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Abstract- Plant diseases pose a significant
threat to global food security, reducing both
crop quality and productivity. To address this
challenge, this study proposes an enhanced
deep learning approach using a modified
Xception architecture for plant disease
detection. The model integrates Global
Average Pooling and a Dropout layer to
reduce overfitting and improve generalization
performance on complex agricultural data. A
large-scale multi-class dataset of 54,305
images across 38 plant species was employed,
with preprocessing steps including resizing,
augmentation, and normalization. The model
was trained using the Adam optimizer with a
batch size of 32 over 5 epochs, and its
performance was compared against CNN,
InceptionV3,  InceptionResNetV2,  and
XGBoost. Experimental results demonstrate
that the modified Xception achieved the
highest accuracy, with 97.61% on training
data and 97.63% on validation data,
outperforming the other models under
identical experimental settings.

The novelty of this research lies in the
application of a modified Xception network
on a large-scale, multi-class plant disease
dataset combined with a systematic
comparative evaluation against multiple
architectures, an approach that has been rarely
explored in previous studies. The findings not
only confirm the robustness of Xception in
handling complex agricultural imagery but
also provide a practical framework for
developing early disease detection systems in
precision agriculture.

Keywords—Accuracy, Detection, Disease,
Plants, Xception

I. INTRODUCTION

The agricultural sector is an important
sector in ensuring food security for the
world's population, the agricultural sector
itself has a large contribution to the economic
development of many countries[1]. In today's
modern era, the agricultural sector itself has a
major challenge, one of which is increasing
crop productivity while maintaining plant
health[2]. Of the several key factors that

influence agricultural productivity, crop
management and prevention are very
important[2].

Every year, problems such as pests,
environmental problems, and leaf problems
make it difficult for farmers to produce a
variety of healthy crops[2]. Plant diseases can
cause significant economic losses due to
decreased crop quality and quantity. Many
developed countries face food quality
challenges. According to projections from the
World Health Organization, ~food production
will need to increase by 70% by 2050 to meet
the needs of the global population.

The presence of problems such as plant
diseases can have a major impact in reducing
crop yields and quality, therefore it is
important to identify plant diseases.
Therefore, the development of Machine
Learning and Deep Learning is used to detect
diseases in plants [3]. The use of deep
learning techniques in computer vision has
opened up new opportunities to detect plant
diseases quickly thanks to technological
advances [4]. As one of the Deep
architectures. The most advanced learning,
Xception has the remarkable ability to
recognize early signs of plant disease through
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image processing [5]. By implementing the
Xception model into an image-based plant
disease detection system, it is expected that,
compared to conventional methods, the
diagnosis of plant conditions will be more
accurate and faster. This method allows
farmers to track plant conditions more
effectively and efficiently and allows for
rapid intervention to prevent the spread of
disease. The use of technology in plant
disease detection not only provides an
efficient solution but also has the potential to
reduce losses caused by plant infections [6].

The challenges of maintaining plant health
extend beyond disease identification and
include managing environmental factors and
agricultural practices [7]. Factors such as
extreme weather, humidity, and soil quality
can also impact plant growth and
development, increasing susceptibility to
disease. Therefore, a holistic approach is
necessary to ensure optimal plant health and
productivity [7].

In this regard, this study aims to develop
and test the Xception model to rapidly detect
diseases in fruiting plants [5]. Through the use
of image processing and machine learning
technologies [7]. This is expected to
contribute to providing reliable and easy-to-
use solutions for farmers to manage plant
health, thereby assisting in efforts to increase
agricultural productivity sustainably [3].

The novelty of this research lies in the
application of the modified Xception model
with Global Average Pooling and Dropout on
a large-scale multi-class dataset across plant
species, as well as its comparative evaluation
with other popular architectures. This
approach has not been widely used in the
agricultural domain, so the results of this
study not only strengthen the role of Xception
as a more robust baseline but also provide a
practical contribution to the implementation
of Al-based plant disease detection systems in
the field.

II. METHOD

Xception Model is a popular model for
detect objects and classification image. This

model modified with one-layer average
collection or global average pooling that is for
reduce dimensions spatial from feature before
classification image [8]. there is One linear
layer followed with function activation ReLU
that helps introducing non- linearity to in the
model, increasing ability from features
complex [3].

For prevent occurrence overvitting and
improve generalization model, one dropout
layers are also included in the section end [9].
Layer dropout Work with random for turn off
number of units on a layer certain during
phase training [10]. Implementation elements
This aim for increase Xception model
accuracy in processing pictures, and allows
this model for give more predictions accurate
in very varied and complex data conditions

[11].

2.1.Research Methods
2.1.1 Load Images
In this study, a modified Xception
architecture was developed to detect plant
diseases from leaf images. The
methodological workflow of the proposed

approach is illustrated in Figure 1.
a - . . [Diseased Lea
xmm

Figure 1. Modified Xception architecture for
plant disease detection

Data Frame

In Figure 1, the Xception architecture is
presented, illustrating its multi-stage image
processing capability for detecting plant
diseases[12] [13]. Identification process
condition health leaf use technology Xception
is one of the significant progresses in
technology agriculture[14]. By leveraging
deep learning models, researchers and
practitioners are able to obtain deeper insights
into plant health, thereby enabling earlier
interventions to prevent the spread of diseases
or to mitigate conditions that may negatively
impact crop productivity[15]. This process, as

SISFORMA: Journal of Information Systems (e-Journal)Vol.11 | No 2 |Th. 2024

ISSN 2442-7888 (online) DOI 10.24167/Sisforma

200



Implementation of Xception method for Early Detection of Plant Diseases

depicted in the diagram, begins with the
loading of input images.

In first step, leaf images under various
health conditions are typically captured using
high-quality cameras and related imaging
devices[16]. However, in this study, we
employed a dataset carefully curated from the
open-access Kaggle platform, which
comprises both real-time and ground-truth
annotated images. This comprehensive
dataset contains a total of 54,305 leaf images
organized into 38 distinct classes, with 43,444
images allocated for training and 10,861
images for validation. The dataset
encompasses a wide variety of plant species,
including apple, blueberry, cherry, corn,
grape, orange, peach, pepper, potato,
pumpkin, soybean, raspberry, strawberry, and
tomato. To ensure consistency during the
training process, all images were uniformly
resized to a resolution of 139 x 139 pixels.

In this study, a modified Xception
architecture was developed to detect plant
diseases  from  leaf  images.  The
methodological workflow of the proposed
approach is illustrated in Figure 1.

2.1.2 Preprocessing

In the image processing pipeline, the
inclusion of a feature extraction stage is
essential. Within the Xception architecture,
the feature extraction process is inherently
performed during the training phase of the
model. The features here are abstract
representations of the information contained
in the image itself. Image data initially
changed to in form matrix with a process
called vectorization[17].

Figure 2 presents examples of leaf images,
some of which are affected by disease and
some of which are healthy leaves. Once the
image dataset is uploaded, the subsequent
stage involves data preprocessing. This
process consists of several steps, including
data frame creation, data augmentation, and
normalization[17].

actual

------

Figure 2. Example Leaf Image

After the image dataset is uploaded, the
next step is data processing. The data
processing process involves several steps,
namely creating a data frame, data
augmentation, and normalization [17].
Creating a data frame is a data structure used
to store image information, the data frame
also allows the storage of additional attributes
such as category labels, namely by using
healthy leaf and diseased leaf labels used in
the Xception model training process and
Xception model testing [18]. Data
augmentation is a technique used to generate
additional training data from existing data
through modification, the data augmentation
technique has the aim of making the model
more robust to variations in new data
[11][19].

Normalization is the process of adjusting
the scale of pixel values in an image to a
standard range, this step is important to help
machine learning models process data more
efficiently and effectively [20][21].
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2.1.3 Train Model

Tabel 1. HyperParameters

Hyper-
parameter Values
Classes 38
Optimizer Adam
Epochs 5
Learning Rate 0,01
Batch Size 32
Poolling Global Average Pooling
Activation Relu
Table 1 presents the hyperparameter

configuration used during the model training.
The proposed model employs the Xception
architecture  for image classification,
implemented using the TensorFlow and Keras
frameworks. The model structure begins with
the definition of input images and leverages
pre-trained Xception weights as the
foundation of the architecture[22]. Xception
is recognized as one of the most efficient and
effective convolutional neural network
(CNN) architectures, primarily due to its
capability to extract hierarchical features
from complex images[23].

Average Pooling as shown in table 1.
Global Average Pooling have objective for
reduce size Xception output feature that can
produce representation more features solid
and can used by layers next in the model. For
extracting feature more next, layer Dense
added for introducing non- linearity into the
model with use activation Useful ReLU For
learn deeper relationship complex between
class labels and input features.

During training, dropout layer disables
some units/neurons of layer previously for
learn more features common and useful for
avoid excessive dependence. After determine
model structure, steps next that is compile the
model. With use optimizer Adam for optimize
the training process [17]. Optimizer Adam
have ability For adapt rate learning in a way
adaptive for every parameters. In addition, the
function categorical crossentropy chosen as

measurements to be taken optimized during
training.

The process of loading training data started
after the model is compiled with use Image
Data Generator, which allows for data
augmentation such as rotation, shift, and
horizontal flip. For allows effective
evaluation during training data sharing into
training and validation subsets. For adapt
model weights with training data, training
process started with call function fit() on a
model with parameters of training data,
number of epochs, and validation data. This
process ongoing with using 5 epochs for
customize model weights with training data
[24].

2.1.4 Layer Model

To further illustrate the architecture of the
proposed model, Table 2 provides a detailed
summary of the layers used in the modified
Xception network for leaf image recognition
and classification. The table presents
information regarding the name of each layer,
the corresponding output shape, and the
number of parameters involved in the
computation. This representation enables a
clearer understanding of how the model
processes input images through successive
transformations before generating the final
classification output.

Tabel 2. Layer Model

Layer Output Shape Param
Input Layer (None, 139,139,3) 0
Conv2D (None, 69, 69, 32) 864

BatchNormalization (None, 69, 69, 32) 128

Activation (None, 69, 69, 32) 0

GlobalAveragePooling2D
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(None, 2048) 0
Dense (None, 128) 262272
Dropout (None, 128) 0
Dense (None, 38) 4902
Total params: 21128654
(80.60 MB)
Trainable params:
21074126 (80.39 MB)
Non-trainableparams :
54528 (213.00 KB)
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Input Layer the first model to receive input
image and generates a tensor with the same
shape with image . This image usually
consists of from arrangement pixels , with
mark pixels that indicate light intensity at a
point certain in image . Layer second of the
model is Conv2D which is layer convolution
and layers This apply a number of filters to
the input tensor [17]. Layer the three models
are BatchNormalization , output layer
previously normalized by
BatchNormalization . This layer subtracts the
mean output and divides it by the standard
deviation. Activation This layer applies a non-
linear function to the output of the previous
layer. This function introduces non- linearity
into the model, allowing for analysis between
input data and output labels .

GlobalAveragePooling2D This layer takes
the output of the previous layer and calculates
the average value for each channel of the
tensor , which reduces the dimensionality to a
single value. Dense This layer takes the
output of the previous layer and applies a
linear transformation to it [25]. The dropout
layer protects the model from overfitting the
training data by regularizing the tensor
elements. input randomly to zero during
training [7]. Dense This final output layer is
the layer that applies the softmax function to
the output of the previous layer and converts
it into a probability distribution over the
output labels .

This table also shows the total number of
model parameters, as well as the number of
trainable and non-trainable parameters.
Trainable parameters are those updated
during  training, while = non-trainable
parameters are those not updated during
training.

2.1.5 Test Model

Model testing or data validation is step
important for evaluate how much both models
have been trained and able apply knowledge
gained to new data that has not been once seen
previously. The primary objective of this
process is to verify the generalization
capability of the model, i.e., its ability to
perform reliably beyond the training dataset

used for parameter optimization. Testing is
crucial as it ensures that the model not only
fits the training data but is also capable of
predicting or classifying unseen samples with
high accuracy.

In this study, The dataset that has been
trained will tested For evaluate how much
good Xception model This data validation
consists of 38 image classes matched to the
model's output classes. To ensure model
consistency, the model's input specifications
were resized to 299 x 299 pixels.

2.2.Mathematical Equations

The Softmax activation function is used in the
output layer to classify leaf images into 38
different plant disease classes. This function
converts raw scores (logits) into probabilities
that can be summed together. The softmax
function is formulated as follows:
Zj
9= < (1

j=1€”

where ¥; is the predicted probability of the i-
th class, z; is the logit score for that class, and
N is the total number of classes.

N
L= = yilog9) @
i=1

Where J; is the target label of the i-th class,
and y; is the model's prediction for the i-th
class. This loss will be minimized during

training using the Adam optimization
algorithm.
1 H W 3)
9k =5 WZZfi,j,k
i=1j=1

In Equation (3), fi ks, LJ,Kf.fijx 1s the
activation of the kkk-th feature channel at
pixel positions i, ji, ji,j, dan H,WH, WH,W
is the height and width of the feature map.
This technique helps avoid overfitting and
simplifies the classification process.
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ITI. RESULTS AND DISCUSSION

This section presents the training and
validation results of the Xception model
developed to detect plant diseases. The
training process was conducted over five
epochs using data that had been previously
divided into training and validation subsets.

Epoch 1/5

1358/1358

[ I -
1043s 740ms/step - loss: 0.4451 - accuracy:
0.8809 - val loss: 0.7783 - val accuracy: 0.8394

Epoch 2/5

1358/1358

[ I -
996s 733ms/step - loss: 0.1735 - accuracy: 0.9528
- val loss: 0.2115 - val accuracy: 0.9374

Epoch 3/5

1358/1358

[ I -
991s 730ms/step - loss: 0.1306 - accuracy: 0.9645
-val loss: 0.2110 - val_accuracy: 0.9442

Epoch 4/5

1358/1358

[ I -
995s 732ms/step - loss: 0.1099 - accuracy: 0.9706
- val loss: 0.0971 - val accuracy: 0.9733

Epoch 5/5

1358/1358

[ I -
1003s 738ms/step - loss: 0.0877 - accuracy:
0.9761 - val loss: 0.0872 - val accuracy: 0.9763

The test results show that in epoch 1, the
Xception model started with a relatively high
loss and achieved relatively low accuracy
during training. In epochs 2-4, the Xception
model experienced a very significant decrease
in loss and a significant increase in accuracy.
At the end of the 5th  epoch , the model
achieved an accuracy of 0.9761 on the
training data and an accuracy of 0.9763 on the
validation data.

Figure 3 illustrates the training and
validation accuracy of the model across
multiple epochs. An epoch refers to a
complete iteration of the training dataset
through the model. The objective of training
is to achieve high accuracy not only on the

training dataset, which is used to optimize the
model parameters, but also on the validation
dataset, which evaluates the model’s ability to
generalize to unseen data. Training accuracy
represents the proportion of correctly
classified instances in the training dataset,
while validation accuracy reflects the model’s
performance on independent validation

samples.
Training and Validation Accuracy

L

0.98 1
—— Training Accuracy

Validation Accuracy

0.96

T T T T T T T T T
0.0 0.5 10 15 2.0 2.5 3.0 3.5 4.0
Epoch

Figure 3. Training and validation accuracy of the
Xception model across epochs

Training and Validation Loss

0.8 - .
—— Training Loss

Validation Loss
0.7 1

0.6

0.5

Loss

0.4 1

0.3 1

0.2 1

0.1 e

T T T T T T T T T
0.0 0.5 1.0 15 2.0 2.5 3.0 3.5 4.0
Epoch

Figure 4. Training and validation loss of
the model across epochs.

The graphs (Fig 4) show the training and
validation losses of a machine learning model
over several epochs . An epoch is one full
iteration of the training data through the
model. The validation loss indicates how well
the model performs on unseen (validation)
data. A lower validation loss indicates a
model 's ability to generalize well and avoid
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overfitting . training shows how well the
model performs on the training data. The
lower the loss, the training , indicating the
model 1s better at fitting the training
examples. The goal is to reduce learning and
validation loss. In the best-case scenario, both
lines consistently fall and move toward low
values.

Tabel 3. Comparative performance of CNN,
Xception, Inception, InceptionResNetV2, and

XGBoost
Batch Learning  Training  Validation

Network size Epoch  rate Accuray  Accuracy
CNN 32 5 0.001 09758 09173
Xception 32 5 0.001 0.9761 0.9763
Inception 32 5 0.001 0.9511 0.8832
Inception-
Resnetv2 32 5 0,001 09371 0.9377
XGBoost 32 5 0,001 09137 0.9604

Table 3. summarizes the comparative
performance of five deep learning
architectures CNN, Xception, Inception,

InceptionResNetV2, and XGBoost evaluated
under identical experimental settings. All
models were trained using a learning rate of
0.001, categorical crossentropy as the loss
function, and a batch size of 32, with the
dataset divided into training and validation
subsets in an 80:20 ratio.

Among the evaluated models, Xception
achieved the highest performance, with a
training accuracy of 97.61% and a validation
accuracy of 97.63%. This result demonstrates
its superior generalization capability and
robustness when handling unseen data. CNN
exhibited comparable training accuracy
(97.58%) but lower wvalidation accuracy
(91.73%), suggesting potential overfitting
despite its strong training performance. The
Inception model yielded a validation accuracy
of 88.32%, which was lower than both

Xception and CNN, indicating limited
generalization in  this  configuration.
InceptionResNetV2  achieved  relatively

balanced results (93.71% training accuracy
and 93.77% validation accuracy), reflecting
stable learning yet not surpassing Xception.
Interestingly, XGBoost produced a relatively
high validation accuracy of 96.04% despite its

lower training accuracy of 91.37%, implying
strong generalization but reduced ability to
capture complex feature representations
compared to CNN-based models.

Overall, the results confirm that Xception
consistently  outperforms  the other
architectures in both training and validation
accuracy, establishing it as the most effective
and reliable model for the classification task
under the given experimental configuration.

IV. CONCLUSION

This study addresses challenges in
agriculture by implementing a CNN-based
Xception transfer learning model for plant
disease detection. Through the utilization of
image processing technology and machine
learning techniques, the model's performance
was evaluated over five training epochs.
Initially, the Xception model experienced
high failure rates and relatively high loss.
However, after three additional epochs, there
was a noticeable improvement in accuracy
and a significant reduction in loss. By the end
of the training process, the model achieved
excellent performance, with an accuracy of
0.9760 on the training data and 0.9763 on the
validation data.

Although the Xception model is successful
in detecting plant diseases, the model is
highly dependent on the quality of the dataset
used. And the Xception model Xception itself
has a complex model consisting of many
convolutional layers and many parameters.
This complexity makes the model slower and
requires more computation, but this
complexity can be handled by using a
computer GPU during training, which reduces
training time. However, with the large
number of parameters in the Xception model
, there is a risk of overfitting , where the model
is too complex for the training data and its
performance decreases when it receives new
data.

Despite these limitations, the quality and
quantity of the dataset play a crucial role in
the model’s performance. A high-quality,
diverse, and sufficiently large dataset enables
the model to learn relevant features and
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generalize to new data effectively. By
focusing on the development of the dataset
and continuous evaluation of the model's
performance, the potential of the Xception
model can be maximized to aid in plant

disease detection.

It is anticipated that

technologies like Xception will continue to
evolve, becoming increasingly effective tools
in the agricultural sector.
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