NN) based system
controllers

Neuroevolution Controller NN Controller

Based on fitness function
More accurate

Needs training data
Less accurate

values within the accepted ranges for the temperature and
humidity. This means for a certain input temperature and
humidity, we might have various switch values. Using neu-
roevolution and based on the fitness function, the net itself
will decide what the adjusted temperature and humidity
should be, and we do not need to worry about providing
training examples and how should the system will go with
the improper values of temperature and humidity. This shows
the advantages of using neuroevolution over neural networks.

The second difference is that the results show that the
controller using neuroevolution is more accurate than only
using the neural networks. The accuracy with neuroevolu-
tion shows that it is 100% correct, whereas the accuracy
with neural networks alone shows that it is 96%. This might
be because in the net inputs we might have various output
net switches (in which many are not given in the examples
list). This result is expressed in Figure 7. Figure 7 shows
the performance of the two controllers, neuroevolution con-
trollers and the backpropagation-based controller. The 1 for
the neuroevolution controller means that the controller gives
a correct response, whereas the — 1 for the backpropagation-
based controller means that the controller gives a correct
response. The O for both the controllers means that the con-
troller gives a wrong response.

As expected, experiments show that the higher the num-
ber of the population (generated controller nets), the faster
the system converges to solve all the given problems (in
terms of the number of trials). Three populations of 50,
100, and 150 controller neural nets have been tested for the
system. In every trial test we generate 20 arbitrary cases to
be monitored by the controller. With 50 nets, the controller
was able to adjust all the given cases after 143 trials, whereas
with 100 and 150 nets, the controller was able to adjust all
the given cases after 110 and 95 trials, respectively. Fig-
ure 8 shows that the higher the number of the population,
the less the number of trials to adjust all the arbitrary states.

4.2. Scheduling controller

In this section, we shall present the results obtained for
applying the neuroevolution to the scheduling controller
and compare these results with the results obtained by the
simulation system proposed by Drake and Smith (1996),
which we call SA. Comparing our obtained results with
ordinary simulation method (such as SA) is very important
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Fig. 7. A comparison of the controller performance under neuroevolution and backpropagation.

because these methods are very common in control simula-
tion. The neural network using backpropagation is not used
for this problem because no examples are provided and the
new part order to be considered for queuing is to be evolved
based on the system performance. The behavior of this con-
trolling model experiment is nonlinear. The developed con-
troller is to decide what type of part order (request) should
be issued based on the system behavior (depending on the
queuing capacity and the time that the part request may stay
in the queue). Moreover, the controller should also force
and guide the system to take action in certain cases to man-
ufacture certain parts (if things seem going smoothly, the
controller will not force the system for manufacturing cer-
tain parts and the workcenter will work normally).

A snapshot for the controller system behavior is shown in
Table 4. It is to be known that the needed variables are
assigned the following values:

a. queue size: MAXQ = 3;
b. speed rate: how much m2 is faster than m1 (r = 0.5).

From Table 4 we follow a sequence of continuous steps as
numbered. The first assumption is that the contents of queuel

and queue?2 is 2 and 3, respectively. We shall use a q1—q2
representation, which means 2-3. The controller forces a
manufacturing of one part of q2 resulting in 2-2, and pro-
poses the next part request to be considered for queuing is
of the type that can be manufactured by both the machines.
The controller assigns g2 to allocate the request resulting in
2-3, then it forces the workcenter to manufacture another
part from g2 and the new queues contents become 2-2. The
controller also gives an order to receive a request that can
be manufactured only by machinel. In step 3, we notice
that we have 3-2, but the controller forces the workcenter
to manufacture one by machinel and another one by
machine2, resulting in 2—1 and proposes a request that can
be manufactured by only machine 1. From the results we
can notice that almost every two parts manufactured using
m?2, one part is manufactured using m1. This is because the
r chosen (the speed rate) of m2 is 0.5. It is also assumed
that at the beginning of this run that there is a part in ml
and no parts in m2. It is to be noticed that the controller
never proposes a part request for a full queue.

Using SA, the controller simulation was not designed to
monitor the next part request for manufacturing (not as we
proposed in our model), and was based on randomness. We

160
140 —

120

100

80

given cases

60
40

20

Number of trials to solve all the

N50

N100 N150

Number of controller nets

Fig. 8. The higher the number of populations, the less the number of needed trials to adjust arbitrary cases (states).
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Table 4. A snapshot of the controller controlling the machine
queues and the next part request that might be produced

Queue Case Queue Status

Before the After Next Part
Controller Controller Request to be
Sequence Issued by
e ql q2 ql q2 Controller
1 2 3 2 2 pl
4 2 2 2 1 p2
6 1 2 1 1 p2

added controlling the type of the request to expedite the
process of the system and make harmony in queue-in and
queue-out. Issuing part requests at random has an advan-
tage, which may emulate the real industry, but controlling
the issuing of part requests might be also useful to expedite
and control the whole scheduling and management industry
process. This is useful because these are decided based on
each queue’s size and the time needed for part manufactur-
ing. This means that the system decides which part request
it can accept based on its situation. Using randomness might
issue a request that might need to wait because the corre-
sponding queue is full. Moreover, in SA during scheduling,
it checks if the queue of machine 2 contains more than the
queue of machine 1, then it allocates the part request to
machine 1, which is not always correct because machine 2
is faster than machine 1. Another variation is that because a
neural network is used as an industry simulator, it can show
the producing of manufactured two parts from the two
machines at the same time, whereas using SA, it is difficult
to show that. Figure 9 shows a comparison between the
neuroevolution controller and the SA controller for 290 time
units. After finishing the 290 time units the system using
the neuroevolution controller was able to manufacture 204
parts, whereas using the SA controller, the system was able
to manufacture 143 parts. This implies that the system that
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uses the neuroevolution controller is faster, with about 40%
from that which uses the SA controller. This happened
because the neuroevolution controller was also designed to
control the type of part requests.

5. CONCLUSIONS

In this paper we presented an application of a neuroevolu-
tion strategy (ESP) to work as a controller for industries.
The strategy has been applied on two models: a temperature—
humidity controller, and a scheduling controller. In the
temperature—humidity controller, the controller could very
well adjust the industry switches to bring back the humidity
and the temperature to their normal ranges. In the schedul-
ing controller model, the controller could very well under-
stand how the system should work, and significantly
managed moving the part requests in and out from/to the
queues based on the size of the queue and the speed of the
corresponding machine. Based on the same factors, the con-
troller could decide which part should send a request to be
queued and wait for manufacturing. To evaluate the pro-
posed scheme for the controllers, we compared the obtained
results of the temperature—humidity controller using the neu-
roevolution with that of a controller based on neural net-
works, and also compared the obtained results of the
scheduling controller using neuroevolution with that of a
simulation of the controller developed by Darke and Smith
(1996) using the SIMAN V simulation language. In both
experiments, the neuroevolution approach shows better per-
formance in terms of accuracy and goal achievement.
According to our experiments and most of the previous
experiments on applying neuroevolution to applications sim-
ilar to ours, there is no direct clear limitation for such kind
of systems. One of the important future directions could be
exploring the weak points and drawbacks of such a system.
To the contrary, such kinds of systems have clear advantage
over the systems based only on neural networks or genetic
algorithms alone. One clear thing is that the systems with a
good set of examples would converge faster using back-
propagation than with neuroevolution. This itself is not a
limitation for the usage of neuroevolution because such
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Fig. 9. A comparison between the neuroevolution controller and the controller based on a simulation for the workcenter.

https://doi.org/10.1017/50890060405050055 Published online by Cambridge University Press


https://doi.org/10.1017/S0890060405050055

Engineering industry controllers using neuroevolution

approaches are basically used for cases where no examples
are provided or the examples provided do not help in gen-
eralization. Some of the future directions could be applying
neuroevolution approach on a real-life more complex real-
time systems, or developing a system to distribute the time
limit among the industry sensors to allow the controller to
take the correct decision within time constraints. This could
be done by making the system to decide which sensor is
more important than the other based on the current industry
situation (under research).
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