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Abstract

Identify banana plant diseases using machine learning with the CNN method to make it easier to identify diseases in banana
plants through leaf images. It employs the CNN method, incorporating ResNet50 because ResNet50 is one of the best models
and a suitable model for the dataset used, and the VGG-19 model is used because VGG-19 was one of the winning models of
the 2014 ImageNet Challenge and is a model that also fits the dataset used. The research objectives encompass dataset
processing, model architecture development, evaluation, and result reporting, all aimed at enhancing disease identification in
banana plants. The ResNet50 model achieved an impressive 94% accuracy, with 88% precision, 91% recall, and an 89% F1-
score, while the VGG-19 model demonstrated strong performance with 91% accuracy, surpassing prior research and
highlighting the effectiveness of these models in identifying banana plant diseases through leaf images. In conclusion, the
ResNet50 model's exceptional accuracy positions it as the preferred model for CNN-based disease identification in banana
plants, offering significant advancements and insights for agricultural practices. Future research opportunities include
exploring alternative CNN models, architectural variations, and more extensive training datasets to enhance disease

identification accuracy.
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1. Introduction

This research identifies banana plant diseases using
machine learning with the CNN (Convolutional Neural
Network) method to make it easier to identify diseases
in banana plants through leaf images [1]-[3]. The
choice to use the ResNet50 model is because ResNet50
is one of the best and most suitable models for the
dataset used, and ResNet50 also has a total of 50 layers
[4], [5] The VGG-19 model is used because VGG-19
was one of the winning models of the 2014 ImageNet
Challenge and is a model that also fits the dataset used.
VGG-19 has a total of 47 layers, consisting of 16
convolutional layers and three fully connected layers,
making it a robust network. In the VGG-19 model,
VGG-19 is a CNN model that has the most and deepest
layers and can reduce the number of parameters because
each convolution layer uses a tiny filter of size 3x3, so
it is well applied and produces an error rate of 7.3%.
CNN consists of three layers: convolutional, pooling,
and fully connected [6], [7]. Therefore, the CNN
method with the VGG-19 and ResNet50 models was
used in this research because the VGG-19 and
ResNet50 models match the dataset used in this
research.

One of the things that are making Computer Vision
develop very rapidly at the moment is the techniques
contained in the Deep Learning method or what is
usually called Deep Neural Network, especially
Convolutional Neural Network (CNN). Convolutional
Neural Networks (CNN) is a type of neural network in
deep learning that is used to process data in the form of
images [8], [9]. These methods are one of the methods
included in the machine intelligence category. CNN has
made significant developments in the problems of
image classification, object detection, object
localization, and image segmentation. Two things that
make the CNN method prevalent for use in Computer
Vision problems can be seen in the ImageNet Large
Scale Visual Recognition Challenge (ILSVRC)
competition [10]. So, this research was conducted to
assist in identifying banana plant diseases using the
CNN method. The choice of using the CNN method is
to make it easier to recognize diseases in banana plants
through leaf images. CNN is a development of MLP
(Multilayer Perceptron), which aims to manage 2D
data. CNN also has many models that can be used, such
as ResNet50, VGG-19, and many others [11], [12]. The
use of CNN method has also been widely used in
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various kinds of research, such as several studies have
been conducted by [13]-[15], and previous research
used as a reference in this research is the research of
Andreanov Ridhovan, Aries Suharso and Chaerur
Rozikin (2022) [13].

In the process of identifying banana plant disease
images, a classification process is needed to sort each
image into a certain category based on its features. This
is an important technique used for image recognition
that allows you to identify items in the dataset and
categorize them according to their class or level [16].
An image of banana leaf disease that has been classified
based on its class, namely, health, Sigatoka, Cordana,
and Pestaloptiosis, will be identified by a machine that
has been programmed using the CNN method. The
machine will identify banana plant diseases through the
banana leaf image dataset used so that it can provide
results in identifying banana plant diseases.

ResNet is a type of deep network-based residual
learning. This learning can facilitate network training
by considering the input layer as a reference. ResNet-
50 is a variant of ResNet that has 50 layers. If, in the
previous ResNet variant, there was a skip connection of
2 layers, then ResNet-50 skips three layers, and there is
a 1 X 1 convolution layer [17], [18]. So that makes
ResNet-50 one of the best models. The research was
conducted by Jawad Yousef Ibrahim Alzamily, Syaiba
Balgish Arifin, and Samy S. Abu Nasr [19]. The
research obtained a high accuracy value of 99.75%
using the ResNet-50 model. In the VGG-19 model,
VGG-19 is a CNN model that has the most and deepest
layers and can reduce the number of parameters because
each convolution layer uses a tiny filter of size 3x3, so
it is well applied and produces an error rate of 7.3%.
The VGG-19 model has 138 million parameters and
ranks 2nd in classification and 1st in localization at
ILSVRC 2014. The VGG-19 model can train more than
1 million images and can classify images into 1000
types of objects [20], [21]. Research conducted by
Showmick Guha Paul and colleagues using the VGG-
19 model obtained an accuracy value of 95% [22].

Bananas are a very popular plant in Indonesia and have
a large production level; bananas also contain lots of
vitamins, carbohydrates, and minerals that are
beneficial to humans [23], so machine learning is
urgently needed to help identify banana plant diseases.
This research is an effort to identify banana plant
diseases using machine learning. It seeks to improve
accuracy in identifying banana plant diseases using the
CNN method and can be a complement and explanation
of the deficiencies in previous studies [24]. Based on
the formulation of the problem above, the research that
will be carried out can exceed the results of previous
studies [13] by using a new architecture, a new layer,
and two different models with the proposed model,
namely, ResNet-50 and VGG-19.

Based on this description, this research was conducted
to get the best results in identifying diseases in banana
plants using the CNN method. That research is needed
to identify banana plant diseases using machine
learning with the CNN (Convolutional Neural
Network) method to make it easier to identify diseases
in banana plants through leaf images because the quality
and quantity of banana plants themselves can be
affected by various factors such as pests, dry leaves,
broken leaf sheaths, leaves rubbing against fruit, and
Sigatoka disease, which causes a significant failure rate
in banana production for banana plantations [25], [26].
Therefore, this research sets targets, namely (i)
Processing datasets and architectural models and (ii)
Obtaining model evaluation results from both schemes
and reporting. So, it is hoped that this research can
surpass the results of previous studies in identifying
diseases in banana plants and can help other researchers
in conducting similar research.

2. Research Methods

This research was conducted at the University of
Muhammadiyah Malang from December 2022 to
February 2023. Research materials and tools are needed
to achieve each research objective through several
stages of implementation. The research materials used
are datasets obtained through the Kaggle website. The
dataset from Kaggle that has been classified is shown in
Figure 1.

The research tools used are the Acer Nitro An515
Laptop, Google Colaboratory, and the Python
programming language. The selection of the algorithm
used is in the form of a flowchart. The research methods
in the form of a flowchart are shown in in Figure 2.

Based on Figure 2, the initial stage after starting the
research is to determine the title or topic of the research
being carried out, after getting the title or topic. After
that, determine the research targets shown in Figure 2,
there are two objects with four important stages in this
research, namely (i) processing of datasets and
architectural models and (ii) obtain model evaluation
results from the two schemes and reporting. In the first
object, namely (i) processing of datasets and
architectural models. At this stage, dataset processing
will be carried out which begins with first classifying
the banana leaf image data obtained through the Kaggle
website. Then after processing the dataset has been
carried out correctly, it enters the model architecture
creation stage.

At the model architecture stage, data will be processed
in accordance with the use of a predetermined
architectural model, and in this study using the
proposed models, namely ResNet50 and VGG-19 to
manage data. After the creation of the model
architecture is done correctly, go to the second object,
namely, (ii) obtain model evaluation results from the
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two schemes and reporting. This stage aims to get an
evaluation results model. This model will show the
results of evaluating the two models, ResNet50 and
VGG-19, that were used to find diseases in banana
plants by looking at images of their leaves.

At this stage, it will be divided into two schemas,
namely Schema 1 to evaluate the ResNet50 model and
Schema 2 to evaluate the VGG-19 model. After
successfully getting the best results from the two
schemes, the final stage is preparing a report. Where
this stage is carried out by making a report in a
comparison of the results of the two models and the
results of previous research [13] in order to get the best
results.
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Based on Figure 2, the initial stage after starting the
research is to determine the title or topic of the research
being carried out, after getting the title or topic. After
that, determine the research targets shown in Figure 2,
there are two objects with four important stages in this
research, namely (i) processing of datasets and
architectural models and (ii) obtain model evaluation
results from the two schemes and reporting. In the first
object, namely (i) processing of datasets and
architectural models. At this stage, dataset processing
will be carried out which begins with first classifying
the banana leaf image data obtained through the Kaggle
website. Then after processing the dataset has been
carried out correctly, it enters the model architecture
creation stage.
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Figure 1. The research method in the form of a flowchart.
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2

Research Target: (1) Processing of datasets
and architectural models.
(it) Obtain model evaluation results from
the two schemes and reporting

!

1. Processing of datasets
and architectural models

!

Processing of Datasets

Has dataset processing been
carried out properly?

Architectural Models

Has the model architecture
been done correctly?

2. Obtain model evaluation results
from the two schemes and reporting

Obataining model evaluation
results with two schemes tested

Have the results from
the two schemes been
obtained correctly?

Report Generation

Have the report been
obtained correctly?

Figure 2. The research mthod in the form of a flowchart.

At the model architecture stage, data will be processed
in accordance with the use of a predetermined
architectural model, and in this study using the
proposed models, namely ResNet50 and VGG-19 to
manage data. After the creation of the model
architecture is done correctly, go to the second object,
namely, (ii) obtain model evaluation results from the
two schemes and reporting.

This stage aims to get an evaluation results model. This
model will show the results of evaluating the two
models, ResNet50 and VGG-19, that were used to find
diseases in banana plants by looking at images of their
leaves. At this stage, it will be divided into two
schemas, namely Schema 1 to evaluate the ResNet50
model and Schema 2 to evaluate the VGG-19 model.
After successfully getting the best results from the two
schemes, the final stage is preparing a report. Where
this stage is carried out by making a report in a
comparison of the results of the two models and the
results of previous research [13] in order to get the best
results.

3. Results and Discussions
3.1 Processing of Datasets and Architectural Models

The dataset used in this research comes from the Kaggle
website with the title Banana Leaf Disease Dataset. This
dataset has four classes: healthy, Cordana, Sigatoka,
and Pestalotiopsis. The details of the amount of data
obtained are: 936 images of banana leaves with 128
images of healthy leaves; 162 images of Cordana
disease; 473 images of Sigatoka disease; and finally,
173 images of Pestalotiopsis disease [13]. An example
of a dataset of image data from the four classes is shown
in Figure 3.

This dataset is classified manually for each existing
class, namely healthy leaves, Cordana, Sigatoka, and
Pestaloptiosis. The classification of these classes is
done on Google Drive so that it can be easily accessed
by machines using Google Colaboratory. After the
dataset is ready for use, the next step is to resize the
image data to 224x224. After changing, the next data
size is the data division or data split in the form of train
data and validation data, which has a comparison ratio
of 80% train data and 20% validation data.

After the dataset has been processed, the next step is to
create the architectural model that will be used in this
study. The method used in this study uses the CNN
method , with the proposed models being ResNet50 and
VGG-19, to get the best results in identifying banana
plant diseases through banana leaf images. The choice
to use the ResNet50 model is because ResNet50 is one
of the best models and a suitable model for the dataset
used, and ResNet50 also has a total of 50 layers
[18],[27]. The VGG-19 model is used because VGG-19
was one of the winning models of the 2014 ImageNet

DOI: https://doi.org/10.29207/resti.v7i6.5000
Creative Commons Attribution 4.0 International License (CC BY 4.0)

1312



Ilham Rahmana Syihad, Muhammad Rizal, Zamah Sari, Yufis Azhar
Jurnal RESTI (Rekayasa Sistem dan Teknologi Informasi) Vol.7 No. 6 (2023)

Challenge and is a model that also fits the dataset used.
VGG-19 has a total of 47 layers and consists of 16
convolutional layers and three fully connected layers,
making it a robust network [22], [28]. CNN consists of
three layers: convolutional, pooling, and fully
connected [29], [30].

Healthy

Sigatoka

Cordana

Figure 3. An example of a dataset of image data from the four
classes

In this study, we used Global Average Pooling 2D,
Dense (512), Dropout (0.3) [31], Optimizer Adam [32],
and Relu activation. Global Average Pooling was made
in order to avoid overfitting [33] and to use 2D Global
Average Pooling to add average features to the selected
image[34]-[37], [38]. The architectural design to be
used is shown in Table 1.

Table 1. The architectural design to be used

Layer Filter Kernel Activation
Size

ResNet50 - - -
(Input 244,244)
GlobalAverage - - -
Pooling2D
Dropout 0,3 - -
Dense 512 - Relu
Dropout 0,3 - -
Dense 224 - Relu
Dense 3 - Softmax

Based on Table 1, it is shown and can be explained, that
the architectures to be used by the two proposed models
are ResNet50 and VGG-19. The architectural details are
Dropout = 0.3, Dense = 512 with relu activity, Dropout
= 0.3, Dense = 224 with relu activity, and Dense = 3
with Softmax activity [39]. The optimizer used is
Adam, and this research will conduct epoch or data
training 50 times. After the architectures for the two
models were made, this research was carried out with
several schemes to obtain model evaluation results from
the two proposed models, namely the ResNet50 and
VGG-19 models. After getting the best results between
the 2 test models, the research results done with
previous research will be compared [13]. After
processing the dataset and creating the model
architecture are completed, there is a division of tests to
obtain model evaluation results into two schemes:
schema 1 for testing the ResNet50 model and Scheme 2
for testing the VGG-19 model. The test scheme table is
listed in Table 2.

Table 2. The test scheme table

Scheme  Description Filter
ResNet50 Dropout (0,3)

Model 1 1out224,224)  Dense (512)
VGG-19 Dropout (0,1)

Model 2 (Input 224,224) Dense (512)

3.2 Obtain Model of Evaluation Results and Reporting

After processing the dataset and creating the model
architecture, the next step is to get the results of the
model evaluation by testing the two models, which are
divided into two schemes: testing scheme 1 to get the
evaluation results of the ResNet50 model and testing
scheme 2 to get the evaluation results of the VGG-19
model.

After the architecture of the ResNet50 model has been
made, it will go through the data training process, which
takes place over 50 training times, or epochs, and is
shown as a result plot graph with two result graphs: the
accuracy graph and the loss graph. The function of the
result graph is to see whether or not there is an increase
in the model for each train and whether there is
overfitting or underfitting in the ResNet50 model test.
The accuracy graph of the test is listed in Figure 4.
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Figure 4. Results of the graphic accuracy plot ResNet50 model

Based on Figure 4, it can be explained that the results
of the accuracy graph plot from training, at epoch 0 to
epoch 30, the graph moves up and down or is unstable,
and at epoch 30 to epoch 50, the graph starts to show
stable movement. The cause of the instability of the
graph movement is that the model is still learning or is
in the learning stage. After the model has studied the
data, the graph's movement begins to stabilize. The
graphic loss plot of ResNet50 model is shown in Figure
5.

16 |— Tain

14 Validation

12
10
08

Loss

0.6
0.4
0.2

0.0

Epochs

Figure 5. The graphic loss plot of ResNet50 model

Based on Figure 5, it can be explained that the graph of
the results of the loss plot, it can be seen that the chart
movement is overfitting and unstable, starting from
epoch 0 to epoch 30. Then, from epoch 30 to epoch 50,
the chart movement is quite stable, although several
times it has seen a bit of unstable movement. The cause
of the unstable movement of the graph is poor learning
models.

After conducting the training and getting the results of
the training graphics, the next step is to evaluate the
performance of the model in Scheme 1. Model
evaluation can be seen using the identification report
and can also be seen in the confusion matrix image, the
results of which have been obtained from the dataset
training that was done previously. The identification
results report for the ResNet50 model is listed in Table
3.

Table 3. The identification results report for the ResNet50 model

Identification Report

Accuracy 94%
Precission 88%
Recall 91%
F1-Score 89%

Based on Table 3, it is shown and can be explained, that
the results of the evaluation of the ResNet50 model
obtained accuracy = 94%, precision = 88%, recall =
91%, and F1-score = 89%. Furthermore, after getting
the report results from the evaluation of the ResNet 50
model and the results of the evaluation of testing
scheme 1 with the ResNet 50 model, a confusion matrix
will be made. The results of the confusion matrix in
testing scheme 1 the ResNet50 model are shown in
Figure 6.

Model
Confusion matrix
100
healthy 21 0 0 5
80
0 2 1
T cordana 28 60
®
v
& sigatoka 0 0 100 2 40
20
pestalotiopsis 0 0 1 27
¥ 0
R A
¥ & B &
2

Predicted label

Figure 6. The results of the confusion matrix ResNet50 model

Based on Figure 6, it's easy to show that the results of
the confusion matrix [40] ResNet50 model in testing
scheme 1 will show the matrix results from each class,
whether the model is able to predict disease in banana
leaf image data or not. From the results obtained in the
confusion matrix in Figure 6, there are four
classification classes: healthy, Cordana, Sigatoka, and
Pestalotiopsis.n testing scheme 1. It can be concluded
that in the healthy class, there are 21 data that are
predicted to be true and O data that are predicted to be
wrong; in the Cordana class, there are 28 data that are
predicted to be correct and O data that are predicted to
be wrong; in the Sigatoka class, there are 100 data that
are predicted to be correct and 3 data that are prefixed
incorrectly; and in the Pestalotiopsis class, there are 27
data that are predicted correctly and 8 data that are
predicted incorrectly.

After getting the model evaluation results from the
confusion matrix, the evaluation results obtained will
also be made through image prediction. Image
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prediction results in the ResNet50 model are shown in
Figure 7.

real: pestalotiopsis
pred:healthy

real: cordana
pred:cordana

real: sigatoka
pred:sigatoka

real: cordana
pred:cordana

real: sigatoka
pred:sigatoka

real: healthy
pred:healthy

Figure 7. The image prediction results in the ResNet50 model

Based on Figure 7, it can be explained that the
prediction results on the image from testing scheme 1
of the ResNet50 model so that there is still a prediction
error or wrong identification where the model predicts
healthy but the correct prediction is Pestalotiopsis.
From the results of these predictions, it is quite accurate,
with 5 out of 6 correct predictions, and the model tested
also got very good results. The cause of the failure of
the model to predict or identify is that the accuracy
value is not up to 100%, and it is normal for the model
to fail to identify images correctly or make predictions.
The amount of data also affects it, and the photos or data
held are ambiguous or challenging for the model to
recognize. Then, overfitting, which occurs, can also
result in unidentified images.

Furthermore, in testing scheme 2 for the VGG-19
model, after processing the dataset and creating the
model architecture to be used, The process to be carried
out is to test the dataset with training 50 times, which
will be made in the form of plot graphs. Making plot
graphs has two graph results, namely accuracy plot
graphs and loss plot graphs. Just like the previous
model, the aim of training and graphing the plot results
is to see whether there will be overfitting or underfitting
and whether there will be an increase or not in the train
of the VGG-19 model. The graphic loss plot of the
VGG-19 model is shown in Figure 8.

VGG19

10

0.8

\— Tain
221 \—— Validation |

0 10 20 30 40 50
Epochs

Figure 8. The graphic loss plot of the VGG-19 model

Based on Figure 8, it can be explained that the results
of the training and the plotting of the accuracy graph
during epoch 0 to epoch 23 the chart show that
movement is unstable. After entering epochs 24 to 50,
the chart movement, which previously showed
instability, has moved stably. The cause of unstable
graph movement is because the model is still learning
or is in the learning process, but after entering epoch 24,
the model has studied the data and has been moving
stably.

Furthermore, after seeing the results of the accuracy
graph plot. The graphic accuracy plot of the VGG-19
model is shown in Figure 9.

— Tain
5 —— Validation

Loss

0 10 20 30 40 50
Epochs

Figure 9. The graphic accuracy plot of the VGG-19 model

Based on Figure 9, it can be explained that the results
of the model training on the loss graph plot show that
from epoch 0 to epoch 22, the graph movement was
unstable and there was overfitting, but the graph
movement began to look stable after entering epoch 23
to epoch 50. The cause of the graphic movement is
unstable because the model is still in the learning stage
or in the data learning stage; after entering epoch 23, the
model has successfully studied the data so that the graph
movement has been moving stably.After getting the
results of the accuracy graph plot and the loss graph
plot, start evaluating the performance of the VGG-19
model. Evaluation of scheme 2 testing can be seen using
the identification report and can also be seen in the
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confusion matrix image, the results of which have been
obtained from testing the VGG-19 model scheme. The
report on the results of model identification of the
VGG-19 model is shown in Table 4.

Table 4. The report on the results of model identification of the
VGG-19 model

Identification Report

Accuracy 94%
Precission 88%
Recall 91%
F1-Score 89%

Based on Table 4, it is shown and explained that the
details of the evaluation results from the VGG-19
model identification report, namely, accuracy = 91%,
precision = 88%, recall = 91%, and F1-score = 89%.
Furthermore, after getting the identification results from
the evaluation of the VGG-19 model through the
identification results report, the results of the evaluation
of testing the VGG-19 model scheme can also be seen
using the confusion matrix. The results of the confusion
matrix of the VGG-19 is model are shown in Figure 10.

Confusion matrix

1 2 0 1 6
healthy &
% cordana { 1 27 0 0 0
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o
[z sigatoka {1 0 1 1 40
20
pestalotiopsis { 0 0 6 28
T . T 0
3 o J O
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& & s «F
X & & O
Fo

Predicted label

Figure 10. The confusion matrix of the VGG-19 model

Based on Figure 10, it can be explained, that the results
of the evaluation of testing scheme 2 are shown through
the confusion matrix. From the results of the evaluation,
it was found that there were 4 classes in the confusion
matrix: healthy, Cordana, Sigatoka, and Pestalotiopsis.
The healthy class test, there are 20 data points that are
predicted to be true and 1 data point that is predicted to
be wrong; in the Cordana class, there are 27 data points
that are predicted to be true and 1 data point that is
predicted to be wrong; in the Sigatoka class, there are
96 data points that are predicted to be correct and 7 data
points that are predicted to be wrong; and finally, in the
Pestalotopsi class, there are 28 data points that are
predicted to be correct and 7 data that are predicted to
be wrong.

After getting the evaluation results through the
confusion matrix, the next step is to make predictions
based on the images obtained. The prediction results of
model scheme 2 shown in Figure 11.

real: sigatoka
pred:sigatoka

real: sigatoka

real: sigatoka real: pestalotiopsis
0 pred:sigatoka

pred:sigatoka pre opsis

Figure 11. The prediction results of model scheme 2

Based on Figure 11, it can be explained that the
prediction results from testing the VGG-19 model
scheme. It can be concluded that the model successfully
predicts or identifies well and accurately.

After getting the model evaluation results from the two
schemes that were carried out, the report results for the
best accuracy value have been obtained. In the tests
carried out, the use of different model architectures and
models affects the final results. The reports on the
results of the two models tested are shown in Table 5.

Table 5. The reports on the results of the two models tested

Skema Accuracy  Precission  Recall F1-Score
Model 1

(ResNet50)  94% 88% 91% 89%
Model 2

(VGG-19)  91% 88% 91% 89%

Based on Table 5, it is shown and explained that the
results of the evaluation reports of the two models that
have been tested are: The ResNet50 model gets an
accuracy value of 94%, and the VGG-19 model gets an
accuracy value of 91%. Furthermore, after getting the
best results from one of the proposed models, the report
on the model evaluation results will be compared with
previous studies [13]. Comparison reports with details
between the research carried out and previous research
are shown in Table 6.

Table 6. The comparison results report with details between the
research carried out and previous research

Scheme Dataset Model Accuracy
Adreanov et Banana Leaf DenseNet 84%

al [13] Dataset

Model Banana Leaf ResNet50 94%
ResNet50 Dataset

Model VGG- Banana Leaf VGG-19 91%

19 Dataset
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Based on Table 6, it is shown and explained that the
results report compares the accuracy results that have
been carried out from the two models used with models
from previous studies. Based on the results of the report
that was successfully obtained, it can be concluded that
the ResNet50 model has a very high fit with the dataset
used in this study, thus obtaining the best accuracy
value from the VGG-19 model and previous research
[13] by obtaining an accuracy value of 94%.

4. Conclusion

The selection of two models, i.e., ResNet50 and VGG-
19, managed to get the best accuracy results in
identifying banana plant diseases through banana leaf
images. Dataset processing and creating a new model
architecture affect the final results obtained from
evaluation tests of the proposed model. Based on the
research objective, it can be concluded that the
ResNet50 model managed to get an accuracy of 94%,
which is higher than previous research by Adreanov and
his colleagues with an accuracy of 84% and the VGG-
19 model with an accuracy of 91%. By conducting this
research, researchers managed to exceed the results of
previous studies with results of 94% accuracy, 88%
precision, 91% recall, and an 89% F1-Score, making
this the best model for identifying banana plant diseases
with the ResNet50 model. Hopefully, this research can
help researchers or experts identify banana plant
diseases using machine learning.

Suggestions for future research are to try using other
CNN models such as EfficientNet and others, then to be
able to use a different architecture from this research,
and to be able to use more training data from this
research to get better results and accuracy values in
identifying banana plant diseases.

References

[1] A. Victor lkechukwu, S. Murali, R. Deepu, and R. C.
Shivamurthy, “ResNet-50 vs VGG-19 vs training from scratch:
A comparative analysis of the segmentation and classification
of Pneumonia from chest X-ray images,” Glob. Transitions
Proc., wvol. 2, no. 2, pp. 375-381, 2021, doi:
10.1016/j.gltp.2021.08.027.

[2] W. Li, X. Yu, C. Chen, and Q. Gong, “Identification and
localization of grape diseased leaf images captured by UAV
based on CNN,” Comput. Electron. Agric., vol. 214, no.
March, p. 108277, 2023, doi: 10.1016/j.compag.2023.108277.

[3] J. Kunhoth, S. Al Maadeed, M. Saleh, and Y. Akbari, “CNN
feature and classifier fusion on novel transformed image
dataset for dysgraphia diagnosis in children,” Expert Syst.
Appl., vol. 231, no. April, p. 120740, 2023, doi:
10.1016/j.eswa.2023.120740.

[4] M. Loey, G. Manogaran, M. H. N. Taha, and N. E. M. Khalifa,
“Fighting against COVID-19: A novel deep learning model
based on YOLO-v2 with ResNet-50 for medical face mask
detection,” Sustain. Cities Soc., vol. 65, no. June 2020, p.
102600, 2021, doi: 10.1016/j.scs.2020.102600.

[5] B.LiandD. Lima, “Facial expression recognition via ResNet-
50,” Int. J. Cogn. Comput. Eng., vol. 2, no. January, pp. 57-64,
2021, doi: 10.1016/j.ijcce.2021.02.002.

[6] G.Meena, K. K. Mohbey, A. Indian, and S. Kumar, “Sentiment

(7]

(8]

(]

(10]

(11]

[12]

[13]

(14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

Analysis from Images using VGG19 based Transfer Learning
Approach,” Procedia Comput. Sci., vol. 204, no. 2021, pp.
411-418, 2022, doi: 10.1016/j.procs.2022.08.050.

S. Kumar and H. Kumar, “Classification of COVID-19 X-ray
images using transfer learning with visual geometrical groups
and novel sequential convolutional neural networks,”
MethodsX, vol. 11, no. July, p. 102295, 2023, doi:
10.1016/j.mex.2023.102295.

Y. N. Yenusi, Suryasatriya Trihandaru, and A. Setiawan,
“Comparison of Convolutional Neural Network (CNN)
Models in Face Classification of Papuan and Other
Ethnicities,” JST (Jurnal Sains dan Teknol., vol. 12, no. 1, pp.
261-268, 2023, doi: 10.23887/jstundiksha.v12i1.46861.

A. Marcolongo, M. Vladymyrov, S. Lienert, N. Peleg, S. Haug,
and J. Zscheischler, “Predicting years with extremely low gross
primary production from daily weather data using
Convolutional Neural Networks,” Environ. Data Sci., vol. 1,
pp. 1-17, 2022, doi: 10.1017/eds.2022.1.

Y. Harjoseputro, “Convolutional Neural Network (Cnn) Untuk
Pengklasifikasian Aksara Jawa,” Buana Inform., p. 23, 2018.
C. F. G. Dos Santos and J. P. Papa, “Avoiding Overfitting: A
Survey on Regularization Methods for Convolutional Neural
Networks,” ACM Comput. Surv., vol. 54, no. 10 s, 2022, doi:
10.1145/3510413.

N. D. Girsang, “Literature Study of Convolutional Neural
Network Algorithm for Batik Classification,” Brill. Res. Artif.
Intell., wvol. 1, no. 1, pp. 1-7, 2021, doi:
10.47709/brilliance.v1i1.1069.

Andreanov Ridhovan, Aries Suharso, and Chaerur Rozikin,
“Disease Detection in Banana Leaf Plants using DenseNet and
Inception Method,” J. RESTI (Rekayasa Sist. dan Teknol.
Informasi), vol. 6, no. 5, pp. 710-718, 2022, doi:
10.29207/resti.v6i5.4202.

K. L. Narayanan et al., “Banana Plant Disease Classification
Using Hybrid Convolutional Neural Network,” Comput. Intell.
Neurosci., vol. 2022, 2022, doi: 10.1155/2022/9153699.

M. A. B. Bhuiyan, H. M. Abdullah, S. E. Arman, S. Saminur
Rahman, and K. Al Mahmud, “BananaSqueezeNet: A very
fast, lightweight convolutional neural network for the
diagnosis of three prominent banana leaf diseases,” Smart
Agric. Technol., vol. 4, no. December 2022, p. 100214, 2023,
doi: 10.1016/j.atech.2023.100214.

A. Waheed, M. Goyal, D. Gupta, A. Khanna, A. E. Hassanien,
and H. M. Pandey, “An optimized dense convolutional neural
network model for disease recognition and classification in
corn leaf,” Comput. Electron. Agric., vol. 175, 2020, doi:
10.1016/j.compag.2020.105456.

M. Raka Satria and J. Pardede, “Image Captioning
Menggunakan Metode Resnet50 Dan Long Short Term
Memory,” Tera, vol. 2, no. 2, pp. 84-94, 2022, [Online].
Awvailable: http://jurnal.undira.ac.id/index.php/jurnaltera/

M. H.Li, Y. Yu, H. Wei, and T. O. Chan, “Classification of the
gilou (arcade building) using a robust image processing
framework based on the Faster R-CNN with ResNet50,” J.
Asian Archit. Build. Eng., 2023, doi:
10.1080/13467581.2023.2238038.

J. Y. Ibrahim Alzamily, S. B. Ariffin, and S. S. Abu Naser,
“Classification of Encrypted Images Using Deep Learning —
Resnet50,” J. Theor. Appl. Inf. Technol., vol. 100, no. 21, pp.
6610-6620, 2022.

Y. Zheng, C. Yang, and A. Merkulov, “Breast cancer screening
using convolutional neural network and follow-up digital
mammography,” no. September, p. 4, 2018, doi:
10.1117/12.2304564.

J. Jaworek-Korjakowska, P. Kleczek, and M. Gorgon,
“Melanoma thickness prediction based on convolutional neural
network with VGG-19 model transfer learning,” IEEE
Comput. Soc. Conf. Comput. Vis. Pattern Recognit. Work., vol.
2019-June, pp. 2748-2756, 2019, doi:
10.1109/CVPRW.2019.00333.

S. G. Paul et al., “A real-time application-based convolutional
neural network approach for tomato leaf disease

DOI: https://doi.org/10.29207/resti.v7i6.5000
Creative Commons Attribution 4.0 International License (CC BY 4.0)

1317



Ilham Rahmana Syihad, Muhammad Rizal, Zamah Sari, Yufis Azhar
Jurnal RESTI (Rekayasa Sistem dan Teknologi Informasi) Vol.7 No. 6 (2023)

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

classification,” Array, vol. 19, no. March, p. 100313, 2023, doi:
10.1016/j.array.2023.100313.

J. S. Sidhu and T. A. Zafar, “Bioactive compounds in banana
fruits and their health benefits,” Food Qual. Saf., vol. 2, no. 4,
pp. 183-188, 2018, doi: 10.1093/fgsafe/fyy019.

R. R. Atole and D. Park, “A multiclass deep convolutional
neural network classifier for detection of common rice plant
anomalies,” Int. J. Adv. Comput. Sci. Appl., vol. 9, no. 1, pp.
6770, 2018, doi: 10.14569/IJACSA.2018.090109.

P. Senthilraj and P. Parameswari, “an Effectual Multivariate
Svm Integrated With Cnn for Identification of Diseases in
Banana Tree,” J. Pharm. Negat. Results, vol. 13, no. 9, pp.
1707-1719, 2022, doi: 10.47750/pnr.2022.13.509.207.

B. Singh, J. P. Singh, A. Kaur, and N. Singh, “Bioactive
compounds in banana and their associated health benefits - A
review,” Food Chem., vol. 206, pp. 1-11, 2016, doi:
10.1016/j.foodchem.2016.03.033.

L. V. Fulton, D. Dolezel, J. Harrop, Y. Yan, and C. P. Fulton,
“Classification of alzheimer’s disease with and without
imagery using gradient boosted machines and resnet-50,”
Brain Sci., vol. 9, no. 9, 2019, doi: 10.3390/brainsci9090212.
T. H. Nguyen, T. N. Nguyen, and B. V. Ngo, “A VGG-19
Model with Transfer Learning and Image Segmentation for
Classification of Tomato Leaf Disease,” AgriEngineering, vol.
4, no. 4, pp. 871-887, 2022, doi:
10.3390/agriengineering4040056.

J. Xiao, J. Wang, S. Cao, and B. Li, “Application of a Novel
and Improved VGG-19 Network in the Detection of Workers
Wearing Masks,” J. Phys. Conf. Ser., vol. 1518, no. 1, 2020,
doi: 10.1088/1742-6596/1518/1/012041.

W. Setiawan, “Perbandingan Arsitektur Convolutional Neural
Network Untuk Klasifikasi Fundus,” J. Simantec, vol. 7, no. 2,
pp. 48-53, 2020, doi: 10.21107/simantec.v7i2.6551.

N. Srivastava, G. Hinton, A. Krizhevsky, I. Sutskever, and R.
Salakhutdinov, “Dropout: A simple way to prevent neural
networks from overfitting,” J. Mach. Learn. Res., vol. 15, pp.
1929-1958, 2014.

(32]

(33]

(34]

(39]

(36]

(37]

(38]

(39]

(40]

A. Tato and R. Nkambou, “Workshop track -ICLR 2018
IMPROVING ADAM OPTIMIZER,” pp. 1-4, 2018.

S. Lawrence and C. L. Giles, “Overfitting and neural networks:
Conjugate gradient and backpropagation,” Proc. Int. Jt. Conf.
Neural Networks, vol. 1, pp. 114-119, 2000, doi:
10.1109/ijcnn.2000.857823.

M. A. Purnama Wibowo, Muhammad Bima Al Fayyadl, Yufis
Azhar, and Zamah Sari, “Classification of Brain Tumors on
MRI Images Using Convolutional Neural Network Model
EfficientNet,” J. RESTI (Rekayasa Sist. dan Teknol.
Informasi), vol. 6, no. 4, pp. 538-547, 2022, doi:
10.29207/resti.v6i4.4119.

A. Al-Sabaawi, H. M. Ibrahim, Z. M. Arkah, M. Al-Amidie,
and L. Alzubaidi, “Amended Convolutional Neural Network
with Global Average Pooling for Image Classification,” pp.
171-180, 2021, doi: 10.1007/978-3-030-71187-0_16.

Z.Li, S. H. Wang, R. R. Fan, G. Cao, Y. D. Zhang, and T. Guo,
“Teeth category classification via seven-layer deep
convolutional neural network with max pooling and global
average pooling,” Int. J. Imaging Syst. Technol., vol. 29, no. 4,
pp. 577-583, 2019, doi: 10.1002/ima.22337.

W. Transform and R.- Convolutional, “Neural Network,”
Power Syst., vol. 28, pp. 75-159, 2007, doi: 10.1007/978-3-
030-97645-3_11.

K. R. Kanaparthi and S. Sudhakar Ilango, “A Survey on
Training Issues in Chili Leaf Diseases ldentification Using
Deep Learning Techniques,” Procedia Comput. Sci., vol. 218,
pp. 2123-2132, 2022, doi: 10.1016/j.procs.2023.01.188.

Y. M. Abd Algani, O. J. Marquez Caro, L. M. Robladillo
Bravo, C. Kaur, M. S. Al Ansari, and B. Kiran Bala, “Leaf
disease identification and classification using optimized deep
learning,” Meas. Sensors, vol. 25, no. September 2022, p.
100643, 2023, doi: 10.1016/j.measen.2022.100643.

A. Alem and S. Kumar, “Transfer Learning Models for Land
Cover and Land Use Classification in Remote Sensing Image,”
Appl.  Artif. Intell., vol. 36, no. 1, 2022, doi:
10.1080/08839514.2021.2014192.

DOI: https://doi.org/10.29207/resti.v7i6.5000
Creative Commons Attribution 4.0 International License (CC BY 4.0)

1318



