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Abstract: The main content of this article is to build a hybrid algorithm between genetic algorithm and Recurrent Perceptron
Learning Algorithm to determine the weight set for standard cellular neural networks. In particular, the Recurrent Perceptron
Learning Algorithm was announced by Gukzelis in 1998 to determine the weight set for CeNNs, however, the nature of the
algorithm built according to LMS learning rules means there is still a possibility of local convergence problems of algorithm.
Meanwhile, the genetic algorithm originates from natural selection problems and is capable of determining the local optimal
domain of the problem. Therefore, the GARPLA hybrid algorithm will fully determine the optimal weight set for the CeNNs
network, reducing potential local optimization problems encountered in the RPLA algorithm.
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1. Introduction

Currently, the application of neural networks to image
processing problems such as edge detection and separation [1],
[2] is becoming increasingly popular. Convolutional neural
networks are derived from multi-layer Perceptron networks
[3], which have been matured and are available in commercial
versions. Another current research direction is to use recurrent
neural networks to embed integrated circuits for specific
image processing problems [4]. Cellular neural networks are
one of the typical structures of recurrent neural networks
capable of high-speed image processing [5], [6] and
embedded in integrated hardware circuits such as FPGA and
ASICS [7]. Therefore, research and development of content
related to cellular neural networks needs to be promoted and
implemented in the current context.

Because the cellular neural network belongs to the
recurrent network class, the weight determination is usually
used according to Hebb's law and only determines the
response weight A. Thus, the influence of the B and I weight
matrices are not considered to the network structure. In 1998,
Gukzelis [8] proposed an RPLA algorithm to fully determine
the weight set for CeNNs. However, the origin of the
algorithm comes from the LMS method, so there is a
possibility of a local extrema problem with the algorithm
results. In order to minimize this case, we build a hybrid
algorithm between genetic algorithm and RPLA to determine
the global optimal value for weight matrices for CeNNs
network.

2. Methodology

2.1. Stucture of Celullar Neural Networks

CeNNs are built and developed based on the architecture
of an analog circuit [9]. Each circuit of CeNNs is considered
a cell, which contains linear components such as capacitor C,
resistor R, and nonlinear components including nonlinear
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control sources and external sources.
The system of dynamic equations of basic CeNNs is as
follows:

€2 = — (O + Benen 0y AL e, D yia () +
Zknen, i) BLA, ji ki, Dy +1 (1)
0<ik<M;0<jI<N
Output interaction function:
yi(©) = 5 (% (©) + 1] = |y (0 = 1]) )
Constraints for stable CeNNs:
Al j k D=A1(k I i, ) 3)
Assumed conditions
w;<1;x;(00) <1 4)

In there:

r: neighborhood radius of cell C(i, j). This problem uses the
neighborhood radius » = I, then C(i, j) is affected by 08
neighboring cells and the feedback of C(i, j) itself.

C, R,: capacitor, resistance of CeNNs

A1(i,j; k,1),B1(i,j; k, 1) . weight matrix describes the
connection between cell C(7, j) with neighboring cells C(k, 1)
of the output and input signals respectively; size (3x3).

(i, j), (k, [): represents the position of the cell in CeNNs of
size (MxN).

M, N: number of cells of CeNNs horizontally and vertically,
respectively.

I: threshold matrix, size (1x1).

x;j(t) € R™: cell state (i, j), size (MxN).

¥ij(t) € R™: network output signal matrix; size (MxN).

w;; € R™: input signal of the network; size (MxN).

Thus, the network structure outlined in equation (1) is
depicted in the following form:



A1(i,J; k1)

Yout)

Figure 1. Structure diagram of the CeNNs

2.2. Hybrid Algorithm GA combined with
RPLA (GARPLA)

As demonstrated in the preceding text, the Perceptron
algorithm emerges as a distinct instance of LMS learning
rules, indicating a propensity for local convergence in its
outcomes. This document introduces an algorithm designed
to secure global optimization, incorporating a fusion of GA
and RPLA algorithm. The GA assumes a pivotal role in
delineating the global optimal value domain, while the RPLA
algorithm guarantees the identification of the algorithm's

extreme point. The details of this approach are outlined below:

To implement the hybrid algorithm, we divide it into two
steps:

Step 1: Use GA to calculate a set of weights for CeNNs.
Then, this set of weights is guaranteed to be in the globally
convergent value range of the weight sets.

Step 2: From the weight sets calculated from GA, select the
initial weight matrix for the RPLA algorithm. Use the RPLA
algorithm to calculate the globally optimal weight set for
CeNNs.

2.2.1. The GA for Cellular Neural Networks

The genetic algorithm is a prominent method in
evolutionary computing extensively used for addressing
optimization challenges, particularly notable for its
application in the field of neural networks [10], [11], [12].
This article presents the application of genetic algorithms
within the framework of cellular neural networks. The
algorithm is employed to calculate the initial set of weights,
including A1, B1 and I that is the input for the next learning
phase.

In the content of the article, we want to use a cellular neural
network for the problem of determining object image
boundaries. Therefore, besides being based on the input
learning sample set, we need to choose appropriate
parameters of the GA for the cellular neural network
including the following:

Gene: A base-10 gene, representing the digits in each
chromosome, is chosen for our selection process. Given that
the computation of Cellular Neural Networks (CeNNs)
involves a continuous optimization process, the adoption of
the base-10 gene is particularly fitting. The utilization of these
decadal genes has the capacity to enhance diversity within the
population, contributing to a more comprehensive exploration
of the solution space.

Chromosomes: includes all operands in the set of weight
matrices Al, B1, I. However, according to the condition in
equation (3), the matrix Al is symmetric, so only five values
(chromosomes) need to be determined. Meanwhile, we
consider matrix B1 to be symmetrical similar to A1 for ease
of calculation, so we only need to determine five weights
(chromosomes) and one chromosome of I. Thus, there are a
total of 11 chromosomes that need to be symmetrically
determined with cellular neural networks. Here, we use the
limit value of chromosomes from: -99.99 to +99.99
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Population: Includes 11 parent populations corresponding
to 11 chromosomes whose weights need to be determined. In
particular,each parental population includes 5 father
individuals and 5 mother individuals to serve the Crossover
process.

Fitness function: We use the fitting function which is the
least squared error function. Because the purpose of the
learning process is to determine the object boundary in the
image, when the sum of squared differences between the
desired output image and the calculated output is less than an
emin Value, the learning process ends.

Determine the state value, input and output of CeNNs.

The GACeNNs algorithm is presented specifically as
follows:

Input:

i) The cellular
expressions (1) to (4)

i) Deviation value ¢, for Genetic Algorithm

neural network structure satisfies

iii) Choose the initial set of Weights matrices:

a;1[0] a12[0] ay3[0] byy[0]  by2[0]  by3[0]

a15[0] a;5[0] ay,[0]|, B1[0]=|by,[0] bys[0] by[o]|, I[0]=1[0]
a;3[0]  ap,[0] ay,[0] by3[0]  byp[0] by [0]

A1f0] =

iv) Select 11 initial parent populations, with base 10 Genes,
each parent individual has 5 Genes (including markers)

v) Choose the rate of hybridization and mutation

Output: Weight set of CeNNs

Step 1: Initialize

Initialize the initial conditions of the algorithm according
to the data provided in Input.

Step 2: Evaluate the fitness function:

E= %(df} - yisj)z = Emin

Step 2.1: If E > E,,,;,then go to step 3;

Step 2.2: If E < E,;;, the weight value satisfies the
problem. Go to step 6;

Step 3: Calculate the state value x;;(t), the calculation
output y;;(t) of CeNNs.

Step 4: Crossover

Perform a crossover of each parent population for each
weight of CeNNs, select the optimal chromosome in the new
chromosome population generated during the breeding
process by how to calculate the fitness function value
generated by each new chromosome. The new chromosome
that creates the smallest fitness function will be selected to
replace the original chromosome of CeNNs. Each
chromosome undergoes training following the principle of
left-to-right, top-to-bottom progression, in the specified order
from matrix A1, Bl, up to I.

)

Step4.1: When E = %(df] - yisj)z < epipmoving to step
6;

Step 4.2: When E = %(dfj - yf]-)z > ein moving to step
5;

Step 5: Perform mutation for some weights in the network.
Return to step 2 to determine the weight matrix for the next
rounds.

Step 6: Stop the algorithm

2.2.2. The RPLA for Cellular Neural Networks

The regression Perceptron algorithm is used to calculate the
weights of standard CeNNs in steady state [13]. In 1994, C.
Gukzelis proposed the RPLA algorithm by combining the
response matrix Al, input matrix B1, and threshold matrix I
into weight matrix W [14]. When standard CeNNs reach a



stable state then (1) has a left-hand side equal to 0. Then, (1)
can be rewritten as follows:

1 -
Exij(t) =1+ Ywpen, )ALl J; kD y (t) +

Yaenen, i) BLA, j3 k, D uy (6)

Set W matrix:
W =[AT BT I] @)

And Y matrix:
Y;i(®) = i uig 1] (3)

It is easy to see that when considering the chosen R, as a
standard unit, equation (3) in steady state is equivalent to the
feedforward Perceptron network:

Axij(e) =[] « W= [[)’i.j]T []" I]T W (9)

So from equation (), the recurrent CeNNs structure has
transformed into a 1-layer feedforward network. Then the
network's learning rules will be used according to the trial-
and-error method as follows:

dwy; = wii(n+1) —w(n) = —a * (df; — yjj ()Y

(10)

Trong do:

dj;: desired output signal

i (0): Actual output signal at steady state

a: learning rate

Y{rj: The input to the network corresponds to each cell
location

The sequence of steps of improved Perceptron learning is
as follows:

Input: Given:

1) Set of CeNNs
(@, x(0)), ),

2) Learning rate o.

3) Select e2min for RPLA

4) Use the set of weight matrices calculated from GA.

Output: the parameter set of CeNNs

Step 1: Use a set of weight matrices calculated from the
results of the GA algorithm

Step 2: Calculate the total difference between the output
yg (o0)and the known desired pattern d;

1. If the total error is less than the value ezuin, g0 to step 6

2. If the total error is more than the value ezmin, g0 to step 3

Step 3: Update the CeNNs' weight set;

Step 4: Calculate the state value xis. [n]

Step 5: Calculate the output of the network yijs. [n]; return
Step 2

Step 6: Finish.

training samples including

3. Experiment

3.1. Problem Statement

Give: i) the structure of the CeNNs according to the
equation (1) to (4);

ii) the network training templates [(xl-s]-(O),uisj), dfj]with
size of §*8, 03 templates for learning algorithm follow Figure
2 below.

Need to detection the edge of image. To solve the problem,
need to perform 02 phases: Learning phase and pattern
recognition phase.
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3.2. Learning Phase

3.2.1. Genetic Algorithm
Choose a network structure described by expressions (1) to

“)
Select the initial weight matrix set of CeNNs:
0 0O 0 0O
A1[0] = [0 2 0|, B1[0] = [O 0 of; I[0]=1
0 0O 0 0O

Select minimum error €imin= 10
Select the appropriate parameters Genes, Chromosomes,
Populatiosn, and fitness function according to sections 2.2.1

Figure 2. Templates for image processing

For each weight in the network, we follow the ordering
principle from matrices A1, B1, and I. The calculation of all
corresponding weights defines an epoch, with 11
chromosomes per epoch. Remarkably, after the 6th epoch, the
total error converges to the desired optimal value. The
calculated weight values constitute the sought-after set,
concluding the weight calculation algorithm for SOCeNNs
using the genetic algorithm. The resulting set of matrices is as
follows:

1.27 -1.06 -2.05 —-283 -314 0.7
Al[6] =| -42 698 —42|, Bl[6]=|(027 9.64 027 |, I[6]=-4.55
—-2.05 -1.05 1.28 07 -3.14 -283

3.2.2. Recurrent Perceptron Learning Algorithm

Leveraging the outcomes derived from the Genetic
Algorithm (GA) and the training sample set outlined in the
previous content, the learning process for the network unfolds
through RPLA. The objective is to ascertain the globally
optimal weight set for the cellular neural network. During the
learning process using RPLA, we reduce the minimum error
compared to the minimum error of GA, here choosing €min =
4, and select learning rate o = 0.01. In the learning process
employing RPLA, we achieve a set of matrices after 12
epochs. These weight matrices lead to the total error between
the output and input of the three samples reverts to the desired
minimum value.

113 -124 -213 —-3.08 -384 02
A1[12] = | -44 -645 -44| B1[12]=[0.18 8.56 018 |, [12] =542
—-213 -105 113 02 314 -3.08

Using this ultimate set of weight matrices, the objective is
to generate actual output matrices closely mirroring the
desired output matrices. This signifies the successful
completion of the edge detection problem through RPLA,
achieving the desired level of accuracy.



3.3. Pattern Recognition Phase

Using the set of weights acquired through the hybrid
algorithm of GA and RPLA, we conducted experiments on
the image edge detection problem. Employing the PyCeNNs
image processing algorithm developed for Cellular Neural
Networks from an open-source code on Github, implemented
in Python, we carried out two distinct testing phases as
outlined below:

Case 1: In this scenario, a 256x256 input image previously
processed by independent algorithms GA and RPLA to extract
image edges is utilized. In the left image (Fig 3.a), diverse
blocks are arranged without fixed principles. Conversely,
Figure 3.b portrays the object after boundary separation. The
outcomes from these algorithms describe the object
boundaries are clearly defined, showcasing a smooth and
uninterrupted appearance.

.

>
Y ™

a. Input image
Figure 3. Result of edge detection in image processing

b. Output image GARPLA

Case 2: Opting for a black and white image featuring a
zebra head (Figure 4) with dimensions (474x316) as the input
image, the image produced through the collaborative GA and
RPLA algorithm presented the boundary of the zebra's head.
It's essential to observe that, in this instance, the GARPLA
algorithm does not effectively reveal detailed and distinct
object boundaries in the image.

d.  Output image GARPLA

c.  Inputimage

Figure 4. Result of edge detection in image processing

Through the above two test cases, using visual methods, we
found that for small sized, less complex images, using CeNNs
separation is completely appropriate. Meanwhile, for the
image of a zebra head with large size and many complex
details, CeNNs have not completely solved the problem of
object boundary separation. In fact, we also conducted many
different cases but all got the same result.

4. Summary

The article details the Perceptron regression algorithm and
the genetic algorithm to clarify how to calculate the weight
set for the cellular neural network. From there, build the
GARPLA algorithm by hybridizing the above two algorithms.
The advantage of this algorithm is that it helps us fully
calculate the weights of CeNNs without local optimization
occurring. Calculating weights according to this algorithm
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ensures CeNNs are stable and applicable to specific
processing image problems. The algorithm was tested in
image processing to determine the boundaries of different
objects, and encouraging results were obtained.

From the results of the article, we find that CeNNs have
suitable applications for image processing problems.
However, the image matrix is large in size so the use of high-
order CeNNs is necessary. The next development direction is
to build weighting algorithms for high-order CeNNs. Our
research team is conducting trials in new research directions
that can be applied to more complex problems.
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