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1. INTRODUCTION   

Animal recognition and classification have been

considered as the forefront topic of computer vision.

The problem with the automatic system is that,

Animals do not appear individually at a scene rath-

er it takes all the natural objects around it.

Therefore, for the computer, it has to rectify the

animal figure first and then classify it where hu-

mans can easily concentrate only on the animal.

Besides, animals may appear under different illu-

mination conditions, viewpoints, scales and shapes

[1]. Methods for classifying human faces have been

established with great accuracy but for the animal

classifications, those methods have been proved far

from accurate because of the diversity of animal

classes with complex intra-class variability and

inter-class similarity [1]. Researchers have at-
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tempted several approaches to solve these prob-

lems with each one having its benefits and draw-

backs. However, in recent years, Convolutional

Neural Networks (CNN) based classification meth-

ods have gained a lot of attention. When the CNN

layers go deep meaning if it has a large number

of layers then it is called Deep Convolutional

Neural Networks (DCNN). The examples of such

networks are, Alexnet [2], GoogleNet [3], VGG19

[4], etc. However, these networks are fully con-

centrated on the classification task regardless of

any specific kind. Some works like the one Tibor

Trnovszky et al. introduced in [5] and Guobin Chen

et al. introduced in [6] have concentrated on the

animal classification. These networks followed the

general forms of CNN and achieved a high accu-

racy rate.

So, inspired by all of these works, we decided

to build our classification model which produces an

astonishing accuracy rate comparing to its related

works. Since there are high-end classification

methods available in the market such as Alexnet

[2], GoogleNet [3], VGG19 [4], etc, we decided to

build a DCNN algorithm which will have low com-

puting cost but high accuracy rate.

We began by collecting and modifying ten thou-

sand animal faces of ten classes. Then we went

on to build our dual DCNN, which is consisted of

updated layers such as the Exponential Linear Unit

(ELU) layer and Batch Normalization Layer.

Usually, all the DCNNs at present use the Rectified

Linear Unit (ReLU) but it constrains us from tak-

ing any non-zero values, which eliminates useful

features to be analyzed by the DCNN. In addition,

the use of the Batch Normalization layer enables

the DCNN to calculate any large size dataset.

The notable feature of our model is that it is a

dual DCNN network. Conventionally, CNNs are

configured in a linear manner where all the layers

of DCNN normally come one after another. The

more we add layers to it, the more it gains

accuracy. It sometimes leads to a complex and

computationally high-cost algorithm. Therefore,

we intended to build a network that would be effi-

cient enough to operate as well as achieve the de-

sired accuracy rate. Another purpose behind such

action was to give our DCNN the higher ability

that it needs to analyze large datasets as well as

removes the notion of increasing the number of

layers. We also trained our model with the Sto-

chastic Gradient Descent with Momentum ‘SGDM’.

All of these modifications are advocated by the ac-

curacy rate of our network, which outpaces the

methods proposed by Tibor Trnovszky et al. [5]

and Guobin Chen et al. [6]. This article discusses

Tibor Trnovszky et al. [5] and Guobin Chen et al.

[6] works in the related works section which is

then followed by our proposed DCNN method, ex-

perimental results, and the conclusion.

2. RELATED WORKS

The image classification algorithm takes the im-

age as input and returns output what the image

contains [5]. CNN based Animal Classification

System also shares the same principle. The CNN

based Animal Classification System can be de-

scribed in three steps i.e. the pre-processing step,

the feature-learning step, and the classification

step.

Firstly, in the pre-processing step, the input im-

age goes through a rescaling and image augmenta-

tion process to maximize the effect of factors that

influence the animal classification algorithm [5].

Secondly, in the feature learning step, the features

of the input image are calculated using the con-

volution algorithm and at last in the classification

step, it builds a predictive model using the features

from the training data [7]. These predictive models

use the learned features from the training data and

compare them with the new data (test data/ vali-

dation data) to estimate their class labels [8]. The

output classes are specific and the user can learn

the exact name of the class based on the prediction
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ratio.

The CNNs are a branch of neural networks that

have been tested effectively in areas such as image

recognition and classification. CNN has been suc-

cessful in identifying animals, faces, objects and

traffic signs apart from powering vision in robots

and self-driving cars [5]. Here, we will discuss two

classification methods based on DCNN, which

solely concentrated on animal face classification.

Later, we will discuss our proposed dual DCNN

based animal face classification system.

2.1 DCNN of Tibor Trnovszky et al.

In this paper [5] Tibor Trnovszky, et al. dis-

cussed a fully connected DCNN dedicated to ani-

mal face classification. They built their network to

classify five animal classes i.e. bear, hog, deer, fox,

and wolf. The input image of their network con-

tains 1024 pixels with a dimension of. For the ex-

planation, they divided their DCNN into 8 blocks.

All of the blocks are connected one after another.

In the first block, they used animal faces from

the dataset as input data. To improve the computa-

tion time, animal faces were resized to 32×32×3

pixels while they were passing into the input layer.

They used image augmentation to provide better

experimental results. That means that the input

data were scaled, rotated and shifted. In the second

block, a 2D CNN layer was used that contains 16

feature maps with a 3×3 kernel dimension. This 2D

CNN layer was then followed by a ReLU layer as

an activation function. The output of the second

Fig. 1. Representation of the proposed method.
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block goes into the third block, which contains a

max-pooling layer. This layer contains a kernel di-

mension of 2×2 that subsequently followed by a

dropout layer with a probability of 25%. They used

a dropout layer to reduce the overfitting issue.

Then in the fourth block, there is another set of

2D CNN layer and the ReLU layer. They used the

same number of parameters as the second block

except for this time the number of feature maps

was doubled to 32. As like before, they used anoth-

er Max Pooling layer and a Dropout layer with the

same value as in block three in the fifth block. All

the feature extraction layers finish here, which is

then followed by a standard dense layer or popu-

larly known as the fully connected layer in the

sixth block. This dense layer has 256 neurons and

a ReLU layer as an activation function. The output

of the fifth layer turns into a vector and resides

in these neurons. Then, the seventh block occupies

a Dropout layer with a probability rate of 25%. At

last, in the eighth block, the output dense layer or

the fully connected layer was used for five animal

classes with a softmax activation layer.

The notable feature of this network is that they

used the ReLU layer as the activation layer and

the dropout layer to reduce overfitting. There are

some drawbacks of these layers such as ReLU

does not allow non-zero values to be taken as fea-

tures and some useful features may get overlooked

due to the use of the Dropout layer. The structure

of this network has been depicted in Fig. 2.

2.2 DCNN of Guobin Chen et al.

In this paper [6], Guobin Chen, et al. discussed

a novel DCNN based species recognition algorithm

for the wild animal classification on very challeng-

ing camera-trap imagery data. Their dataset con-

tains a total of 20 animal classes with 14,346 im-

ages for training and 9,530 for testing purposes.

The images of their dataset were captured with the

motion-triggered camera. The moving foreground

of the animals was selected as the region of inter-

ests and was fed to their DCNN based species rec-

ognition algorithm. They designed their DCNN

with 3 convolutional layers and 3 max-pooling

layers. All of the convolutional layers have a kernel

with a size of 9×9 and pooling layers have a kernel

with a size of 2×2.

Their DCNN begins with an input layer with a

dimension of 128×128. Therefore, they scaled their

dataset to 128×128 to match the input layer di-

mension. Right after the input layer, they added the

first convolutional layer that applies a 2-D con-

volution to the 128×128 input layer. The output of

the first convolution layer was a 120×120 matrix.

Then they used a 2×2 max-pooling layer on the

output of the first convolution layer. The first pair

of convolution and max-pooling layers produce 32

feature maps of dimension, which were fed as the

input for the second convolution layer. For each

Fig. 2. The DCNN of Tibor Trnovszky et al. [5].
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kernel in the second convolution layer, they applied

the convolution function to each input matrix and

took the average to get an output matrix. The out-

put of the second convolution layer was 64 feature

maps with a dimension of 52×52. Then they used

the second max-pooling layer that eventually pro-

duces 64 feature maps with a dimension of 26×26

for each of the matrices. As like before, the second

max- pooling layer was followed by a third con-

volution layer, but this time the number of feature

maps was reduced to half. They set 32 feature

maps for the third convolution layer with a di-

mension of 9×9. Subsequently, the third pooling

layer comes with a dimension of 2×2 and produces

an output of 32 feature maps with a dimension of

9×9 matrices. After finishing the feature extraction

process, the output goes to the first fully connected

layer and turns into a vector. The dimension of the

vector was 2592. This first fully connected layer

was then followed by another fully connected layer

and a softmax layer. The softmax layer has 20

neurons that determined the label of the input

image. They also used a data augmentation [2] step

during their training stage to bring variation in the

learning process. The structure of this network has

been depicted in Fig. 3.

One conspicuous point of their DCNN is that

they did not use any activation layer. This means,

all the features that were extracted by the con-

volution layers were analyzed. The drawbacks of

such use are that it makes the whole system heavy

as well as it is unnecessary to use all the features.

Another point is that they did not use any dropout

layer. There are both merits and demerits of using

the dropout layer. It is advised to use a dropout

layer while the DCNN works with a large dataset

or it produces many features.

3. PROPOSED METHOD

The proposed dual DCNN can be divided into

two parts- feature extraction layers and fully con-

nected layers. In Fig. 4, Block 1 to Block 4 repre-

sents features extraction layers and the rest of it

represents fully connected layers. There are four

Convolution layers, four Batch Normalization lay-

ers, five Exponential Linear Unit (ELU) layers,

four Max Pooling layers, two Fully Connected lay-

ers and one of each Input layer, Softmax layer, and

Classification output layer.

Our proposed DCNN begins with an Input layer

with a dimension of 227×227. Right after the Input

layer, the DCNN follows four sets of feature ex-

traction layers working dually with each other. For

explanation, we have labeled those four sets of the

feature extraction layers as Block 1, Block 2, Block

3, and Block 4. All of these blocks contain each

of a Convolution layer, a Batch Normalization lay-

er, an ELU layer, and a Max Pooling layer.

As shown in Fig. 4, Block 1, the Convolution

Fig. 3. The DCNN of Guobin Chen et al. [6].
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layer applies convolution function with a dimension

of 5×5 and a stride of 4×4. This produces an output

of 56×56×256. A Batch Normalization layer then

normalizes this output. The normalized features

are then forwarded to an ELU layer where the

maximum number of useful features are extracted.

Then, Max Pooling layer pools features from the

output of the ELU layers with a dimension of 5×5

and a stride of 4×4. This produces an output of 13×

13×256.

In Block 2, this same operation is followed ex-

cept this time the Convolution layer applies con-

volution function with a dimension of 7×7 and a

stride of 4×4. This produces an output of 57×57×

256. Like Block 1, this output goes through a Batch

Normalization layer and an ELU layer. After that,

a Max Pooling layer applies pooling function with

a dimension of 13×13 and a stride of 4×4 and pro-

duces an output of 13×13×256.

Eventually, an Addition layer elementwise adds

the outputs of both of the Max Pooling layers from

Block 1 and Block 2 and produces an output of 13×

13×256. After that, it forwards the output to the

next sets of the feature extracting layers that con-

tains similar elements as the first set of layers ex-

cept for this time the number of feature maps be-

comes double.

In Block 3, the Convolution layer produces 512

feature maps by applying a convolution function

with a dimension of 3×3 and a stride of 2×2. This

produces an output of 6×6×512, which is then nor-

malized by a Batch Normalization layer. These

normalized features then go through an ELU layer.

As like before, this ELU layer makes sure that only

the useful features are extracted and forwarded to

the next layers. A Max-Pooling layer then applies

pooling function with a stride of 1×1 and produces

an output of 4×4×512.

On the other hand, Block 4 follows a similar op-

eration by applying a convolution function with a

dimension of 5×5 and a stride of 2×2. This oper-

ation produces an output of 7×7×512, which is then

going through a Batch Normalization layer and an

ELU layer. A Max-Pooling layer takes the output

of the ELU layer and applies pooling function with

a dimension of 7×7 and a stride of 4×4 and produces

an output of 4×4×512.

Again, an Addition layer elementwise adds the

outputs of both of the Max Pooling layers from

Block 3 and Block 4 and produces an output of 4×

4×512. At this point, the feature extraction oper-

ation is finished and ready to be forwarded for the

first Fully Connected layer.

The first Fully Connected layer takes the output

of the second Addition layer and turns it into a

vector. This vector is then occupied by the 512

neurons of the first Fully Connected layer and then

forwarded to the third and last ELU layer. After

the application of ELU function, only the 10 best

features are forwarded and occupied by the 10 neu-

rons of the second Fully Connected layer. Then a

Softmax layer applies a softmax function on the

output of the second Fully Connected layer and fi-

nally forwards it to the Classification Output layer.

Fig. 4. Our proposed DCNN structure.
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The Classification Output layer decides the most

activated features and labels them with their cor-

responding class names. The whole operation has

been depicted in Fig. 1.

3.1 Advantages of proposed dual DCNN

When we started building our DCNN, our goal

was to create a network of low computing costs

but high in the accuracy rate [9]. We have chosen

dual DCNN because of its efficiency over linear

DCNN. In addition, our proposed DCNN has been

built with the state of the art layers i.e. Batch

Normalization layer and Exponential Linear Unit

(ELU) layer. Since we are dealing with a large da-

taset, our purpose was to generalize the dataset

and take the strongest features by using those

layers.

3.1.1 Dual DCNN vs Linear DCNN

The dual DCNN is more efficient and accurate

than linear DCNN due to its structural config-

uration. The term ‘dual’ comes from its structure.

It is apparent that in Fig. 4, Block 1 and Block 2

share the same input. They execute the feature ex-

traction in a similar manner and in the end, they

are combined by an Addition layer. This same op-

eration is followed by Block 3 and Block 4. This

operation resembles dualism thus we have labeled

our proposed DCNN as dual DCNN. On the other

hand, the works of Tibor Trnovszky, et al. [5] and

Guobin Chen, et al. [6] are perfect examples of line-

ar DCNN structure.

In linear DCNN, the layers are stacked one after

another forming a linear shape for feature ex-

traction. According to the hyper-parameter set-

tings, these layers produce weights. Since it is

one-way feature extraction, the DCNN only learns

those features. For example, in the work of Guobin

Chen, et al. [6], the first set of convolution layer

and max-pooling layer produces 32 feature maps

of dimension 60×60 by applying a convolutional

kernel size of 9×9 and a pooling kernel size of 2×2.

In this linear structure, the DCNN only have those

weights to learn because there is no variety in the

hyper-parameters settings.

On the other hand, in dual DCNN, the layers are

designed with different hyper-parameters that pro-

duces a variety of weights. Because of it, the dual

DCNN can learn a variety of features at the same

time. For example, if we consider Fig. 4, both Block

1 and Block 2 may produce 256 feature maps of

dimension 13×13, but the weights are different. The

reason behind it is the different hyperparameter

configurations. As it is mentioned before, Block 1

and Block 2 applies convolution function with a

kernel size of 5×5 and 7×7 respectively. Therefore,

the weights produced by them are also different.

The Addition Layer elementwise adds those out-

puts and produces 256 feature maps of dimension

13×13, which is also completely different weight

from the outputs of Block 1 and Block 2.

7. DATASET, EXPERIMENTS, AND RESULTS

Our whole expedition towards animal face clas-

sification started with the creation of the dataset.

Then we went on to create our proposed dual

DCNN. Below, we are showing the dataset creation

process, which is then followed by the experi-

mental results and findings.

4.1 Animal Face Dataset

We have collected images from different non-

commercial sources, i.e. Google search and many

other websites. Our dataset includes ten classes of

animals i.e. bear, cat, deer, dog, elephant, horse, li-

on, rabbit, raccoon, and rat. Each of the animal

classes contains 1000 images. When we collected

those images, they came with many different

backgrounds and with multiple other animals or

images concentrating on full-body rather than the

face. So, we had to modify them and took only the

faces by cropping the images. There were also

variations in animal faces. Such as, some photos
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showed frontal views, some showed side views,

etc. Since our goal was to work with the faces,

so all the images were taken in the frontal position

with the easiness for some side movements. Some

animal images had a different dimension. So, all

those images were resized to 227×227×3 since our

network only takes images with the same dimension.

The accuracy of the animal recognition system de-

pends on the quality of the image dataset. The

more different features it has, the more accuracy

the animal classification system can achieve.

Especially, the variance in color, edges, and corners

will differentiate between classes. So, we main-

tained a refined quality while we were choosing

the images for the dataset. Fig. 5. shows 40 exam-

ple images from the created animal dataset.

4.2 Experimental Results

For the experiments, we have experimented and

compared our work with the work of Tibor

Trnovszky et al. [5] and Guobin Chen et al [6]. The

compared works have been discussed in the

above-mentioned related work section. In addition,

to reach our proposed method, we went through

several simulations. These simulations have helped

us to decide which parameters or structure to

choose. Among all of those simulations, we are

discussing two structures below which we have

labeled as “Linear DCNN + Batch Normalization

+ ELU” and “Proposed dual DCNN + Cross Channel

Normalization + ReLU”.

In “Linear DCNN + Batch Normalization + ELU”,

we have constructed a linear form of DCNN with

the Batch Normalization layers and the ELU layers.

In this structure, we have used two Convolution

layers, two Batch Normalization layers, three ELU

layers, two Max-Pooling layers, two Fully Con-

nected layers and one of each Input layer, Softmax

layer, Classification Output layer. Here, the first

Convolution layer and the first Max-Pooling layer

apply convolution function and pooling function

with the same dimension of 5×5 and a stride of 4×4.

Then, the second Convolution layer and the second

Max-Pooling layer also applies similar convolution

function and pooling function respectively with a

dimension of 3×3 and a stride of 2×2. After that,

a Fully Connected layer with 512 neurons forwards

the output to the Classification Output layer through

an ELU layer, a Fully Connected layer, and a

Softmax layer. A graphical representation has been

shown in Fig. 6.

In “Proposed dual DCNN + Cross Channel Norm-

alization + ReLU”, we have constructed our pro-

posed dual DCNN with the conventional Cross-

Channel Normalization layers and ReLU layers.

The construction of this network follows our pro-

posed dual DCNN except this one contains Cross-

Channel Normalization layers and ReLU layers in-

Fig. 5. The example of the created animal database.
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stead of Batch Normalization layers and ELU lay-

ers respectively. In this structure, we have used

four Convolution layers, four Cross-Channel Nor-

malization layers, five ReLU layers, four Max-

Pooling layers, two Addition layers, two Fully

Connected layers and one of each Input layer,

Softmax layer, Classification Output layer. The

window size of the Cross-Channel Normalization

layer was set to 5. A graphical representation has

been shown in Fig. 7.

Fig. 6.“Linear DCNN+Batch Normalization + ELU”structure.

Fig. 7.“Proposed dual DCNN+Cross Channel Normalization + ReLU”structure.
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For the simulation of all of these networks, we

followed the same principle. We did simulations on

all of these networks with our built-in dataset. The

dataset was divided into eighty percent to twenty

percent for training and validation/testing. The

training dataset contained a total of 8000 training

images and the validation/testing dataset contained

a total of 2000 validation/testing images. After the

division, we applied image augmentation on the

training dataset. The image augmentation was

used to augment images with a random combina-

tion of resizing, rotation, reflection, shear, and

translation transformations which eventually boost

the performance of the networks. Image augmen-

tation brings diversity during the training process,

and it gave a better learning environment for the

DCNN. For all the simulations, we used the Sto-

chastic Gradient Descent with Momentum (SGDM)

and set an initial learning rate of 0.0001. We set

max epoch to 300 and mini-batch size to 32 [10].

Shuffling also used for the dataset during training.

Below, the simulation results of our proposed dual

DCNN has been shown.

Table 1 displays the total validation accuracy

along with the accuracy of all the individual classes.

These validation accuracies are showing the re-

sults when we applied our trained DCNN on the

twenty-percent validation/ testing dataset. Here, it

has been shown that the overall accuracy rate was

92.0% while the Raccoon class had the highest ac-

curacy rate with 97.5% and Cat class had the low-

est accuracy rate with 85.0%. After we finished

testing our proposed method, we went on to test

the related works.

We followed the same network configuration of

the related works and built them by ourselves. We

kept an ideal training condition for all the networks

as like our proposed DCNN. After finishing the

Table 1. Simulation results of our proposed dual DCNN method

Confusion Matrix

Target Class

Bear Cat Deer Dog Elephant Horse Lion Rabbit Raccoon Rat Total

Output
Class

Bear
179
8.9%

0
0.0%

0
0.0%

2
0.1%

3
0.1%

2
0.1%

1
0.1%

0
0.0%

2
0.1%

0
0.0%

Cat
1
0.1%

170
8.5%

2
0.1%

5
0.3%

4
0.2%

0
0.0%

2
0.1%

1
0.1%

0
0.0%

2
0.1%

Deer
0
0.0%

5
0.3%

179
8.9%

2
0.1%

1
0.1%

0
0.0%

0
0.0%

2
0.1%

0
0.0%

5
0.3%

Dog
2
0.1%

13
0.7%

2
0.1%

182
9.1%

4
0.2%

5
0.3%

2
0.1%

4
0.2%

2
0.1%

2
0.1%

Elephant
1
0.1%

2
0.1%

5
0.3%

2
0.1%

185
9.3%

4
0.2%

0
0.0%

1
0.1%

0
0.0%

0
0.0%

Horse
8
0.4%

4
0.2%

6
0.3%

2
0.1%

1
0.1%

189
9.4%

1
0.1%

3
0.1%

1
0.1%

1
0.1%

Lion
2
0.1%

0
0.0%

1
0.1%

1
0.1%

1
0.1%

0
0.0%

194
9.7%

0
0.0%

0
0.0%

0
0.0%

Rabbit
1
0.1%

4
0.2%

2
0.1%

1
0.1%

1
0.1%

0
0.0%

0
0.0%

183
9.2%

0
0.0%

5
0.3%

Raccoon
0
0.0%

0
0.0%

2
0.1%

2
0.1%

0
0.0%

0
0.0%

0
0.0%

1
0.1%

195
9.8%

2
0.1%

Rat
6
0.3%

2
0.1%

1
0.1%

1
0.1%

0
0.0%

0
0.0%

0
0.0%

5
0.3%

0
0.0%

183
9.2%

Total
89.5%
10.5%

85.0%
15.0%

89.5%
10.5%

91.0%
9.0%

92.5%
7.5%

94.5%
5.5%

97.0%
3.0%

91.5%
8.5%

97.5%
2.5%

91.5%
8.5%

92.0%
8.1%
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building and training of all the related DCNNs, we

tested them with the validation/testing dataset.

The number of successfully recognized animals by

all the related methods including our proposed

method has been shown in Table.2. It is apparent

that our proposed method recognized more animals

than other related works. Where the most recog-

nized class by the proposed DCNN of Guobin Chen

et al [6] was Raccoon with 192 out of 200 and the

least recognized class was Rat with 76 out of 200

images. On the other hand, the most recognized

class by the proposed DCNN of Tibor Trnovszky

et al [5] was also Raccoon with 175 out of 200 and

the least recognized class was Dog with 112 out

of 200 images. The most recognized class by the

“Proposed dual DCNN + Cross Channel Normali-

zation + ReLU” was also Raccoon with 190 out of

200 images and the least recognized class was also

Deer with 165 out 200 images. At last, the most

recognized class by the “Linear DCNN + Batch

Normalization + ELU” was Lion with 192 out of

200 images and the least recognized class was Cat

with 170 out 200 images.

Table 3 displays the overall accuracy of all the

related methods along with our proposed method.

As we can see, the Guobin Chen, et al [6] method

achieved 68.8% and the Tibor Trnovszky, et al [5]

method achieved 74.9%. Moreover, “Proposed dual

DCNN + Cross Channel Normalization + ReLU”

achieved 88.9%, “Linear DCNN + Batch Normali-

zation + ELU” achieved 90.3%, and our proposed

method achieved 92.0%.

With respect to the training time in Table 4,

Guobin Chen, et al [6] method took the least time

to train in 90 minutes and 16 seconds and our pro-

posed method took the most time to train in 677

minutes and 43 seconds. Apparently, the training

time increases as the hyper-parameter density

increases. The training time may defer depending

on the computer hardware configuration. Therefore,

we set the accuracy rate as our evaluation

criterion. Despite our proposed method took the

Table 2. Number of recognized animals by all the proposed and related DCNN methods

Bear Cat Deer Dog Elephant Horse Lion Rabbit Raccoon Rat

DCNN by Guobin
Chen et al [6].

93 143 164 146 145 109 173 136 192 76

DCNN by Tibor
Trnovszky et al [5].

131 145 174 112 164 164 171 148 175 114

Proposed dual DCNN +
Cross Channel

Normalization + ReLU
174 169 165 180 171 182 188 181 190 178

Linear DCNN + Batch
Normalization + ELU

176 170 178 181 175 187 192 179 191 178

Our proposed dual
DCNN Model

187 177 177 177 173 191 194 183 193 176

Table 3. Simulation results of all the DCNN networks

Methods Accuracy%

DCNN of Guobin Chen et al [6]. 68.8%

DCNN of Tibor Trnovszky et al [5]. 74.9%

Proposed dual DCNN + Cross Channel Normalization + ReLU 88.9%

Linear DCNN + Batch Normalization + ELU 90.3%

Our proposed dual DCNN Model 92.0%
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most time to train but according to the evaluation

criterion, it is the most accurate method among all

the related methods. Thus, we conclude that our

proposed method is the most efficient method for

animal face classification. This whole operation

was done in a system that has Intel Core i7CPU

3.40 GHz, 8 GB RAM and a single NVIDIA GeForce

GTX 1060 3GB GPU.

5. CONCLUSION

In recent years, the prevalence of deep learning

methods especially, the Deep Convolutional Neural

Network (DCNN) has made the performance of

image classification state-of-the-art [11]. With the

light of this fact, this paper has discussed the ani-

mal face classification using a dual DCNN. Com-

pared to the conventional linear DCNN, we have

proposed a new dual DCNN that included some of

the new layers i.e. Batch Normalization layer,

Exponential Linear Unit (ELU) layer. The effect of

these included layers can be realized by comparing

the output results. The superiority of Batch Norm-

alization over cross-channel normalization can be

seen from the results. In addition, the inclusion of

the ELU layer gave our proposed dual DCNN an

ample amount of features to learn. Which means,

our proposed DCNN has learned better features

than all the related methods. Furthermore, the cre-

ation of a dual network helped us to extract stron-

ger features that would not be possible with the

linear DCNN. Overall, it has been established that

if we use the updated layers and a dual-structured

DCNN, it performs better compared to the other

methods.

In the future, it is possible to extend this work

by modifying the DCNNs feature extraction ability

by adding more layers or making the network

larger. In addition, for any other classification pur-

pose, the Batch Normalization can be used instead

of cross-channel normalization and for better fea-

ture extraction capability, and the ELU layer can

be used instead of ReLU or any other Activation

layer.
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