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Abstract

Herbal leaves are atype that is often used by people in the health sector. The problem faced is the lack of knowledge about the
types of herbal leaves and the difficulty of distinguishing the types of herbal leaves for ordinary people who do not understand
plants. If any type of plant is used, it will have a negative impact on health. Automatic classification with the help of tec hnology
will reduce the risk of misidentification of herbal leaf types. To make identification, a precise and aceurate herbal leaf detection
process is needed. This research aims to facilitate the classification model of herbal leaf images with a higher accuracy value
than previous research. Therefore, the proposed method in this classification process is one of the Transfer Learning methods,
namely Convolutional Neau’ Network (CNN) with a pretrained VGG 16 model. This research uses a dataset of herbal leaves
with a tot 10 classes: Belimbing Wuluh, Jambu Biji, Jeruk Nipis, Kemangi, Lidah Buaya, Nangka, Pandan, Pepaya, Seledri
and Sirih. The performance of the results of the proposed classification method on the test dataset using Classification Report
shows an increase in the results of the previous research accuracy value from 82% to 97%. This research also applies Image
Data Generator in the augmentation process which aims to improve the image of herbal leaves, reduce overfitting, and improve

accuracy.

Kevwords: classification, herbal leaf, transfer learning, VGGI6.

1. Introduction

Herbal plants have many benefits for human life apart
from being foodstuffs, oxygen providers, and others.
Herbal plants can also be specifically utilized for
medical therapy in the health sector [1]. One example is
the utilization of bay leaves (Eugenia Polyantha Wight)
as a food flavoring spices and herbal medicines for body
health [2]. Herbal plants can be used as medicinal plants
or ornamental plants, this depends on the utilization
itself. Herbal plants are identified through observations
that begin with human observations. Herbal plants have
a function to prevent and cure diseases [3]. Herbal
plants are often used as family medicinal plants because
they have ahigh potential to grow into family medicinal
plants. Various benefits are obtained from family herbal
plants, such as improving nutrition, increasing income,
greening the environment, and fulfilling other daily life
needs. Related research that has been conducted from
the results of interviews is from 16 types of herbal
plants, it turns out that many people are not right in
utilizing the properties of herbal plants. In the treatment
of diseases, there are stll misconceptions about the

efficacy of herbal plants [1]. Based on research
conducted [4], around 80% of people depend on herbal
plants for human health.

To find out the types of herbal plants, several things can
be considered, such as herbal plant pattern recognition,
plant shape, plant texture, and plant structure
characteristics [5]. The part of the herbal plant that is
often utilized in medicinal therapy is the leaf [6].
Classification of herbal leaves is generally only done
based on observations of leaf shape and color. Leaves
have a very important role in herbal plants. In addition,
leaves are also easily available compared to other parts
such as roots in herbal plants. Because of the many
types of herbal plants, it will be difficult to distinguish
them 1f identification 1s carried out based on the shape
and color of the leaves with the direct eye by ordinary
people. To be able to distinguish between types of
herbal plants requires information and knowledge in
this field. This manual identification process takes a
long time and special knowledge [7]. It takes an expert
or experienced person to be able to correctly classify
several types of herbal leaves [8]. Misclassification can
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also result in errors in the composition of herbal leaf
concoctions combined with other types of leaves for
medicinal purposes. Therefore, a media is needed to be
able to classify various types of herbal plants effectively
and accurately with the aim of helping people identify
herbal leaves without special knowledge. One solution
15 to provide information on the classification of herbal
leaf to the public by using technology [7].

One of the artificial intelligence algorithms thie:zm
classify an object through machine learning is Deep
Learning Algorithm. Deep Learning is the development
of Machine Learning. Image or digital image
processing often uses Deep Leaming. One of the
utilizations of Deep Learning is image processing. With
the image processing sy stem, it can help classify objects
while processing a lot of data, as well quickly and
accurately [9]. The reason for using the Deep Learning
algorithm is to optimize the performance of
unstructured data. An example of a Deep Learning
Algorithm that is often used is Convolutional Neural
Network (CNN). On(m the derivatives of Multilayer
Perceptron (MPL), Convolutional Neural Network
(CNN) is a method designed to process data in two-
dimensional form, such as sound or images [10].

Deep Learning requires many datasets to get good
results. In related research, the number of parameters
has been reduced by taking datasets that have been
trained so that they can classify new datasets without
training data from scratch, this method is called
Transfer Learning [11]. Transfer Learning is a method
that utilizes a Convolutional Neural Network (CNN)
model with a pretrained model. It does not require
training data from scratch because the weights from the
trained model will be applied to the new dataset [12].
The classification process using the Transfer Learning
method can improve the performance of other Transfer
Learning models and strategies by applying the end-to-
end Convolutional Neural Network (CNN) model [13].

Research related to the classification of herbal leaf types
by utilizing technology has developed with various
models and results ()aliucd. Research using high-
resolution leaf images using the Convolutional Neural
Network (CNN) method has obtained an accuracy value
on the testing dataset of 82%. The research was used to
recognize objects on 3 (five) types of plants. However,
there is still a prediction error in the banana plant class,
because it has a geometric correction that is almost the
same ;lather types of plants [14]. The detection method
using Convolutional Neural Network (CNN) Deep
Learning with the use of 7 Convolutional Layers has
obtained research results in the form of an accuracy
value between 80 - 100% with 80 images of testing data
and getting an average accuracy of 090296 using
testing data [ 15].

Other research has implemented Deep Learning in the
classification of plant species ﬂ] an android-base

DOL: https://doi.org/1

application and obtained an accuracy value on the
validation dataset of 86% [16]. Research using Deep
Learning Algﬂilhms is also found in leaf image
identification using the Convolutional Neural Network
(CNN) method which gets an average accuracy of 85%
and 90% using 40 image tests [10]. Different research
has identified 54 images of three types of Ficus plants
utilizing Artificial Neural Network (ANN) and Support
Vector Machine (SVM) [17].

The Convolutional Neural Network (CNN) method 1s
also utilized in research that is used for the disease
detection process on leaves, namely potatoes. Get good
results at 95% accuracy on training data and 94% on
validation data when reaching the 10th epoch with a
batch size of 20 [18]. In addition, the same thing is also
done in the agricultural industry, namely the
Convolutional Neural Network (CNN) model gets an
accuracy value of 85% on testing data and 98.75% on
training data from classification results carried out on
digital 1images of spices and heibs [19]. The
Convolutional Neural Network (CNN) method can
classify well, this 1s obtained from research conducted
on succulent plants. The accuracy obtained is quite
high, with an accuracy result of 93% of the testing data
with as many as 500 datasets and 88% of internet data
witha comparison of grayscale model training and color
datasets [20]. Optimization of the Convolutional Neural
Network (CNN)-Transfer Learning model performed
on the image by reducing the image matrix without
reducing information gets an accuracy value of 90.5%
[21].

Research by companng datasets and utilizing the
Support Vector Machine (SVM) method in plant
classification based on ten classifications for
classification of 240 Chinese herbal leaves has been
done [22]. The use of Convolutional Neural Network
(CNN) in the classification of magnolia plants has
resulted in an accuracy value on training data of 99.37%
and testing data accuracy of 95.89% [23]. Based on
research relevant to leaf classification that utilizes
Artificial Intelligence information technology, it can be
concluded that Artificial Intelligence has an approach
by utilizing expert systems with good and succasful
results for classic problems [24]. An example of the
application of Deep Learning architecture is
Convolutional Neural Network (CNN) which can
reduce the dimensions of the dataset owned by not
eliminating the characteristics or features in the dataset
[25]. Convolutional Neural Network (CNN) has 3 main
layers, namely Fully Connected Layer, Pooling Layer,
Convolutional Layer [26].

Based on the description above, this research is
expected to help overcome the difficulties of the
community in classifying herbal leaves, especially
those who do not have special knowledge about botany
by utilizing current technological developments,
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namely making a model by applying the Convolutional
Neural Network (CNN) method which 1s considered
more effective in classifying an object [27]. The
architecture model used in this research 1s VGG16. This
15 done to get a higher accuracy value based on previous
research reference journal [14] and is expected to be
able to get efficient classification results. The dataset
used in this research is sourced from Indonesian Herb
Leaf Dataset 3500'. Through the classification of herbal
leaves in this research, it is hoped that it can add to the
application of herbal leaf classification technology so
that it can be implemented in applications that are in
accordance with the needs of the community.

2. Research Methods
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Figure 1. Block Diagram

Based on the block diagram design in Figure 1, there
are three main stages in this research, namely input,
process, and output. The dataset categorized into 10
classes will first be divided into 3 parts, namely: dataset
for training, validation, and testing.

The first stage is inputting herbal leaf images for
processing. Next, dataset preprocessing is carried out in
the form of training dataset augmentation which is then
entered into the proposed VGG16-CNN method, in this
stage the training data will be processed through
Convolutional Layer, Pooling Layer, Flatten Layer, and
Dense Layer. The last stage is the stage of evaluating
the classification performance of the proposed method
that has been trained by testing using the testing dataset.

2.1. Dataset

The herbal leaf dataset' has been published in an open
repository. The dataset consists of herbal leaf images in
Jpg format. The dimension of each image is 1600 x
1200 pixels. T herbal leaf dataset consists of 10
classes namely Belimbing Wuluh, Jambu Biji, Jeruk
Nipis, Kemangi, Lidah Buaya, Nangka, Pandan,
Pepaya, Seledri and Sirih. An example of a sample
dataset can be observed in Figure 2.

Referring to the reference research [14], the
composition of the dataset is divided by the percentage

! Agu :B(o Minarno dkk, “fndonesian Herb Leaf Dataset 35007
(https:/idata mendeley com/datasets/s82j8dh4rr/l,  accessed  on
February 22,2022 at 14:27)

70% of training data, 20% of validation data, and 10%
of testing data. Details of the dataset distribution can be
seen in Table 1.

Table 1. Group and Data Distribution

Group Class Amount of
Data
Training Belimbing Wuluh 245
Data Jambu Biji 245
Jeruk Nipis 245
Kemangi 245
Lidah Buaya 245
Nangka 245
Pandan 245
Pepaya 245
Seledri 245
Sirih 245
Validation Iimbiug Wuluh 70
Data Jambu Biji 70
Jeruk Nipis 0
Kemangi 70
Lidah Buaya 70
Nangka 70
Pandan 0
Pepaya 70
Seledri 0
Sirth 70
Testing Belimbing Wuluh 35
Data Jambu Biji 35
Jeruk Nipis 35
Kemangi 35
Lidah Buaya 35
Nangka 35
Pandan 35
Pepaya 35
Seledri 35
Sirih 5
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Figure 2. Sample Data from Herbal Leaf Datasets
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2.2. Model Architecture

This research applies the Transfer Leaming method in
the design of the proposed model. The model
architecture used 1s VGG16, with the addition of a Fully
Connected Layer, namely the Output Layer to adjust to
the number of classified dataset classes. The model
architecture designed on the proposed model is more
complex than the model in previous research [14].

Table 2. Model Architecture

Type Output Shape Node
Input Layer 227x227x 3

Convl 11x11x3 96
MaxPoolingl 3x3

Conv2 Sx5x48 256
MaxPooling2 3x3

Conv3 3x3x256 384
Convd Ixdxge 384
Conv3 3x3x192 256
MaxPooling3 3x3

FCo 4096
FC7 4096
FC8-n(class) 5
Output 277x277x3

Table 3. Proposed Model Architecture

Layer Type Output Shape Parameter
ut_2 InputLayer (None, 150,150, 3) 1]
blockl_convl Conv2D (None, 150,150, 64) 1792
blockl_conv2 Conv2D (None, 150,130, 64) 36928
ck1_pool ;ﬁp‘“"'“ (None,75,75.64) 0
ck2_convl Conv2D (None,75,75,128) 73856
block2_conv2  Conv2D (None,75,75,128) 147584
ck2_pool ;‘EP‘“"'“ (None,37,37,128) 0
ck3_convl  Conv2D (None 37, 37.256) 295168
block3_conv2 Conv2D (None, 37,37, 256) 590080
block3_convd Conv2D (None,37,37,256) 590080
Ecklpﬂnl ;ﬁp‘“"'“ (None.18,18.256) 0
ckd_convl Conv2D (None, 18,18,512) 1180160
block4_conv2  Conv2D (None, 18, 18,512) 2359808
block4_convd  Conv2D (None,18,18,512) 2359808
pipckt_pool ;‘EP‘“"'“ (None,0,9.512) 0
B ckS_convl  Conv2D (None,9,9,512) 2359808
phckS_convl  Conv2D (None.9,9.512) 2359808
block5_convd Conv2D (None.9,9.512) 2359808
block3_pool E‘?f[’)‘ Poolin (None,a,4.512) 0
flatten_1 Flatten (None,8192) 0
dense_2 Dense (None,512) 4104816
dense_3 Dense (None, 10) 5130
Total params 18 914,634
Trainable params 18 914,634
Non-trainable params 0

Table 2 and 3 show the architecture model and the
layers arranged to form an architecture, including: (1)
Conv2D, (2) MaxPooling2D, (3) Flatten, (4) Dense
Layer. Each layer produces an output shape and
parameter value. The difference with the previous [14]
and proposed is a more complex model architecture that
uses a pretrained model VGG16 architecture, where the

output shape and parameter values are higher. In the
proposed model, the input image dimensions are
changed to 150 x 150, then the Filter Layer and
convolution process are carried out. After convolution,
it 1s continued with the Pooling Layer and if it is
finished it will continue the next convolution, so that the
dimensions will change and continue the Pooling Layer.
Furthermore, the Convolution and Pooling Layer
process will repeat again. After the Convolutional and
Pooling Layer is completed at the final stage, it will
enter the Flatten Layer which will process the last
Pooling Layer result. The results obtained from the
Flatten Layer will be inserted one by one in the Dense
Layer. The Dense Layer in the last layer amounts to 10
adjusting to the number of classes classified.

2.3. Data Augmentation

The data augmentation process aims to add images to
the dataset. This process aims to prevent or reduce
overfitting of the model and improve accuracy in
classification [14]. Augmentation in this research uses
ImageDataGenerator as a class of preprocessing
functions derived from libraries that can be accessed on
Tensorflow, with the values of rescale = 1./255,
shear_range = 0.3, zoom_range = 0.3, rotation_range =
30, horizontal_flip = True, vertical_flip = True and
fill_mode = ‘nearest’.

If without the use of augmentation, the accuracy value
obtained is not as good as the use of augmentation, and
overfitting of the model can occur. This can be seen in
the comparison of accuracy values in Table 4.

2.4. Training and Testing

This research implements a callback function that is
applied to the model training process. This callback has
a function to stop the model training process when
val_accuracy reaches the specified value. Storage is
done every epoch completed if the val_accuracy matrix
value has increased. The use of this callback is also to
recover the weight learned from the best epoch as the
final weight of the model. This callback is also
important for scheduling the leaming speed, because
the leaming speed can cause problems. The factor that
can cause this problem is as the number of epochs
Increases.

Tests will be carried out in several scenarios such as
augmented and un-augmented data, as well as
evaluation of classification results in each class. The
various scenarios are expected to prove the reliability of
the proposed model.

3. Results and Discussions

This research uses ten types of herbal plant labels whose
dataset properties are unstructured data including
Belimbing Wuluh, Jambu Biji, Jeruk Nipis, Kemangi,
Lidah Buaya, Nangka, Pandan, Pepaya, Seledri and
Sirih. With each label, 350 data samples are taken with
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the division ratio being 70% training data, 20%
validation data and 10% testing data. Of the ten labels
used as datasets have different forms of leaf
characteristics  that similar and difficult to
distinguish by lay people who do not have knowledge
in the field of botany such as for example Sirih leaf with
Jambu Biji, Belimbing Wuluh leaf with Kemangi, and
Seledri leaf with Pepaya. Therefore, this research uses
Deep Learning algorithms to optimize performance in
classifying unstructured data to be manipulated more
effectively and accurately.

dare

3.1. Data Processing and Augmentation Results

Preprocessing step carried out is splitting the dataset,
which divides the "Indonesian Herb Leaf Dataset 3500"
dataset into three folders, namely training, validation,
and test data. The results of splitting each group in
Table I. The next step is data processing which is
carried out using augmentation on training and
validation data. This augmentation also enforces a
change in image pixel size in training and validation
data to a size of 150 x 150 which is also a criterion for
using the VGG16 Transfer Learning architecture [28].

Data processing by creating a callback function for the
model training process. The callback function uses
features from the Tensorflow library in the Keras
module, in this model training using the vall_accuracy
matrix value as a parameter for the value of stopping the
model training process. Furthermore, the model will be
trained with 100 epochs.

3.2. Evaluation Result Chart
10
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Figure 3. Model Accuracy Chan

Figure 3 shows the accuracy graph of the training model
using data from training and validation data, which
results in training accuracy and validation accuracy and
has an index from 0 to 1 as a measurement value. On
the graph, it can be seen the blue line as training and
green line as validation. The training data graph has a
point of 0.9673 or equivalent to 96.73% at the 100th
epoch. While the accuracy point obtained from
validation data is more than 0.9563 or equivalent to
95.63%.

—— Taining loss
20 — Validation loss
15 1
10
054
0.0

Figure 4. Loss Model Chart

a;ure 4 shows the loss values of the training and
validation data. It can be seen that the validation data
value is a green line and training data is a blue line. In
this research, the training loss value from the training
process gets a value of 0.0975 or equivalent to 9.75%
and the validation loss gets a value of 0.1647 or
equivalent to 16.47%.

3.3. Accuracy, Recall, and F1-Score

Making Accuracy, Recall, and F1-Score as well as
testing the results of models that have been made on
machine learning. The test results of the training data
model are stored in the history variable. By using a
model evaluation through Classification Report to find
out how much percentage of the model sucaisfully
classifies all images in the testing data [29]. To measure
the performance of the classification problem, it can be
seen through the comparison of the )mbinati()n of
predicted and actual values presented in the form of a
Confusion Matrix as in Figure 5. This Confusion Matrix
displays the accuracy and precision values of the testing
data.

Confusion Matrix Report

By W

True labols

P I Ty ———

Pratar

Pz

Figure 5. Confusion Matrix
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In the main reference of this research [14] the :lccuraf
results are different, with the accuracy value of the
proposed mefbd higher than the previous research, for
more details can be seen in Table 4.

Table 4. Accuracy Results in Research [14] and Proposed Method

CNN Accuracy [14](%) CNN Accuracy — VGGI6
Proposed Model (%)

97% by using testing data

82% by using testing data

Table 5. Comparison Table of Proposed Models by Applying
Augmentation and Without Augmentation
Use of Augmentation Accuracy (%)

With Augmentation 097 or 97% by using
testing data
Without Augmentation 096 or 96% by using

testing data

In Table 5 it can be seen that using the augmentation
process in this research can increase the accuracy value
compared to without using the augmentation process.
The comparison of accuracy values is 97% with
augmentation Qd 96% without augmentation process.

The results of the Precision, Recall, and F1-Score of the
model we designed by applying augmentation get a
value of 0.97. Precision 1s the ratio between the
accurately predicted True Positive (TP) and the total
number of positive predicted data. Recall is the
comparison between True Positive (TP) and the total
amount of data that 1s actually positive, while F1-Score
1s the average comparison between precision and recall
[25]. The value of 0.97 indicates that the prediction
value is 97%. which if it is 97%, then the model can
predict the image correctly without any errors and vice
versa 1f 1t1s close to 0%, the model fails n classification.
‘When using the model designed in this research, it is
proven to be able to increase the zlccuraf value of
image classification. For more details, see Table 6.

Table 6. Precision, Recall, and F1-Score Value by Applying
Augmentation and Without Augmentation

Precision Recall Fl-Scom
Aug.  Non Aug. Non. Aug. Non
Aug. Aug. Aug
Belimbing 40 100 100 085 089 092
Wuluh
Jambu Biji 097 Lo0 097 097 097 099
Jeruk Nipis 097 089 089 LoD 093 094
Kemangi 100 097 092 092 0% 094
Lidah Buaya 100 1.00 L0 097 100 099
Nangka 100 094 095 097 097 096
Pandan 100 097 1.00 1.00 100 099
Pepaya 100 0.94 1.00 1.00 100 097
Seledri 100 1.00 oo 097 100 099
Sirh 097 091 1.00 Lo0 099 096
Accuracy 097 096
Macro avg. 097 096 097 097 097 096
Weighted
avg. 098 097 097 09 097 096

4. Conclusion

The application of the proposed method with the
Transfer Learning method using the VGG16 pretrained
model and the augmentation process on the training
dataset used for herbal leaf image classification can
recognize and detect the type of herbal leaves correctly.
The entire dataset used in this research consists of a
llecli(m of herbal leaf datasets that are transformed
into training data, validation data, and testing data. The
herbal leaf classification process is influenced by the
clarity of the leaf image during testing. Another factor
that affects the accuracy value in classification is the
amount of training data. The more training data used,
the model will leam a lot and get better results, but the
time required will be l()ngca)(). The results of the
classification that implements the Convolutional Neural
Network (CNN) method for image classification using
augmentation (Image Data Generator) and the addition
of layers, namely Fully Connected Layer that is Dense
Layer type in the proposed model, can increase the
accuracy value of training data to reach 96.73% and
97% accuracy using testing data by providing values up
to the 100th epoch. If the augmentation process is not
used, it can reduce the accuracy value of the testing data
to 96%. It can be concluded that the implementation of
the method used in this research is able to get very good
results with the accuracy value of the testing data higher
than the main reference journal [14] with the different
types of herbal leaves used.

Reference

[ 1. L. Penelitian e af., “Tanaman Obat Keluarga Dalam
Perspekuf Masyarakat Transisi (Smudi Emografis pada
Masyarakat Desa Bawodobara),” vol. 1, no. 2,2020.

2] L. Warta, K. Harismah, D. Chusniatun, I. T. Kimia, and J.
Tarbiyah, “Pemanfaatan Dann Salam (Eugenia Polyantha)
Sebagai Obat Herbal Dan Rempah Penyedap Makanan.™

[3] Y. Darnita and R. Toyib, “SISTEMASL: Jumal Sistem
Informasi Klasifikasi Penentuan Manfaat Tanaman Obat
Herbal Berbasis Rule Based Reasoning.” [Online]. Available:
http//sistemasi ftik unisiac.id

[4] H. A. Atabay, “A Convolutional Neural Network With A New
Architecture  Applied On  Leaf ClassificatioN,” 2016
[Online]. Available: www iioab.org

[5] A. Daun Herbal Menggunakan, K. Anam, and A. Saleh,
“Autentikasi Daun Herbal Menggunakan Convolutional
Neural Network dan Raspberry Pi (Authentication of Herbal
Leaves Using Convolutional Neural Network and Raspberry
Pi),” 2020.

[6] M. Agil. T. S. Wahyuni, H. Smdiawan . and R. Rakhmawati,
“Optimalisasi  Pemanfaatan Herbal Untuk Kesehatan
Masyarakat Desa Wajik Kabupaten Lamongan Provinsi Jawa
Timur.” Jurnal Pengabdian Kepada Masyarakar, vol. 24, no.
883,2019, doi: 10241 14/jpkm.v24id. 12515,

[71 W. 8. Jeon and 5. Y. Rhee, “Plant leaf recognition using a
convolition neural network,” International Jownal of Fuzy
Logic and Intelligent Systems, vol. 17, no. 1,pp. 26-34 2017,

:10.5391/1FIS 2017.17.1 26.

[8] M. §. Mustafa, Z. Husin, W. K. Tan, M. F. Mavi, and R. §.
M. Farook, “Development of automated hybnd intelligent
system for herbs plant classification and early herbs plant
disease detection.” Newral Comput Appl. vol. 32, no. 15, pp.
11419-11441, 2020, doi: 10.1007/s00521-019-04634-7.

DOL: https://doi.org/10 29207 /resti.v711.4550
Creative Commons Attribution 4.0 International License (CC BY 4.0)

25




Bella Dwi Mardiana, Wahyu Budi Utomo, Ulfah Nur Oktaviana, Galih Wasis Wicaksono, Agus Eko Minarno
Jurnal RESTI (Rekayasa Sistem dan Teknologi Informasi) Vol.7 No. 1 (2023)

[91

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

7

F. Fitra%ulana and N. Rochmawati, “Klasifikasi Citra Buah
Mguuakau Convolutional Neural Network™.

S. llahiyah and A. Nilogiri, “Implementasi Deep Learning
Pada Identifikasi Jenis Tumbuhan Berdasarkan Citra Daun

gngakan Convolutional Neural Network™.

F. Rochman and H. Junaedi, “Implementasi Transfer
Leaming untuk Identifikasi Ordo Tumbuhan melalui Daun,™
Jurnal Syntax Admiration vol. 1, no. 6, pp. 672-679_2020.
Jalu Nusantoro, Faldo Fajri Afrinanto, Wana Salam Labibah,
Zamah Sari, and Yufis Azhar, “Detection of Covid-19 on X-
Ray Image of Human Chest Using CNN and Transfer
Leaming,” Jurnal RESTI {Rekavasa Sistem dan Teknologi
Informasi). vol. 6, no. 3. pp. 430441, Jun. 2022, doi:
9207 /resti.voi3.41 18,
A.Kaya,A. S.Keceli, C.Catal, H. Y. Yalic, H. Temucin, and
B. Tekinerdogan, “Analysis of transfer learning for deep
neural network based plant classification models,” Conput
Electron Agric. vol. 158, pp. 20-29, Mar. 2019, doi:
10.1016/j compag 2019.01.041.
E. N. Arrofigoh and H. Harintaka, “Implementasi Metode
Convolutional Neural Network Untuk Klasifikasi Tanaman
Pada Citra Resolusi Tinggi,” Geomatika, vol. 24 .no. 2, p. 61,
2018, doi: 10.24895/jig.2018.24-2.810.
A. TiaraSari and E. Haryatmi. “Penerapan Convolutional
Neural Network Deep Learn@y@ dalam Pendeteksian Citra Biji
Jagung Kering.” Jurnal RESTI (Rekayasa Sistem dan
Teknologi Informasi), vol. 5, no. 2, pp. 265-271, Apr. 2021,
doi: 10 29207/resti v5i2.3040
S. F. Alamsyah, “lmplementasi Deep Learning_Untuk
Klasifikasi Tanaman.” Computers and its Ap]%ﬂimi.\'
Journal (2019) 113-122, vol. 2, pp. 113-122, 2019, [Online].
ailable: hitps://doi.org/10 .51 804/ucaiaj.v2i2.113-122
K. 5. Jye, S. Manickam, S. Malek, M. Mosleh, and S. K.
Dhillon, “Automated plant identification using anificial
neural network and support vector machine,” Front Life Sci,
vol. 10, no. 1. pp. 98107, 2017, doi
10.1080/21553769.2017.1412361 .
Al Rozaqgi, A. Sunyoto, and R. Anef, “Deteksi Penyakit
pada Daun Kentang Menggunakan Pengolahan Citra dengan
Metode Convolutdonal Neural Network Detection of Potato
Leaves Disease Using Image Processing with Convolutional
Neural Network Methods™.

[19]

[20]

[21]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

I. Wulandari, H. Yasin, and T. Widiharih, “Klasifikasi Citra
Digital Bumbu Dan  Rempah Dengan  Algoritma
Convolutional Neural Network (CNN)™, [Online]. Available:
https:/fejor andip.ac.id/index php/gaussian/

H. Fauzi Jessar, A. Toto Wibowo, and E. Rachmawati,
“Klasifikasi Genus Tanaman Sukulen Menggunakan
Convolutional Neural Network ™

S. K. Dirjen. P. Riset, D. Pengembangan, R. Dikti, and R.
Prathivi, “Terakreditasi SINTA Peringkat 2 Optimasi Model
TL-CNN Untuk Klasifikasi Citra CIFAR-10." masa berlaku
mufai,vol. 1, no. 3, pp. 717722, 2017.

H.X.Kan, L. Jin, and F. L. Zhou, “Classification of medicinal
plant leaf image based on multi-feature extraction,” Patrem
Recognition and Image Analysis. vol. 27, no. 3, pp. 581-587.
2017, doi: 10.1134/51054661 81703018 X,

I. Fauzi et al., “Klasifikasi Spesies Tanaman Magnolia
Menggunakan,” vol. 2, no. 3, pp. 235-239,2021.

E. Yuliana and A. Andoyo, “Perancangan Sistem Pakar
Identifikasi  Kualitas Daun Tembakau Berbasis Web
Desktop.” Jiksi, vol. 01, no. 01, pp. 10-13,2018.

A. Azis, “Identifikasi Jenis Ikan Men ggunak [flodel Hybrid
Deep Learning Dan Algoritma Klasifikasi,” Sebarik, vol. 24,
it .201-206, 2020, doi: 10.46984/sebatik.v24i2.1057.

S.H. Wang, Y. D. Lv, Y. Sui. S. Liu, 5. . Wang.and Y. D.
Zhang, “Alcoholism Detection by Data Augmentation and
Convolutional Neural Network with Stochastic Pooling,” J
Med Syst. vol. 42, no. 1, 2018, doi: 10.1007/s10916-017-
0845-x

L. Mookdarsanit and P. Mookdarsanit, “Thai Herb
Identification with Medicinal Properties Using Convolutional
Neural Network.” Suan Sunandha Science and Technology
Jowrnal, vol. 06, no. 2, pp. 3440, 2019, doi:
10.14456/5s51j.2019.8.

S. Tammina, “Transfer leaming using VGG-16 with Deep
Convolutional Neural Network for Classifying Images.”
International Jownal of Scientific and Research Publications
(LJSRP), wvol. 9, no. 10, p. p9%420, 2019, doi:
10 29322 /ijsep 9.10.2019.p9420

M. Koklu, I. Cinar,and Y. 8. Taspinar, “Classification of rice
varieties with deep learning methods,” Comput Electron
Agric, vol. 187, no. November 2020, p. 106285, 2021, doi:
10.1016/jcompag 2021.106285.

DOL https://doi.org/10.29207/resti.v711.4550
Creative Commons Attribution 4.0 International License (CC BY 4.0)

26




Lampiran B.14-Jurnal Sinta

ORIGINALITY REPORT

14, 14, 13+, 8

SIMILARITY INDEX INTERNET SOURCES PUBLICATIONS STUDENT PAPERS

PRIMARY SOURCES

.

Submitted to Universitas Islam Indonesia
Student Paper

3%

o

junyelee.blogspot.com

Internet Source

2%

e

ejurnal.stmik-budidarma.ac.id

Internet Source

2%

-~

Submitted to University of Muhammadiyah
Malang

Student Paper

T

o

sjia.ejournal.unsri.ac.id

Internet Source

T

Insidini Fawwaz, Tomy Candra, Delima
Agustina Margareta Marpaung, Arun Dinis, M
Reza Fachrozi. "Classification of beetle type
using the Convolutional Neural Network
algorithm", Sinkron, 2022

Publication

T

jurnal.fikom.umi.ac.id

Internet Source

T




Noor Aini Mohd Roslan, Norizan Mat Diah,
Zaidah Ibrahim, Haslizatul Mohamed Hanum,
Marina Ismail. "Automatic Plant Recognition:
A Survey of Relevant Algorithms", 2022 IEEE
18th International Colloquium on Signal
Processing & Applications (CSPA), 2022

Publication

T

Kirti Kirti, Navin Rajpal, Jyotsna Yadav. "Black
Measles Disease Identification in Grape Plant
(Vitis vinifera) Using Deep Learning", 2021
International Conference on Computing,
Communication, and Intelligent Systems
(ICCCIS), 2021

Publication

T

—
o

Submitted to Mariano Marcos State

University - Main Campus
Student Paper

(K

—_—
—

repository.ittelkom-pwt.ac.id

Internet Source

(K

—_
N

archive.org

Internet Source

T

—
w

pubs.rsc.org

Internet Source

T

Exclude quotes On Exclude matches <1%



Exclude bibliography Off



