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Abstract – With the purpose of automating the process of
modelling and improving the quality of the control solution, a
strategy based on Genetic Algorithms for determining the
structure of each model has been developed and tested on a real 
system with measurement noise.
The models were produced using Feedforward Neural Networks
and were tested in different control loops such as Direct Inverse 
Control and Internal Model Control and compared with the
models obtained using the expertise of a control engineer.
Several difficulties are reported has being obstacles to the
success of the strategy and the solutions presented. The
overtesting problem and a hybrid general training/specialized
training solution are the major contributions of this work.

Index Terms - Feedforward Neural Networks, Direct Inverse
Control, Internal Model Control, Measurement Noise, Genetic
Algorithm, Overtraining, Overtesting, Early Stopping, General
Training and Specialized Training.

I. INTRODUCTION

The purpose of this work is to automate the procedure of
modelling systems (either direct modelling or inverse
modelling) with Feedforward Neural Networks (FNN) for
control purposes. The choice of the correct models involves
some expertise that is sometimes not available and the use of 
an automated procedure might be helpful.

The control engineer would like to have the best model
available to use in the control loop, but for FNN if we
consider all the parameters (number of past outputs/inputs,
number of hidden neurons, number of iterations to train the
FNN) as variable it is impossible to test all the solutions
considering the time restrictions that the work is usually
subject to. 

The control engineer avoids testing for all the solutions by 
using his own expertise to gather information that will allow 
reducing the search for a good solution to only a few tests
instead of the complete search universe.

However the expertise of the control engineer might not be 
available and the use of an automated procedure might be
helpful to increase the quality of the models obtained and
hence the quality of the control performed.

Taking this difficulty in to account a procedure for
searching for the best solution is proposed. The solution is
based on a Genetic Algorithm that will search for a global
minimum without testing all the solutions. The search
procedure also includes Early Stopping to avoid the

overtraining problem and an evaluation/training procedure
that uses a hybrid general/specialized training solution.

The evaluation of the models is based on the Mean
Squared Error between the model and the sequence used for
testing.

A Black Box approach was pursued but the procedure
implemented can be classified as Grey Box approach since
some initial information is needed to start (range for neurons 
in the hidden layer, range for past inputs and outputs and
range for training iterations).

II. THE PROCESS OF CREATING THE MODELS

The process used for creating and choosing direct and
inverse models is based on the same principle, though there
are some differences between the two implementations.

There is a common procedure using genetic algorithms for 
generating a new individual in function of the structure
combinations for the FNN and different ways of evaluating
the fitness of the individual.

The structure of the network is composed of four
parameters: number of past inputs, number of past outputs,
number of neurons in the hidden layer and number of
training iterations.

The first two parameters allow choosing the past
information to be used and to use different values for the
inputs and outputs, using only the information that is
important.

The number of neurons in the hidden layer allows the
adjustment of the network size to the complexity of the
system to be modelled.

Using the number of training iterations also as a parameter 
gives the possibility to use early stopping as the FNN is
evaluated using a test sequence.

In table 1 the information used to code the individuals is
resumed indicating the range of values used for each
parameter.

The choice of the ranges involves the previous work done
with the present system [1], [2].

Each model proposed is an implementation of the structure 
mentioned above, holding a value for each of the parameters. 
The models are trained using the Levenberg-Marquardt (LM) 
algorithm because of its fastest convergence. 

The models are all FNN of one hidden layer, with linear
output, hyperbolic tangents as hidden layer’s activation
function and Auto-Regressive with eXogenous input (ARX)
architectures.
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During the identification and control tasks the NNSYSID
[3] and NNCTRL [4] toolboxes for MATLAB were used.

TABLE I
PARAMETERS TO USE IN THE OPTIMIZATION PROCEDURE.

Parameter Number of bits Range of values
Past outputs 2 1:4
Past inputs 2 1:4

Hidden neurons 4 1:16
Iterations 8 1:256

A. Direct Model 

For the direct model three different test sequences are used
expecting to achieve a model with good generalization
capabilities. Each of the three references has a different
signal and they are equally weighed for the fitness evaluation 
of the model proposed. Figure 1 shows a block diagram that 
illustrates the principle of training for forward models.
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Fig. 1. Forward model training block diagram.

B. Inverse Model

The first solution tested for the inverse model was similar
to the one used for the direct model. The results obtained
were good over the test sets, but when control was simulated 
it was possible to verify that the model was unable to
generalize properly.

This situation is similar to the overtraning problem when a 
particular model has a good performance using the training
set but has a poor performance over the test set.

In this case the models are only evaluated by their
performance with the test sets and a solution that is good for 
the tests sets is achieved but still this solution does not
perform well in a simulation of control. Because of its
similarity to the overtraining problem, this problem was
classified as overtesting.

A solution to overcome this problem was obtained using a 
hybrid general/specialized training solution.
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Fig. 2. Inverse model training block diagram.

The block diagram of figure 2 shows an inverse model
training scheme, which is usually called general training.
This scheme corresponds to the training used for the inverse
modelling but the evaluation is done with a simulation of
control using Direct Inverse Control (DIC), which is
illustrated in figure 3.

Fig. 3. Structure for Direct Inverse Control. The signal r(k) is the 
reference, u(k) the control signal and y(k) the output signal.

However simple, the general training approach has some
drawbacks [5]:

· The learning procedure is not goal directed. As the
model is not trained in the same situation in which it will be 
used after training, the structure of training is said not to be
goal directed.

· In situations where the mapping is not 1:1 an
incorrect inverse can be obtained.

Using this simulation of DIC to evaluate the quality of the 
model, the first problem is minimised: although the model is 
not trained in the same situation it will be used in a control
loop, it is evaluated in that situation. The second problem is 
completely eliminated.

It should be noted that this hybrid general/specialized
training solution is obtained without having the difficulties
that arise when training a model with a specialized training
scheme.

III. THE FNN STRUCTURE SELECTION USING 
GENETIC ALGORITHMS

Genetic Algorithm (GA) or Genetic searching algorithm is 
a function optimisation technique based on the principles of
evolutionary genetics and the natural selection process [6]
after the pioneering work of Holland [7].

The original goal was to study the adaptation phenomena
in nature, but his work was later used for optimisation
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techniques based on a fitness function, corresponding to the
survival of the fittest principle.

Since the initial work many new operators have been
proposed and many improvements were introduced but
crossover, mutation and elitism are solutions that are present 
in almost every application of GA for optimisation. 

Crossover originates a new member for the population, by
a process of mixing genetic information from both parents
and raises the question of how to select the parents for a
fastest growing of the fitness of the population. Among many 
other solutions, the selection can be done with the roulette
method, by tournament, random and elitist [7] [8].

Mutation is a process by which a percentage of the genes
are selected in a random fashion and changed. Elitism
corresponds to keeping the best members of the population to 
the next generation to guarantee that there is a continuous
maximization of the fitness function. 

GA optimisation is especially useful when there is no
deterministic solution for the problem or the range of
solutions is too wide for an exhaustive search and local
minimum can be acceptable. It is also important that this is a 
global optimisation method.

The algorithm implemented includes Crossover, Mutation
and Elitism but some changes were introduced.

Using a small population of 20 individuals, a strong
elitism of 20% is assumed, crossover of one site splicing is
performed and all the members are subjected to mutation
except the elites.

The mutation operator is a binary mask generated
randomly according to a selected rate that is superposed to
the existing binary codification of the population changing
some of the bits.

Crossover is performed over 50% of the population,
always including the elites. The individuals are randomly
selected with equal opportunity to create the new population. 

The fitness of the solution is the Mean Square Error
obtained between the output of the model and the desired
output. The desired output can be the output values in the
training set for the direct model or the reference used in the

DIC simulation for the inverse model. 
The fittest solution is the one with the lower fitness value.
A global perspective of the optimisation solution can be

obtained from figure 4.
The first block represents the generation of the solutions.

The population is represented as a table with binary content, 
where each line represents an individual of the population
and therefore a neural model. The model’s parameters are
extracted and the model is trained according to the genetic
information coded in the individual. 

The block called Solution Evaluation represents the fitness 
evaluation for each solution. If the solution represents a
forward model it will be evaluated using a test sequence
while if it is an inverse model the evaluation will be done by
simulation of control using DIC.

A registry of the fitness of all the population is done in
order to select the best elements to compose the elites, which 
will be used by the genetic algorithm to create the population 
for the next generation.

IV. THE PLANT 

The plant used to test this automated technique for
building models is a reduced scale prototype kiln and the
tests reported concern the implementation of the temperature 
control loop.

Figure 5 shows a scheme of the modules composing the
system. An electrical resistor driven by a power controller
heats the kiln and the temperature is measured by a B type
thermocouple. The sensor and the actuator are connected to a 
Hewlett Packard HP34970A Data Logger that supplies real-
time data to MATLAB using the RS232C serial line. The
Data Logger though a helpful tool limits the measurement to 
temperatures superior to 300ºC and the thermocouple
introduces measurement noise, which makes identification
more complex. This approach allows the use of the entire
MATLAB powerful environment together with real-time
capability.
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Fig. 4. Representation of the optimisation solution. The block diagram shows the operations performed 
in each generation of the genetic algorithm.
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Fig. 5. Schematic of the modules composing the system.

The kiln is completely closed and operates around 750ºC
having as superior limit of operation 1000ºC.
The power module, which can be seen in figure 6, receives a 
signal from the controller implemented in the Personal
Computer (PC), which ranges from 0 to 4.095V and converts 
this signal into a power signal of 220V applied during a
period of time proportional to the input signal.
The Data Logger is used as the interface between PC and the 
rest of the system.
Since the Data Logger can be programmed using a protocol
called Standard Commands for Programmable Instruments
(SCPI), a set of functions have been developed to provide
MATLAB with the capability to communicate through the
RS-232C port to the Data Logger. 
A picture of the system can be seen in figure 7. The kiln can 
be seen in the centre and at the lower half the prototypes of
the electronic modules and the cooling fans.

Fig. 6. Picture of the power module.

V. CONTROL STRUCTURES

The control structures used to test the optimisation procedure 
are: Direct Inverse Control and Internal Model Control.
These structures are briefly presented in the following
subsections.

Fig. 7. Picture of the kiln and electronics.

A. Direct Inverse Control (DIC). 

Direct inverse control is the simplest solution for control that 
consists of connecting in series the inverse model and the
plant as can be seen in figure 3.  If the inverse model is
accurate the output of the system y(k) will follow the
reference r(k).

B. Internal Model Control (IMC)

Internal Model Control is a structure that allows the error
feedback to reflect the effect of disturbance and plant
mismodelling.
In fact it can be shown [1] that a good match between
forward and inverse models is enough to have good control
and that with this structure disturbance’s influence is also
reduced. The basic IMC structure can be seen in figure 8.

C. Adapting the Control Structures to use Neural Networks 
Models.

The structure presented in the subsection A can be used with 
Neural Networks (NN) models without the need of major
changes, but the structure used in section B needs some
refinements to work properly [9].

The good match between forward and inverse models,
referred above translates to having the forward model outputs 
feedback to the input of the inverse and direct model instead 
of the outputs of the plant. 
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Fig. 8. Structure for Internal Model Control. The signal r(k) is the 
reference, u(k) the control signal, y(k) the output signal, yhat(k) the 
estimate of the output and e(k) the error between the output and the 

estimate.
This means that the inverse model will implement the
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Where ny is the number of previous output samples used,
nu is number of previous control signal samples used and td is 
the time delay of the system. 

VI. THE MODELS OBTAINED

As reported previously some problems were found related to 
the generalization capabilities of the first models created. The
direct model was initially created with only one test sequence 
and the inverse model was created using the standard general 
training scheme. Both models created as mentioned had a
good performance, when compared with the previous work
but fail when signals different from the ones used for testing 
are applied. 
This problem is related to overtraining but here the model
overfits the test sequence instead of the training sequence
since it is only evaluated by its performance with the test
sequence and hence it has been classified as overtesting.
These difficulties were solved using three different test
sequences for the direct model and the hybrid
general/specialized training solution, as reported above, for
the inverse model.
The automated procedure was then used several times to
evaluate the solutions obtained. Several different models
were created and some of the solutions were more frequent
then others.
Table 1 shows the details of the best solutions obtained for
direct and inverse models, where NU stands for number of
past inputs, NY is the number of past inputs, Nhidden is the
number of hidden neurons in the hidden layer, Iteration is the 

number iterations during which the network was trained and 
NGen is the number of generation used for the NN evolution.

It should be noted that the models are coupled because of
the way the inverse models were created. Inverse model 1
was obtained from direct model 1 and so on.
The models denoted as previous are the models used in
previous work [1] [2] and are inserted here as a reference for 
comparison. These models were optimised using the author’s 
knowledge about the system and neural models.

TABLE II
PARAMETERS OF THE BEST MODELS OBTAINED.

Model\Parameters NU NY Nhidden Iteration NGen
Previous Direct 2 2 4 50 n.a.

Direct 1 1 3 8 42 101
Direct 2 3 3 7 58 49

Previous Inverse 2 2 5 70 n.a.
Inverse 1 2 2 7 102 129
Inverse 2 1 1 3 225 89

Figures 9 and 10 show the evolution of the error in the direct
2 and inverse 2 models through the generations.
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Fig. 9. Evolution of the best solution found for the direct model 
through the generations.
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Fig. 10. Evolution of the best solution found for the inverse model 
through the generations.



0 20 40 60 80 100 120 140 160 180 200
200

400

600

800
Direct Inverse Control - Kiln Temperature and Set Point

0 20 40 60 80 100 120 140 160 180 200
-5

0

5
 Error 

0 20 40 60 80 100 120 140 160 180 200
0

0.5

1

1.5
 Control Signal

t ime x30s 

Fig. 11. Direct Inverse Control results.

As can be seen from the graphics presented, the evolution is 
very fast when compared with the typical applications that
use genetic algorithms. This is due to the fact that the ranges 
are appropriately chosen and the efficiency of the LM
training algorithm.
The graphics also show that after the first generation a
reasonable solution is already obtained, this is also due to the 
ranges and to the fact that in each generation twenty
solutions are tested.

VII. THE REAL TIME CONTROL ACTION

The models from the couple 2 (direct 2 and inverse 2) in
table 2 were used to implement DIC and IMC according to
section V. The results obtained can be seen in figures 11 and 
12 and they confirm the expectation that this technique can
produce models of good quality. 
Table 3 presents a summary of the results in terms of Mean
Square Error (MSE) and a comparison between the best
results obtained for both control strategies in present and
previous work. As can be seen the results obtained show an
enormous improvement in the results when compared with
the results obtained previously.
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Fig. 12. Internal Model Control results.

TABLE III
SUMMARY OF THE RESULTS OBTAINED FOR BOTH CONTROL 

STRATEGIES.

MODELS\STRATEGY DIC (MSE) IMC (MSE)
Previous Models 5.14 0.96

Models 2 0.58 0.30

VIII. CONCLUSIONS

A new technique has been presented for automating the
construction of neural models for control purposes. This
technique determines the parameters of the FNN that
achieves the best performance, using genetic algorithms and
a hybrid general/specialized training solution for the inverse
models.
The results of a test using a real system under measurement
noise condition show that this technique can produce models 
with very good quality. 
The evolution performed is short in terms of generations but 
is quite consuming in CPU time.
One interesting conclusion that can be extracted from the
results is that in the couples of models obtained the sum of
past inputs and outputs from both models is approximately
constant: if the direct model is more complex the direct
model will be simpler.
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