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Abstract: Convolutional neural networks (CNNs) are the most important branch of deep learning (DL) and have
experienced rapid development in recent years. A major challenge in using these networks is their large number of
parameters, which result in high computational and time costs in real-world applications. In many cases, this increase in
costs is due to the design of deeper networks with more parameters for achieving higher accuracy. The present paper
employed evolutionary algorithms (EAs) to introduce a method that can identify the best weights and use them to
construct more accurate CNNs, hence eliminating the need for deeper networks. At the end of the article, the CNN

obtained from the proposed algorithm is compared with the best existing CNNs; which shows that the proposed CNN has
increased the classification accuracy, while the number of its parameters is much less, and as a result, it saves computing
resources and time.
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Extended Abstract

1- Introduction

Convolutional Neural Networks (CNN) is one of the most
popular and widely used deep learning techniques, which
has made significant progress in most machine learning
methods in recent years [1-3]. The most important
advantage of these networks compared to previous
techniques is the extraction of features from images
automatically without the need for the presence of a human
observer [1]. This has caused the creation of convolutional
neural networks with different architectures, each of which
contains millions of parameters in convolutional layers to
extract features from images. The large number of these
parameters makes learning the network very time-
consuming, and it also makes it difficult to hyper-adjust
the parameters related to learning because every small
change in the network configuration will cause a change
in several million parameters, and due to the long learning
time, behavior analysis The network becomes a problem
[4, 5]. Due to the necessity of multiple training of these
networks in real applications, it is necessary to use
methods to reduce the number of parameters or design a
network with optimal parameters [6, 7].

2- Methodology

Before convolutional neural networks entered the field of
competition, the most important obstacle for image
classification algorithms was the selection of appropriate
features from images. These features should be selected
considering the desired application in such a way that they
represent the desired entity and are resistant to changes
such as rotation, resizing, brightness, color, and occlusion.
With the advent of convolution networks by Alex and his
colleagues [22], finding these filters is done automatically.
In this way, at first, thousands of filters are considered in
the form of convolution layers, and during learning,
suitable values for these filters are obtained. In other
words, at the end of learning, we have filters by which we
can extract the features that are effective in learning. Fully
connected layers (FC) also perform classification work.
In this article, we have designed a mechanism by which
more effective filters can be found and used in network
training. By using this mechanism, the accuracy increases
significantly and there is no need to increase the depth to
achieve higher accuracy.

The output of the proposed algorithm is a convolution
network that has the same architecture, but its weights are
selected in such a way that it has maximum accuracy. This
algorithm consists of the well-known steps of the genetic
algorithm, the parts of generating the initial population,
evaluating the population, producing offspring, and
selecting the new generation will be described in the
following subsections. At the stage of initial population
production, to build the initial population, first N
convolution networks are built with the architecture
mentioned in the input of the algorithm and their weights

are assigned with random values. Then, based on the input
F, a subset of the training database, whose number of
members (K) is calculated at the beginning of the
algorithm in Table 2, is randomly selected and the desired
CNN is trained with it. To calculate the fit of each of the
networks (individuals), we use the test dataset, which is
defined as the input of the algorithm. This dataset is given
to each person and their accuracy in classification
constitutes the fit value. In most famous datasets, a subset
of data is introduced as the test set, which we use to
evaluate people [23, 28]. The pseudo code of this section
is given in Table 3.

3- Results and discussion

Although all CNN architectures can be used as the basic
architecture in the proposed algorithm, it is better to use
architectures that have less diversity in their layers. The
existence of several FC layers or the use of layers with
different filter sizes reduces our control over the analysis
of algorithm behavior. Considering this point, we have
used Resnet-32 architecture as the basic architecture.
Another reason for choosing this architecture is that there
are deeper versions of this architecture with more
parameters and the results obtained from the final network
can be compared with them. The following results are the
result of running the proposed algorithm on a Geforce
GTX 1080 Ti GPU card. DenseNet-BC and Resnet-32-GA
have relatively similar accuracy, but the number of
parameters of Resnet-32-GA is about 66% less. But in the
case of VGG-19, although the number of parameters of the
proposed algorithm is only 0.01 of the parameters of
VGG-19, it has increased the accuracy to 2.31%. Genetic
CNN and CNN-GA algorithms are algorithms in which the
design of the final network is done automatically - for this
reason, the time cost of these algorithms is very high and
in the range of several GPU days. However, Resnet-32-
GA has a 2.51% increase in accuracy compared to the
network produced by Genetic CNN, and it has
approximately the same accuracy as CNN-GA.

4- Conclusion

The subject of this article was to present a method to find
more effective parameters in deep networks and as a result
achieve higher accuracy and reduce time and processing
costs, while with this work, the need to design deeper
networks is eliminated. In order to complete this work, a
method based on genetic algorithm was presented, which
significantly improved the accuracy compared to the
existing methods. Since most of the filters of convolution
layers of deep networks are 3*3 filters, our focus in this
article has been to select effective filters with the same
dimensions, for this reason, Resnet-32 was chosen for
conducting tests, and most of its filters have dimensions of
3 It is *3. But in future work, this algorithm can be
extended to select filters with other dimensions and, as a
result, the ability to implement on more complex
networks.
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P: Population size
M: Maximal generation number
D: Training images dataset
F: Fitness function
Begin
Py < The initial population generated by
the pseudo code of Table2
t<0
while t <M do
Fitness evaluation for all individual
using pseudo code of Table 3
G; < new generation from the selected
parent using pseudo code of Table 4
P.,1 « New population selection from
P; U G, pseudo code of Table 6
t—t+1
end while
Return individual with highest fitness as CNN
with best weights
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N: Population size

Model: CNN Architecture Model
T: Precision threshold

F: Subset fraction factor

Begin
M,y < initiate n network based on Model
K < number of dataset elements X (1/F)
Py« 0
fori=1to Ndo

D; « Random subset of dataset with K

element

Train M; while satisfying T

Py < Py UM;
end for

Return The initialized population as P,

Corazr (255l et )Nl 4 bgy o 05 Al :(Y) Jour
P: Population
Dt: Test dataset for evaluation

Begin
for all individuals in P do
value « classification accuracy on Dt
end for
Return The Population P of the individuals
with their fitness values

! Overfitting
2 data augmentation
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L: Number of convolutional layers with dim 3 x 3
Pool: input pool from pseudo code of Table 4

Begin
C <« initiate a model with desired architecture
fori=1,..,Ldo
SelectedWeights <« @
N, < Number of filters in C.layer;
FilterCollection < RandomSelect(Pool; ,Ny)
SelectedWeights « SelectedWeights U
FilterCollection
+ Load SelectedWeights to layer; of C
end
Return The generated child as C

function RandomSelect(Pool , Np)
Begin
outFilters « @
fori=1,..,N,do
SelectedFilter « random select from Pool
outFilters « outFilters U SelectedFilter
end for
Return outFilters

o Juad QL oy )93l 4 gy o 0 4l :(P) Jgur

P,: The Parent population in epoch t
G,: Population of offspring produced in epoch t
Begin
A « P, UG,
Pyg <0
while |P;,,| < 0.2 X |P;| do
p <« individual with the best fitness in A
Py <Py UD
end while
while |P;,,| < |P;| do
P1, P2 < Randomly select two indivisual
from A
p « Select the one with better fitness
from {py, p,}
Py < Py Up
end while

Return The next generation population P, ;
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P: The Population
E: Number of epochs to train new child
L: Number of convolutional layers with dim 3 X 3

Begin
G <0
while |G| < |P| do
k < Randomly select a number
inrange [2,|P] ]
S « Randomly select k individual from P
forl=1,.,Ldo
Pool} « @
F « Aggrigate filters in
layer | of S elements
Pool, « Pool; U F
end for
newChild « the returned individual from
pseudo code of Table 5
Train newChild for E epochs
G < G U newChild
end
Return The new generation has been produced as G
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