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This paper tries a neuronal approach to control a non linear complex system used for the
generation of artificial swells. Artificial Neuronal Networks (ANN), as universal approximator
especially for non linear functions, are used in modeling and controlling the swells generator using
a non linear model, that of Pierson MOSKOWICH, which represents well the Mediterranean swell
behavior. The proposed structure is composed of two units: the first is referred to as Neuronal
Supervisor (NS) for priming the swells generation system and the second as Neuronal Control by
Internal Model (NCIM) dedicated to command the same system. So, the latter unit contains an
Inverse Model (IM) as a regulator, a Direct Model (DM) as a predictor, and a low-pass filter
expected to reduce the modeling errors. After adopting a judicious choice of the structure
parameters, the obtained results have well confirmed the ANN importance as a universal
approximator characterized by the learning capability.
Keywords: Swells Generator; Pierson MOSKOWICH Spectrum; Function Approximation; Neuronal
Control and Modeling.

1. INTRODUCTION
The development of intelligent systems such as fuzzy system theory, neuronal networks,
and neuro-fuzzy networks, is attracting increasingly the attention of many researchers. In
particular the number of industrial applications using Artificial Neuronal Networks (ANN)
has been increasing over the last decades [1, 8, 9, 14, and 18]. Indeed, the ANN has been
applied in many engineering fields for example system identification, adaptive
control…etc. Moreover, many researches have been made in order to discuss the stability
and robustness of neuronal control systems. W. Frey et al suggest a neuro-fuzzy
supervisory control system for industrial batch processes [24], C.-F. Juang et al give us a
recurrent fuzzy network for dynamic systems processing by neural network and genetic
algorithms [1], also C. Li et al present self-organizing neuro-fuzzy system for control of
unknown plants [2], M. Fazle Azeem et al describe a Structure Identification of Generalized
Adaptive Neuro-Fuzzy Inference Systems [15].
In this way, neuronal modeling and control of non linear systems by ANN has been the
subject of many research works; this is due principally to ANN great capability of learning,
approximation, and generalization with fewer experimental data [13, 16, and 25]. Artificial
swells generation system is developed to control oceanic waves in order to protect maritime
coasts.
S. Mottelet [20] study the controllability and stabilization of a canal with wave generators,
in the same context, we tried to propose integrate neuronal networks to control and
supervise artificial swells generation system. Being one of the best universal approximators
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[12], the ANN can reproduce swells behavior faithfully taking into consideration electrical
and mechanical constraints and limits of the generation system: limit frequencies,
displacements, acceleration, torque, etc.
The development of this survey will be divided into two parts. The first part will deal with
the design and generation of digital commands of the random swells generator in
conformity with Pierson MOSKOWICH energy spectrum. The second part will be
dedicated to the development of a control law permitting the regulation of canal-generated
swells according to the energy spectrum parameters initially adopted. T. Ben Romdhane et
al [21, 22, and 27] gave us a detailed survey about the design and control of the swells
generation system.
2. SYSTEM’S NEURONAL MODELING AND CONTROL
In this paper, it is difficult to discuss all neuronal network structures e.g. the multilayer
network of back- propagation type, the Hopfield networks, the Kohonen auto-organizer
cards, and the recurrent neuronal networks. To that effect, Multilayer Perceptron (MLP)
presents many advantages [23] such as the learning capability concerning the
approximation of non linear and relatively complicated functions according to the structure
presented by Fig. 1 [19, 25]. Network parameters are adjusted in a view to produce an
output similar to that of the unknown function – the input being the same for both systems.
In case the unknown function can represent the controlled system, the corresponding
neuronal network uses the part of a predictor. Moreover, this function can represent the
inverse of a controlled system of which the neuronal network is a regulator.
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Fig. 1. Neuronal approximation of unknown function.
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Fig. 2. MLP structure.

2.1. Multilayer Perceptron Architecture
The perceptron is generally organized into three layers as Fig. 2 shows. The first layer
(input layer) links the input data to the following layer (hidden layer). Similarity, this latter
is connected to the last layer (output layer) producing the MLP outputs. Many research
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studies [23, 26] have shown that a MLP of three layers is sufficient to approximate the
majority of complicated functions. This limitation of layers number to three prompts us to
choose carefully the number of hidden layer neurons, so that we guarantee a good network
convergence.
2.2. Multilayer Network Learning
Neuronal function approximation requires a practical method permitting the determination
of the appropriate network parameters represented by weights and biases. Generally, the
gradient back-propagation method is the most used to network learning.
This method, which is based on gradient descent algorithm, allows the updating of weights
by minimizing a cost function generally chosen of the quadratic type given by the
expression (1):

J =

1
2
(d − s )
2

(1)

In every layer, the weights are given by expressions (2).

wi , j (t + 1) = wi , j (t ) − η.
bi , j (t + 1) = bi , j (t ) − η.

∂J
∂wi , j (t )

(2)

∂J
i, j = 1, 2 and 3
∂bi , j (t )

With d is the desired output, s the neural model output, and η denotes learning rate
(lower than 1).
2.3. Neuronal Control Structures
ANN are used for systems control according to different structures: predictive, reference
model, with internal model [7, 16]…etc
Seeing its advantages, we have chosen the internal model structure to control the swells
generation system. The general structure of such control system is represented in Fig. 3 [5,
11].
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Fig. 3. Control Structure Using Internal Model.

We note that:
• r : reference signal (set point)
• y p : process output
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• y : internal model output
• u : control signal delivered by the neuronal regulator
• r * : regulator input.
This control structure preserves the advantages of classical feedback control. In fact, it
allows compensating the unknown or unmeasured perturbations as well as the modeling
errors.
It is so easy to conceive the regulator synthesis since the stability conditions of the global
system are those of an open loop control.
Both parts of this structure are based on ANN (MLP type). The Direct Model (DM) type
acts as the process predictor. The Inverse Model (IM) imposes the dynamics of the system.
The regulator learning is based on the IM of the predictor, as long as it is stable, for the real
system of swells generation is stable. Internal model control using neural networks is
reviewed by E. Haber Rodolfo et al [6], I. Rivals [10], J. Alvarez [11], and D.C. Psichogios
[4].
3. PRESENTATION OF SWELLS CANAL SYSTEM
The oceanic waves have been being studied for a long time. Studies were authorized for the
control of these waves and consequently for the development of their spectrum models. In
fact, the objective of these studies is the protection of the maritime coasts. Indeed, to that
effect, a miniature system allowing describing, as faithfully as possible, the oceanic waves
behavior is needed. This system appears under the canal form permitting the swells
generation. Research tasks have been undertaken for the design of a supervision and control
model of our system.
Control and supervision interface

Axis command and system control interface

Electronic interface of swells levels
acquirement

Safety
device

Transmission

Speed
variator

Motor

Generated swell
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Scale model
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Fig. 4. Swells canal system.

Physically, swells canal system (Fig. 4) is characterized by a canal of 37.5 m of length
integrating the mockup of the port to control. To generate waves in this canal, a beating flap
driven by a servomechanism is used. This latter is controlled by an axis command card
which assures the automatic control of positions and the security check. This card is
supervised from a microcomputer allowing the generation of digital commands and the
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exploitation of measured swells in the canal. The characteristics of the swells generator are
inspired from research works made on the swells canal system by T. Ben Romdhane et al
[21, 22, and 27].
3.1. Generation of tasks and task graph
For the swells generation, we have used Pierson MOSKOWICH spectrum given by the
expression (3) and represented by the Fig. 5. This spectrum is characterized by the
amplification constant α , the gravity constant g , the central frequency fp , and the
extreme frequencies fmin and fmax of the spectrum.
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Fig. 5. Pierson MOSKOWICH Spectrum.

3.2. Command Parameters
To elaborate the digital commands for the swells generation within the canal, we have used
the BORMAN method. It consists of subdivising the energy spectrum into elements of
equal surfaces. Referring to the oceanic waves study, the chosen command parameters are
the average period Tm and the average height H m [27].
These parameters are described by the expressions (4) and (5).
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Taking into account system constraints, studies of the influence of these variables fp , fmin ,
and fmax on the command parameters (Tm and H m ) gave the results of the Table 1.
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Command parameters expressions were thus defined; it remains to determine the central
frequency fp and the amplification constant α according to the Pierson MOSKOWICH
spectrum. So, we must search fp and α according to H m and Tm .
3.3. Swells Generation
The phases of swells generation are resumed in the organization chart of Fig. 6.
Indeed, the first step is the introduction of averages parameters H m and Tm by the
operator. Next, the calculated parameters fp and α of P.MOSKOWICH Spectrum are
used to reconstitute the spectrum. With this spectrum and using the BORMAN
method, the digital commands for swells generation will be deduced. These digital
commands allow the control of the generation system through axis command and
system control interface.
Table 1. Study Results.

Parameters
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unit

f max

2

Hz

f min

0.2

Hz

fp

0.3 - 0.6
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1 – 1.9
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Hm

4 - 13

Cm

Introduction of

H m and Tm

no
Suitable values ?

yes
Calculation of P.MOSKOWICH parameters (

fp

and

α)

Spectrum constitution

Elaboration of digital commands using
BORMAN’s method

Swells generation

Fig. 6. Organization Chart of Swells Generation.

The major problem lies in the determination of appropriate spectrum parameters ( α and
fp ) from the averages parameters (Tm and H m ) introduced by the operator. This brings
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us to an imprecise and uncertain modeling of the system to control. To resolve this
problem, it is suitable to use a heuristic method like the neuronal networks.
4. PROPOSED CONTROL STRUCTURE
The proposed structure (Fig. 7) is principally composed of a supervision unit and regulation
unit. The first unit intervenes to prime the system by generating the initial data. Whereas,
the second unit intervenes to control the system by imposing its dynamics. Such a control
structure is that of the neuronal control according to internal model (NCIM).
The installed filter is of the first-class and low-pass type; it introduces a stabilizing action.
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Fig. 7. The Control Structure of the Generation System.

The neuronal supervisor model describes the relation between the P.MOSKOWICH
variables ( α and fp ) and the control parameters ( Tm and H m ). The conceived model is
based on ANN. The neuronal model has, as inputs, the average periodTm and the average
height H m . It generates the suitable parameters of P.MOSKOWICH spectrum: α and fp .
This model is given by the Fig. 8.
Referring to the relation (4) and (5), it would be simple to determine fp according to Tm ,
then deduce the amplification constant α using the expression (6).

α =

H m (consigne )
H m (α = 1, fp )

(6)

Tm
Hm

Neuronal approach :
Deduction of fp and α

Learning

fp
α

Test and validation

Fig. 8. Deduction of P.MOSKOWICH Parameters.
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Whereas for the regulation process, we have firstly to conceive the DM of generation
system reproducing the system behavior as faithfully as possible. This results in a model
allowing to approximateTm = F1( fp ) and H m = F2 ( fp , α = 1) . Secondly, we conceive the
neuronal regulator. It is to be noted that the estimation of regulator parameters is giving by
using the controlled system model DM.
Finally, we discuss the importance of the installed filter which permits the filtering of error
signal, imposes perturbation rejection dynamics, and reduces the influence of model
uncertainties on the control [17]. The filter must preserve the system dynamics; we have to
choose its parameters judiciously. For this reason, we have chosen a first class and low-pass
filter described by the relation (7) (the z transformation of filter transfer function). By
changing the static gain G of the filter, the filter pole must satisfy the stability condition
( a < 1 ).

F (z ) =

G
z +a

(7)

The adjustment of filter parameters is fixed by minimizing the gap between the system
output and set point.
5. SIMULATION RESULTS
The control of the swells generation system requires, the design of ANN used for the
supervisor, DM, and the IM, on the one hand; and a good choice of the low-pass filter, on
the other hand.
5.1. Neuronal networks structure
The design of neuronal networks (neuronal supervisor, direct model, regulator network)
composes through two phases:

• The choice of the network design.
• Network learning.
For the neuronal supervisor as well as the IM, the chosen ANN is a MLP composed of an
input layer characterizing the control parameter Tm , a hidden layer, and an output layer
characterizing the central frequency fp (Fig. 9).
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Fig. 9. MLP Structure.
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The DM is different in the inversion of the input and the output of the MLP: fp as input and

Tm as output.
We note that:

• si (i = 0, 1, 2) : output vector of the different layers
• bi (i = 1, 2) : biases vector of the hidden and output layer
• Wi (i = 1, 2) :

weights vector between layers.

The network learning is supervised using the gradient back-propagation algorithm and
minimizing the quadratic error.
5.2. Neuronal Modeling
The Organization Chart of Fig. 10 shows the different phases of the conception of the
neuronal model to approximate fp according toTm .
To choose the network design, two surveys were proposed considering two influence
factors, that is:

• Influence of the neurons activation function type.
• Influence of neurons number.
From the obtained results, we found that:

• The activation functions of the sigmoid logarithmic type are the least appropriate to
approximate the central frequency. In fact, the representative curves of fpm give relatively
important gaps (between 1.45×10-5 and 2.45×10-5 Hz) compared with Tm according to fp .

• The neuron number of the hidden layer has an influence on the precision of simulation
results ( fpm compared with fp ).
The most interesting case is given by the choice of the following parameters (Fig. 11-13):

• The type of the chosen activation function is:
• Linear for the input and output layers;
• Hyperbolic sigmoid tangent « Tansig » for the hidden layer.
• The neurons number ( N ) of the hidden layer as well as passage number ( N p ) were
chosen as follows:

• For the DM: N = 3 , N p = 2000 ;
• For the IM: N = 3 or N = 5 , N p = 2000 ;
5.2.1 Neuronal supervisor
After the choice of neuronal model parameters (activation function and neurons number),
the neuronal supervisor will be given by the Fig. 11. To compare the results of the obtained
model with those of the expression, we have illustrated some values in Table 2.
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Table 2. Identification of Central Frequency fp .
Average period
Tm (s)

fpexp ression (Hz)

fpANN (Hz) based on

fpexp ression − f pANN

based on expression

ANN

(Hz)

1.7

0.35

0.3456

0.0044

1.5

0.40

0.3976

0.0024

1.3

0.45

0.4516

0.0016

1.2

0.50

0.5044

0.0044

1.3

0.55

0.5542

0.0042

1.0

0.60

0.6001

0.0001

5.2.2 Neuronal predictor
The neuronal predictor models the average period Tm and average height H m according to
the central frequency fp . The results of this modeling are showed in the Fig. 12.
The noticed gap is due to physical constraints (tolerance intervals fp , H m , and

Tm ).

Since, the expressions modeling the generation process are approximate; this gap doesn’t
have a great influence on the system dynamics since it is reduced by a low-pass filter.
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Fig. 12. Generation Process Modeling: DM.
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Fig. 13. Inverse Model of Generation Process: IM.
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5.2.3 Neuronal regulator
The inverse model of the predictor is presented in Fig. 13. The noticed difference is due to
modeling errors stored.
After determining the DM and IM, we will adjust the filter parameters to guarantee the
system dynamics. To do so, two conceivable cases have been studied to reduce static error:
filter with random parameters and filter with adjusted parameters.
Afterwards, we will show the influence of filter parameters choice on the regulation of the
global system.
i) Random parameters
Firstly, we choose random values of filter parameters as Gt = 2 and a1t = −0.02 (filter
stabilizing the average period Tm ) and Gh = 1.05 and a1h = −0.02 (filter stabilizing the
average height H m ). For the set point values Tmset po int = 1.2 s and H mset po int = 10 cm , the
regulation of system outputs is illustrated in the Fig. 14.
According to the simulation of average period and average height, we notice that the NCIM
regulation of these parameters converges.
We observe that the last iterations of regulation are characterized by a difference between
the set point value and the generation value (gap of 0.78 s for the average period and gap of
1.2 cm for the average height). In fact, this gap is due to the precision quality of the DM
compared with the real process of swells generation and the variation of propagation
duration between the swell generated at the beginning and that from the regulation.
Moreover, we notice that the time of average period convergence is near to that of the
average height. The Table 3 illustrates the convergence time of the parametersTm and H m .
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Fig. 14. Neuronal Regulation of Average Outputs with Random Filter Parameter.
Table 3. Simulation Results.
Set point

System
output

Convergence
time

Gap between set point and output

Tmset po int = 1.2 s , and

Tm

5 iterations

0.7708 s

H mset po int = 10 cm

Hm

6 iterations

1.209 cm

These results show the presence of a noticeable gap between the set point and the output system. This
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choice of filter parameters doesn’t give the acceptable precision of the system, so it has been
necessary to adjust these parameters to attain the desired performances.

The obtained results are not acceptable; this control type which is too much excited can
damage the system. So, it is preferable to adjust the filter parameters.
ii) Adjusted parameters
To resolve this problem, we have elaborated an algorithm determining the pair ( G , a ) to
minimize the gap between the set point and the generation system output. The strategy of
this algorithm says that for every introduced set point, we have to vary the gain G and the
pole a within a clearly defined interval until finding the appropriate values to minimize the
gap.
Let us take the example of the previous set point (Tmset po int = 1.2 s and H mset po int = 10 cm ),
the adjusted filter parameters would be Gt = 1.013 ; Gh = 1.004 ; a1t = −0.002 et
a1h = −0.001 . This choice gives the results of Fig. 15 and Table 4.
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Fig. 15. Neuronal Regulation of Average Output with Adjusted Filter Parameters.
Table 4. Influence of Filter Parameters.
Set point

Tmset po int = 1.2 s and H mset po int = 10 cm

System output

Convergence time

Gap between set point and output

Tm

3 iterations

4.5×10-4 s

Hm

4 iterations

0.003 cm

Referring to the obtained results in the Tables 3 and 4, we notice that with a good choice of
filter parameters, we can ameliorate the convergence time and the precision of the system
outputs. Moreover, the gap between the set point and the system output becomes
infinitesimal (4.5×10-4 s for Tm and 0.003 cm for H m ). So, with a stable filter, we can assure
the stability of the global system in addition to a well stable control.
6. CONCLUSION
For the control of the swells generation system, an approach based on the use of the neural
networks had been proposed and confirmed. The structure thus proposed consists of a
regulation unit accompanied with a supervisor allowing the priming of the system. For this
structure, the chosen neural network type is that of multilayer perceptron with the backpropagation gradient method for the weights updating. Obtained results for the direct model
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and inverse model have well proved that the best reproduction of the swells generation
process behavior is represented by Pierson Moskowich’s model.
The choice of the filter is sensible. Indeed, it must limit the perturbation and not the system
dynamics. For the proposed structure, obtained results confirm the system requirements
when imposing its dynamics. Moreover, the simulations made with the proposed regulator
show that the latter assures the system convergence. Results and performances given by the
neuronal control, relying on the NCIM, are acceptable. Thus, we can generate a command
law against perturbation while the model reflects as faithfully as possible the swells
generation process. Then, the control quality depends essentially on the real process
modeling, since every model always presents an error compared with the real system. This
situation has an influence on the rapidity and the convergence gap.
Finally, we can say that the system remains subject to development in order to improve
results already obtained. Other approaches like those of genetic algorithms and expert
systems can be envisaged.
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