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This study aims to optimize the performance of a Convolutional Neural Network
(CNN) model based on the MobileNetV2 architecture in classifying Java sparrow
images by testing four main parameters: optimizer, learning rate, number of epochs,
and batch size. The dataset consists of 800 images divided evenly into four classes.
The results show that using the Adam optimizer yields the best accuracy with a
training accuracy of 97.50%, validation accuracy of 98.75%, and testing accuracy of
98.13%. A learning rate of 0.001 produces the same results, indicating consistent
performance with this configuration. Epoch testing shows that 35 epochs yield the
highest performance with a training accuracy of 98.39%, validation accuracy of
100%, and testing accuracy of 98.75%. Meanwhile, batch size testing shows that a
batch size of 32 yields the highest testing accuracy of 98.85%, a batch size of 64
yields the highest training accuracy of 98.63%, and a batch size of 128 yields the
highest validation accuracy of 99.58%. These findings suggest that smaller batch sizes
tend to yield better performance in terms of model generalization, while larger batch
sizes provide higher stability in the training process but do not always reflect actual
performance on the test data. The results of this study can serve as a reference for
selecting parameter configurations to improve the accuracy and generalization of
image classification models using MobileNetV2. These results emphasize the
importance of proper parameter settings in improving the accuracy and stability of
image classification models. They can be a reference in model development in object
recognition.

l. INTRODUCTION

Indonesia has 1539 bird species or 17% of all bird species
in the world. Three hundred and eighty-six of these species
are endemic to Indonesia and are naturally found in
Indonesia[1]. Birds are almost found in every place and have
an important position as one of Indonesia's animal wealth.
The species are very diverse and each type has its own beauty
value.

Raising animals, especially birds, has become a popular
hobby for many people in Indonesia [2][3]. Apart from
providing entertainment, keeping birds can also provide
emotional satisfaction for the owner. Various types of birds,
ranging from those with melodious voices to those with
exotic looks, are often kept as pets at home[4]. This activity

not only strengthens the relationship between humans and
animals, but also fosters a sense of responsibility in caring for
living things. In addition, keeping birds can be an educational
tool for children to learn about nature and animal life[5].
However, it is important for keepers to understand the needs
and welfare of their pets in order to create a healthy and
comfortable environment for the birds[6].

The turtle dove (Geopelia striata) is a member of the
Columbidae family [7]. In general, this bird can be recognized
by characteristics such as relatively small body size and dark
brownish body feather color. The turtle dove (Geopelia
striata) is one of the most popular bird species in Indonesia,
especially among bird lovers. The beauty of its melodious
voice and elegant appearance makes this bird attractive to
many people[8].
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In the market there are various breeds and color variants
of commonly found tertle dove birds, such as turtle dove
local, cemani ordinary, cemani majapahit, and golden. For
breeds and mocca, silver, cotton white, striated white, beige,
and black are the color variants [8].

A problem faced by the general public is the difficulty in
accurately identifying the species. Most people only know
turtle dove in general without paying attention to the detailed
differences that may exist between one type and another. This
is due to the variety of feather colors and patterns that are
quite similar between one type and another and the large
number of types of turtle dove birds. This can be an obstacle
when you want to get a turtle dove bird with a certain type as
desired.

In the field of digital image processing, there are various
algorithms that can be used, including KNN, Support Vector
Machine, and Convutional Neural Network. Like the
research that has been done by, R A Saputra,[9] analyzing
images of rice leaf disease using the KNN Based On GLCM
Feature Extraction algorithm with an accuracy of 65.83%. In
research by Muhathir,[10] The use of SVM algorithm with
kernel on puppet image classification with 83.4% accuracy.
Meanwhile, research by Katarzyna Baran,[11] Smartphone
thermal imaging for stressed people classification using CNN
MobileNetV2 produces 91% accuracy. From the use of
algorithms that have been used for research, it proves that the
CNN algorithm with MobilenetV2 architecture is a good
algorithm for image classification.

The highest accuracy results are from the algorithm above
in the CNN MobilenetV2 algorithm. Therefore, the
researcher proposes a solution to overcome this problem
using the Convolutional Neural Network (CNN) algorithm
through a transfer learning approach using MobileNetV2 to
classify turtle dove images. CNN is a deep learning algorithm
that is excellent at extracting task-specific features, such as
color, texture, and shape patterns. This feature learning is
closely related to the classification task to achieve better
performance[12]. In this study, the MobileNet model, which
is known to be efficient in image processing, was used [13],
is used as the base model for transfer learning on the turtle
dove bird image dataset. By applying transfer learning, the
model can utilize the pre-trained weights in (ImageNet), thus
speeding up the training process and improving the accuracy
of multi-class classification according to the needs of the
dataset.

The main objective of this research is to provide practical
solutions for the community of turtle dove lovers in
recognizing and distinguishing turtle dove species more
easily and accurately. This CNN and MobileNet-based
classification system is expected to identify the unique
characteristics of each type of bird, such as color, texture, and
shape patterns. With this technology, it is expected that
people can better understand the diversity of turtle dove
species and can choose birds according to their preferences
more efficiently.

The development of turtle dove identification technology
using CNN algorithm with MobileNet transfer learning also
has the potential to make a significant contribution in the field
of ornithology and conservation in Indonesia. By improving
accuracy and efficiency in species recognition, this system
can support the preservation of Indonesia's rich fauna and
maintain the balance of existing natural ecosystems.

1. METHOD
Several research methods can be used to classify turtle
dove images, such as utilizing image processing techniques
with the MobileNet model which is one of the architectures
of the Convolutional Neural Network (CNN) algorithm. The
process of identifying turtle dove birds used in the
classification of turtle dove birds is shown in Figure 1.
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+ Optimizer Adam, Nadam, RMSprop, SGD
« Leatning Rate: 0.1; 0,01; 0,001; 0,0001

« Epoch: 20, 25, 30, 35, 40

« Batch Size: 32, 64, 128,256

Figure 1: Research Process

A. Data Collection

Research in the classification of this type of turtle dove
takes data in the form of images of turtle dove taken manually
by researchers. There are 800 image data used, which are
categorized into 200 cemani image data, 200 mocca image
data, 200 white image data, 200 silver image data. When
taking pictures, researchers used a sony A6000 mirrorles
camera with a distance of 40-50cm. Since the data collection
method of the turtle dove images was done manually, where
each image was taken with a variety of positions, it can be
ensured that the collected images are clean from duplication,
noise, or other anomalies that can be the reason why the data
cleaning process is needed. Considering this, the stage that
will be carried out in this study after collecting all the
necessary data is pre-processing without cleaning the data.

B. Pre-processing

Once all the turtle dove images required for the study are
collected, the next step is data pre-processing. During this
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process, a number of processes are performed such as Format
standardization or converting the format of the entire image
into the same format. The purpose of format standardization
is to reduce errors and improve the efficiency of the process
as different formats may give different characteristics to the
image.[14]. The format used in this research is JPG format.
After all the image data has the same format, the next step is
to resize the image or change the size of the turtle dove image
to 224 x 224 pixels so that the image dimensions remain
consistent. The next step is image normalization which is one
of the steps to accelerate convergence, improve accuracy, and
ensure model consistency by changing the ratio and
distribution of pixel values in the image.[15]. Researchers
decided to use the Min-Max normalization method in this
study. This method works by changing the original data
linearly to produce a balanced comparison result value
between the data before and after the process. This method
can be used to normalize images by changing the pixel value
from O to 1.[16]. The Min-Max normalization technique
works as follows:

Xold — Xmin

Xnew =
Xmax — Xmin
Where x,,,, is the normalized pixel value, x,;,; is the
original pixel value before normalization, x,,,, IS the
maximum pixel value in the original image, and x,,;,, is the
minimum pixel value in the original image[17].

After the normalization stage using the Min-Max method
to ensure a consistent scale of data values, the next step is the
application of the Contrast Limited Adaptive Histogram
Equalization (CLAHE) technique. CLAHE is an image
processing technique used to enhance image contrast in a
better and controlled way. In this process, the image is
divided into small blocks and subjected to histogram
equalization.[18]. This technique serves to even out the
distribution of pixel intensity in each block resulting in better
contrast, especially in areas with uneven lighting

The next step is to divide all data into training data,
validation data and test data with a ratio of 7:1:2, namely 70%
as training data, 10 as validation data, and 20% as test data.
The use of this ratio aims for a sufficient training and
evaluation phase of the model, resulting in good accuracy. In
dividing the data, the random method is used, after the data
has been successfully divided randomly according to the
predetermined ratio, the data is stored in a new folder so that
it is easy to use for the next step.

The last step before heading to the modeling stage is the
image augmentation process. Image augmentation is one of
the techniques that can change images with various
orientations, such as enlarging the shape and size of the
image. This augmentation activity is carried out to increase
the size of the dataset by changing the data to prevent the
model from memorizing certain patterns.[19]. In this
research, the augmentation process uses a number of

techniques including 20 degree shear, 20 degree rotation,
20% zoom and horizontal data reversal. These techniques
will be performed using ImageDataGenerator from Keras,
the data that has been incorporated into the model will be
forwarded.

C. CNN MobileNetv2

In this research, the Convolutional Neural Network
(CNN) model used is MobileNetV2, which is a CNN
architecture specifically designed for mobile applications and
devices with limited resources. MobileNetV2 is a
development of MobileNetV1 which integrates the concept of
depthwise separable convolution with a linear bottleneck that
allows better computational efficiency without sacrificing
accuracy [20]. The CNN structure used in this study consists
of several convolutional layers that function to extract
features from the input image. To provide a clearer picture of
the structure of CNN and MobileNetV2, the following image
shows the CNN MobileNetV2.
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Figure 2. CNN MobileNetV2
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MobileNetV2 relies on a lighter structure by reducing the
number of parameters and computational operations, enabling
faster and more efficient image processing, especially on
devices with low computing power. The next stage is the
creation of the most optimal model, to get the best model
performance by testing in determining the optimizer, learning
rate, epoch, and batch size. plays an important role in
improving the accuracy and speed of training.

1) Proper optimizer selection is critical in improving
training accuracy and speed[21]. Several types of optimizers
that have been determined by researchers, such as Adam,
Nadam, RMSprop, and SGD will be tested to determine the
most suitable for the dataset used.

2) Furthermore, the optimal learning rate parameter is
also tested, as too large a learning rate value can cause the
model to fail to converge, while too small a value can slow
down the training process.[22]. Therefore, experiments were
conducted with various learning rates including 0.1; 0.01;
0.001; 0.0001; with various learning rate values to find the
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value that gives the best results in terms of convergence and
accuracy.

3) Furthermore, Epoch testing is performed which isa
parameter defining one trajectory through the complete
training set when training a deep learning model.[23]. Tests
were conducted with several different epoch values, namely
20, 25, 30, 35, 40. This trial aims to find the number of
epochs that produce effective training without losing the
model's ability to generalize.

4) Finally, the batch size was tested with two different
sizes, namely 32, 64, 128, 256 to determine the size of the
data group processed in one training step. Smaller tested
batch sizes allow for more frequent model updates, and the
resulting gradient updates will mostly be noise[24]. On the
other hand, larger batch sizes improve training efficiency but
require more memory. Therefore, experiments were
conducted with various batch sizes to find the optimal size
according to the dataset.

D. Evaluation

The model evaluation process is carried out by utilizing
test data to measure the performance of the model that has
been developed. This stage aims to identify the extent to
which the model is able to provide accurate results, using the
Precision, Accuracy, Recall, and F1 score evaluation metrics.
calculated with the following formula.

1) Precision: is the total predicted positive case rate that has
been predicted from the positive case rate. A high
precision is associated with a fairly low positive rate[25].

tp
tp+fp
2) Accuracy: is a measure of the ratio between the number

of correct predictions and the total number of samples in
the evaluation dataset[26].

Precission =

tp +tn
tn+tp+fp+fn

Accuracy =

3) Recall: is the proportion of documents that are classified
as positive by the model compared to all data that are
actually positively labeled[27].

tp
tp+fn
4) Fl-score: is a matrix value for assessing model

performance that combines precision and recall measure
in the concept of harmonic mean[28].

Recall =

2 X Precission X Recall

Flscore =
Precission + Recall

I11. RESULTS AND DISCUSSION

Figure 3. Trutle Dove image samples (a) cemani image, (b) mocca image,
(c) White image, (d) silver image.

Based on Figure 5, the dataset used in this research is a
collection of image data obtained through field studies by
taking pictures directly using a Sony A6000 Mirrorless
camera. The image capture process is done manually
maintaining a distance of 40-50 cm between the camera and
the object. The dataset consists of 800 images divided into 4
categories, namely, cemani, mocca, white, and silver. The
image data will be used for testing using CNN MobilenetV2
by testing 4 parameters, namely optimizer, learning rate,
epoch, and batch size which aims to get the best performance
results in the classification of turtle dove images by looking
at the parameter values of accuracy, recall, precision, and f1-
score.

A. System Testing

System testing will be carried out with four scenarios,
namely comparing various optimizers, comparing learning
rate values, comparing the number of epochs, and comparing
batch size.

1. Optimizer Testing

In the training process, the selection of the optimizer is
very important, because it can train the model significantly.
The first test is optimizer testing to determine the most
efficient type of optimizer in classifying turtle dove images.
Optimizers used in classifying turtle dove images include
Adam, Nadam, RMSprop, and SGD. At this stage the
researcher determines the parameters with a learning rate of
0.001, number of epochs 25 and batch size 32. The test results
in comparing optimizers are shown in the figure.

OPTIMIZER

u - =
Train_Accuracy Train_Lloss | Val_Accuracy Val_Loss Test_Accuracy  Test_Loss

mAdam 97,50% 0,0606 98,75% 0,039 98,13% 0,0445
Nadam 97,14% 0,0757 97,50% 0,08223 93,33% 01907
RMSprop  97,44% 0,0773 97,92% 0,0828 95,84% 01672

SGD 87,44% 0,3535 89,17% 0,3136 89,58% 0,3058

Figure 4: Bar chart optimizer testing

Based on the figure above, we get efficient results on the
Adam optimizer with an training accuracy 97.50%, validation
accuracy 98.75%, and testing accuracy 98.13%. Adam's
optimizer (Adaptive Moment Estimation) is a combination of
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two optimizations, namely Momentum and RMSProp, so it
has advantages in fast convergence and stability when facing
complex loss functions. Furthermore, the Adam optimizer
will be used as a comparison test of learning rate, epoch and
batch size.

2. Learning Rate Testing

The second stage is to test the learning rate value by using
the best analysis results from the first stage, namely
determining the optimizer. This second stage uses a learning
rate value of 0.1; 0.01; 0.001; 0.0001; with the optimizer
Adam, number of epochs 25, and batch size 32. The
following are the results of learning rate testing.

LEARNING RATE

Train_Accuracy  Train_loss Val_Accuracy Val_Loss Test_Accuracy Test_loss
mo1 92,68% 9,9181 92,50% 54138 91,67% 4,6984
001 94,594% 0,1843 97,50% 0,0602 95,42% 0,1556
0,001 97,50% 0,0606 98,75% 0,0396 98,13% 0,0445

0,0001 95,36%

Figure 5: Bar chart learning rate testing

01226 99,58% 0,0545 97,50% 0,0617

Based on the picture above, the highest accuracy result is
obtained at a learning rate of 0.001 with an training accuracy
value of 97.50%, %, validation accuracy 98.75%, and testing
accuracy 98.13%. Furthermore, the learning rate of 0.001
will be used as a comparison test of epoch and batch size.

3. Epoch Testing

Epoch is a training process that is carried out repeatedly
in order to achieve optimal accuracy results. Epoch testing
which is a test of the number of epochs to find out the best
results from previous tests. The number of epochs used in this
study are 20, 25, 30, 35, and 40 with the provisions of the
Adam optimizer, the learning rate value of 0.001 and
batchsize 32 which have been determined from the results of
previous tests. The following are the results of testing the

epoch:

]
Train_Accuracy  Train_Loss Test_Accuracy
m20 97,56% 0,0713 97,71%

]
Test_loss
0,0575

Val_Accuracy
96,67%

Val_Loss
0,1135

25 97,53%
30 97,20%
35 98,39%
w40 97,32%

0,074
0,0771
0,0552
0,0658

98,75%
97,92%
100,00%
96,67%

0,0518
0,0716
0,0199
0,0868

96,88%
97,50%
98,75%
96,04%

Figure 6: Bar chart epoch testing

0,0731
0,0758
0,0332
0,1127

Based on the figure above, we get high accuracy results in
epoch testing with the number of epochs 35. In this test, the
number of epochs 35 with has an training accuracy 98.39%,
validation accuracy 100%, and testing accuracy 98.75%.
From this value it can be seen that the number of epochs 35 is
better than the number of epochs 20, 25, 30 and 40.

4. Batch Size Testing

Batch Size is the size of the dataset division in each
batch at each epoch to speed up the training process. The
last scenario involves testing the batch size value using the
best parameters obtained from the previous scenario.

BATCH SIZE

n
Train_Accuracy  Train_loss

m32 97,44% 0,0644
64 98,63% 0,0418
128 98,51% 0,0444
256 97,92% 0,0554

Figure 7: Bar chart batch size testing

;sst_Luss
0,02823
0,0579
0,0376

98,75% 0,039

_Va\_Luss
0,0274
0,0445
0,0212
0,06388

Wal_Accuracy
99,17%
98,75%
95,58%
57,08%

Test_Accuracy
98,95%
97,92%
98,33%

a) Testing batch size 32
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Figure 8: Batch Size 32 Performance
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Figure 9: Batch Size 32 Confusion Matrix
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TABLES 1 Based on the test results, batch size 64 produces of training
BATCH SIZE 32 TESTING RESULT accuracy 98.63%, validation accuracy 98.75%, and testing
Scenario | Precision | Recall | F1-Score | Accuracy accgrzlac_:y QQ{QS%Ideased on_tthe dgraph a?iit_evalua(tjioln, the
. model is quite good because it produces a fitting model.
Cemani | 099 | 097 | 098 0.97 auites P g
Mocca 0.97 1.00 0.98 0.97 c) Testing batch size 128
Putih 1.00 1.00 1.00 0.97 _
Silver 1.00 0.98 0.99 0.97 L, e

Figure 8 and Figure 9 above present the results of testing
batch size 32, with Figure 8 showing the model graph and
Figure 9 showing the confusion matrix. In addition, the
results of the evaluation metrics are presented separately in
Table 1. Based on the test results, batch size 32 produces of
training accuracy 97.44%, validation accuracy 99,17%, and
testing accuracy 98,95%. Based on the graph and evaluation,
the model is quite good because it produces a fitting model.

b) Testing batch size 64

e

Figljre 10: Batch Size 64 Performanée

Corfusion Malriz

e Hota

Figure 11: Batch Size 64 Confusion Matrix

E E3

Figurel2: Batch Size 128 Performance

Confusion Matrix

Putin

Figure 13: Batch Size 128 Confusion Matrix

TABLES 3
BATCH SiIzE 128 TESTING RESULT
Scenario | Precision | Recall | F1-Score | Accuracy
Cemani 0.98 0.98 0.97 0.98
Mocca 0.96 1.00 0.98 0.98
Putih 1.00 1.00 1.00 0.98
Silver 1.00 0.96 0.98 0.98

TABLES 2
BATCH SIZE 64 TESTING RESULT
Scenario | Precision | Recall | F1-Score | Accuracy
Cemani 0.99 0.97 0.98 0.98
Mocca 0.94 0.99 0.96 0.98
Putih 0.99 1.00 1.00 0.98
Silver 1.00 0.96 0.98 0.98

Figure 10 and Figure 11 above present the results of
testing batch size 64, with Figure 10 showing the model
graph and Figure 11 showing the confusion matrix. In
addition, the results of the evaluation metrics are presented
separately in Table 2. Based on the test results, batch size 64

Figure 12 and Figure 13 above present the results of
testing batch size 128, with Figure 12 showing the model
graph and Figure 13 showing the confusion matrix. In
addition, the results of the evaluation metrics are presented
separately in Table 3. Based on the test results, batch size 128
produces of training accuracy 98.51%, validation accuracy
99.58%, and testing accuracy 98.33%.

d) Testing batch size 256

Figure 14: Batch Size 256 Performance
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Figure 15: Batch Size 256 Confusion Matrix

TABLES 4
BATCH SI1ZE 256 TESTING RESULT

Scenario | Precision | Recall | F1-Score | Accuracy

Cemani 0.98 0.98 0.99 0.98

Mocca 0.97 0.99 0.99 0.98

Putih 1.00 1.00 1.00 0.98

Silver 1.00 0.97 0.98 0.98

Figure 14 and Figure 15 above present the results of
testing batch size 256, with Figure 14 showing the model
graph and Figure 15 showing the confusion matrix. In
addition, the results of the evaluation metrics are presented
separately in Table 4. Based on the test results, batch size 256
produces quite high accuracy, although lower than the others,
97.92%, validation accuracy 97.08%, and testing accuracy
98.75%.

IV. CONCLUSION

In this study, testing was conducted to optimize the
performance of the MobileNetV2-based CNN model in
classifying tekukur bird images by considering four
parameters: optimizer, learning rate, epoch, and batch size.
The testing results indicate that each parameter contributes to
the model's accuracy. Testing on the optimizer showed that
the Adam optimizer yielded the best results, with a training
accuracy of 97.50%, a validation accuracy of 98.75%, and a
testing accuracy of 98.13%. In the learning rate testing, a
value of 0.001 produced the highest accuracy, matching the
results from the Adam optimizer testing: 97.50% training
accuracy, 98.75% validation accuracy, and 98.13% testing
accuracy. In the epoch testing, 35 epochs produced the
highest accuracy with a training accuracy of 98.39%,
validation accuracy of 100%, and test accuracy of 98.75%.

For batch size, although the commonly used batch sizes
are 32 and 64, in this study, the researchers tested up to a
batch size of 256 and found that a batch size of 32 produced
the highest test accuracy of 98.85%, while the highest train
accuracy was achieved at a batch size of 64 with an accuracy
of 98.63%, and the highest validation accuracy was at a batch
size of 128 with a result of 99.58.

This study shows that smaller batch sizes provide higher
test accuracy and train accuracy, indicating excellent

generalization ability, although larger batch sizes provide the
highest validation accuracy, which may not necessarily reflect
the model's performance.
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