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Abstract—Plant leaf diseases are a major factor in reducing agricultural productivity, particularly for local
commodities that often lack adequate artificial intelligence-based disease detection systems. This study aims
to optimize the performance of a Convolutional Neural Network (CNN) model using the Inception V3
architecture through the application of multi-stage data augmentation to improve the classification accuracy
of local plant leaf diseases. The dataset used is PlantifyDR from Kaggle, which has limited data volume and
visual variation, requiring an effective augmentation strategy to improve the model’s generalization ability.

The proposed multi-stage augmentation approach consists of three stages—geometric, photometric, and
texture-noise augmentation—that systematically enrich the diversity of training images. Evaluation results
show that the proposed model provides significant performance improvements compared to the baseline
model. The Inception V3 model with multi-stage augmentation achieved an accuracy of 0.762, an F1-score of
0.727, and a perfect AUC (1.00) across all classes, while the baseline model only achieved an accuracy of 0.595
and an average AUC of 0.877. Accuracy, loss, ROC curve, and confusion matrix analyses confirmed that multi-
stage augmentation reduced overfitting and enhanced the model's ability to differentiate disease symptoms

across leaf types. Therefore, this study concludes that multi-stage data augmentation is an effective approach
for optimizing deep learning models on small and complex datasets, while also providing a significant
contribution to the development of more accurate and reliable Al-based plant disease detection systems.

Keywords: Agricultural Al, Deep Learning Optimization, Inception V3, Multi-Stage Data Augmentation, Plant
Leaf Disease Classification.

Intisari—Penyakit pada daun tanaman merupakan salah satu faktor utama yang menurunkan produktivitas
pertanian, terutama pada komoditas lokal yang sering kali belum memiliki sistem deteksi penyakit berbasis
kecerdasan buatan yang memadai. Penelitian ini bertujuan mengoptimalkan kinerja model Convolutional
Neural Network (CNN) menggunakan arsitektur Inception V3 melalui penerapan multi-stage data
augmentation guna meningkatkan akurasi klasifikasi penyakit daun tanaman lokal. Dataset yang digunakan
adalah PlantifyDR dari Kaggle, yang memiliki keterbatasan jumlah data dan variasi visual sehingga
memerlukan strategi augmentasi yang efektif untuk meningkatkan kemampuan generalisasi model
Pendekatan augmentasi bertingkat yang diusulkan terdiri atas tiga tahap—geometric, photometric, dan
texture-noise augmentation—yang secara sistematis memperkaya keragaman citra pelatihan. Hasil evaluasi
menunjukkan bahwa model usulan memberikan peningkatan performa yang signifikan dibandingkan model
baseline. Model Inception V3 dengan multi-stage augmentation mencapai akurasi 0.762, F1-score 0.727, dan
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AUC sempurna (1.00) pada semua kelas, sementara model baseline hanya memperoleh akurasi 0.595 dan AUC
rata-rata 0.877. Analisis kurva akurasi, loss, ROC, dan confusion matrix mengonfirmasi bahwa augmentasi
bertingkat mampu mengurangi overfitting serta memperkuat kemampuan model dalam membedakan gejala
penyakit antarjenis daun. Dengan demikian, penelitian ini menyimpulkan bahwa multi-stage data
augmentation merupakan pendekatan yang efektif dalam mengoptimalkan model deep learning pada dataset
kecil dan kompleks, sekaligus memberikan kontribusi penting dalam pengembangan sistem deteksi penyakit

tanaman berbasis Al yang lebih akurat dan andal.

Kata Kunci: Al Pertanian, Optimasi Deep Learning, Inception V3, Augmentasi Data Multi-Tahap, Klasifikasi

Penyakit Daun Tanaman.
INTRODUCTION

Agriculture is a strategic sector that plays a
crucial role in supporting food security, providing
industrial raw materials, and improving the welfare
of communities in various regions, including
tropical regions with high biodiversity. On the other
hand, crop productivity often declines due to leaf
diseases caused by fungi, bacteria, and viral
infections. Early detection of plant diseases is key to

preventing further damage and minimizing
economic losses. However, manual disease
identification by agronomists is often time-

consuming, subjective, and difficult to implement on
alarge-scale [1], [2], [3].

The development of deep learning-based
computer  vision  technology, particularly
Convolutional Neural Networks (CNNs), has
provided significant breakthroughs in automating
visual diagnostic processes in various fields,
including plant health [4], [5], [6]. CNNs have
proven effective in automatically extracting spatial
features from images, enabling them to recognize
damage patterns on plantleaves with high accuracy.
However, CNN model performance is still heavily
influenced by dataset characteristics, sample size,
and the quality of the available visual
representation [7], [8], [9].

In the case of local crops, particularly those
cultivated traditionally such as apples, berries, and
guava, as reflected in the dataset structure
consisting of three main classes in the Train and
Test folders, the number of images is often limited.
Small or imbalanced datasets can degrade model
generalization performance, lead to overfitting, and
reduce the model's ability to identify disease
variations in real-world settings [10], [11], [12].
Furthermore, varying lighting conditions, leaf
orientation, object size, and background pose
challenges to the classification process [13], [14].

Based on previous research conducted by
[15], this article proposes a Multi-Stage Neural
Network-Based Ensemble Learning approach for
wheat leaf disease classification by combining
multiple pre-trained CNN models
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(InceptionResNetV2, DenseNet201, MobileNetV2,
and a custom CNN model) within a bagging-based
Ensemble Learning framework to improve feature
extraction and address issues of overfitting, data
imbalance, and image background complexity. The
results  demonstrate significant ~ accuracy
improvements on three public datasets—86.78%,
98.28%, and 99.16%—that outperform the
performance of a single model.

The strengths of this article lie in the robust
ensemble design, cross-dataset evaluation,
comprehensive experiments (including ablation
studies and hyperparameter variations), and an
emphasis on model generalization in field
conditions. However, its drawbacks include its
relatively high computational requirements
compared to lightweight models, its reliance on
image quality, and the lack of direct testing on edge
devices or in real-time conditions; and, while
ensembles improve accuracy, their methodological
complexity can make implementation difficult in
resource-constrained agricultural environments. In
line with subsequent research conducted by [16],
this article proposes a hybrid multi-stage
framework for plant disease classification by
combining EfficientNet-B8, Vision Transformer
(ViT), and Knowledge Graph Fusion (KGF), thus
capturing local details, global patterns, and
metadata-based contextual information such as
plant type, environmental conditions, and disease
relationships.

The model was tested on the PlantVillage
dataset containing 38 disease classes and achieved
high performance, namely 99.7% training accuracy
and 993% testing accuracy, supported by
consistent precision, recall, and F1-score values.
The main strength of this article is the integration of
three sources of information (local features, global
features, and domain knowledge) which improves
interpretability,  generalization ability, and
performance over many CNN or single ViT methods.
In addition, the multi-stage structure and the use of
knowledge graphs provide richer and more relevant

context for disease detection. However,
disadvantages include high  computational
1163
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requirements due to the simultaneous use of
EfficientNet-B8 and ViT, dependence on the
availability of metadata to build the knowledge
graph, and potential difficulties in implementation
on low-power agricultural devices. Furthermore,
validation is still based on a single dataset, so more
extensive field testing is needed to ensure the
model's robustness in real-world conditions.

One widely used approach to address dataset
limitations is data augmentation. This method aims
to generate new image variations through
transformations such as rotation, flipping, zooming,
color intensity changes, and geometric distortion
[17], [18], [19]. However, some studies still use
single-stage augmentation, which applies only one
type of augmentation uniformly to the entire
dataset. This approach is suboptimal because it fails
to consider the complexity of disease patterns and
the need to gradually increase data diversity within
each class [20], [21], [22]. Therefore, a more
adaptive and layered augmentation strategy is
needed, namely multi-stage data augmentation,
which allows for the generation of richer and more
realistic data variations. Multi-stage augmentation
can be designed to mimic diverse field conditions,
expand spatial and textural representation, and
increase the model's resilience to visual noise [7],
[23], [24]. By optimizing the augmentation pipeline,
CNN performance can be significantly improved
even when the original dataset is limited [25], [26],
[27].

This research focuses on optimizing CNN
models using a multi-stage data augmentation
approach for local plant leaf disease classification.
By leveraging a dataset structured around three
main classes—Apple, Berry, and Guava—this study
aims to produce a more accurate, robust model
capable of generalizing well to real-world
conditions [1], [2], [28], [29], [30]. Furthermore,
this study contributes to the scientific literature by
presenting a comparative analysis between the
stepwise augmentation approach and the
conventional approach, and evaluating its impact on
the performance of CNN models in classifying
tropical plant leaf diseases [1], [2], [28]. Therefore,
this research is not only relevant for the
development of artificial intelligence-based smart
agriculture but also supports the implementation of
a high-accuracy early detection system for plant
diseases that can be adapted to various local crop
types in Indonesia and other tropical countries [31],
[32], [33], [34].

This study presents several methodological
and practical contributions to the field of plant leaf
disease classification using deep learning. First,
unlike many previous studies that apply single-
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stage or uniform data augmentation, this research
proposes a  structured multi-stage data
augmentation pipeline consisting of geometric,
photometric, and texture-noise transformations.
This stepwise strategy is specifically designed to
enrich visual diversity gradually and improve model
robustness when dealing with small and visually
complex local plant datasets. Second, this study
systematically evaluates the impact of multi-stage
data augmentation by conducting a controlled
comparison between a baseline Inception V3 model
and an optimized Inception V3 model using the
same architecture and training configuration. This
experimental design allows the performance
improvement to be directly attributed to the
augmentation strategy rather than architectural
changes. Third, from a practical perspective, this
research focuses on local plant species with limited
publicly available data, demonstrating that high-
performing deep learning models can still be
developed without relying on large-scale datasets.
The findings provide a practical reference for the
development of Al-based plant disease detection
systems in resource-constrained agricultural
environments, particularly in tropical regions.
Overall, this study contributes both a reproducible
augmentation framework and empirical evidence
supporting its effectiveness for local plant leaf
disease classification.

MATERIALS AND METHODS

This section describes in detail the
components, procedures, and research workflow
used to develop and optimize the CNN model based
on multi-stage data augmentation techniques for
classifying diseases in local plant leaves. This
section includes a description of the dataset,
preprocessing steps, multi-stage augmentation
strategies, the CNN architecture used, training
configurations, and model performance evaluation
methods. This section outlines all materials used in

the study, including the dataset, computing
hardware, software dependencies, and the
modeling execution environment.
Dataset (Research Dataset)

This sub-chapter describes the

characteristics of the dataset, its folder structure,
common issues encountered in local plant datasets,
and the reasons why these datasets require
optimization techniques such as multi-stage data
augmentation.

The dataset used in this study is a collection
of local plant leaf images consisting of three types of
plants: Apple, Berry, and Guava, each categorized
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based on the leaf's visual characteristics, which
reflect the presence of specific diseases or
abnormalities. The dataset is structured into two
main sections: Train and Test, each with subfolders
for each plant class. This organized dataset
structure facilitates the separation of data for
training and evaluation and ensures no data leakage
between the training and testing processes. The leaf
images in this dataset were collected under diverse
field conditions, thus displaying variations in
lighting, object orientation, background, leaf size,
and disease symptom clarity. Some images feature
high light intensity, strong shadows, or natural
backgrounds such as grass and soil, while others
show closer-up of leaves against clearer
backgrounds. This diversity of conditions creates
high visual complexity, which is a challenge for
CNN-based models, especially in terms of
generalization to real conditions in the field.

[N
b) Berry
Source: (Research Results, 2025)
Figure 1. Sample Image from the Research Dataset

c) Guava

Figure 1 shows a sample of the research data.
The dataset used in this study was obtained from
the open dataset platform Kaggle under the title
"PlantifyDR Dataset," provided by Lavaman151.
The dataset is publicly accessible through the
following link:
https://www.kaggle.com/datasets/lavaman151/pl
antifydr-dataset. This dataset is a collection of plant
leaf images from several species, including Apple,
Berry, and Guava, categorized based on leaf health,
making it relevant for plant disease classification
research.

Comparison of the Baseline Model with the
Proposed Model (Multi-Stage Data
Augmentation)

This subsection discusses in detail the
comparison between the baseline model, the
standard Inception V3 without optimization, and
the proposed model, Inception V3 optimized
through multi-stage data augmentation techniques.
The purpose of this comparison is to assess the
extent to which the stepwise augmentation strategy
can improve model performance in local plant leaf
disease classification, especially when the dataset
used has a limited number of samples and high
visual variation. Both models use the same basic
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architecture, but differ in the mechanisms for
improving the quality of data entering the network,
allowing for an objective evaluation of the impact of
multilevel augmentation.

Table 1. Comparison of the Baseline and Proposed

Models
Inception V3 Inception V3
Aspects Baseline Proposed (Multi-
P (Standard) Stage Augmentation
Optimization)
Inception V3  Inception V3 pretrained
Architectur pretrained, no +  optimized data
e significant pipeline
changes
Augmentati Slight  rotation, Multi-stage: ge(?metrlc
: . —  photometric —
on horizontal flip .
texture augmentation
Training Low, depending Very high, variation is
Data on the original gradually expanded
Diversity dataset
Visual Noise Low High, due to noise and
Robustness blur augmentation
Risk of . Low, due to enhanced
. High -
Overfitting generalization
Training Low Higher, but improves
Complexity learning quality
I Robust, capable of
Generalizati - . - .
on Abili Limited handling variations in
ty real-world conditions.
Suitability Highly suitable, as
for Small Suboptimal augmentation enriches
Datasets the data
Performanc  As a comparison T}.le primary ~ model
. with the expected best
e Targets baseline

performance

Source: (Research Results, 2025)

Table 1 explains that the baseline model uses
the Inception V3 pretrained ImageNet architecture
without significant modifications to the data
pipeline. In this model, augmentation is minimal,
limited to light rotations and horizontal flipping.
This approach is suitable for research using
standard transfer learning, but has limitations when
applied to small datasets like the PlantifyDR dataset.
The lack of augmentation results in the model
learning from a limited variety of data, potentially
leading to overfitting, especially since Inception V3
is a complex architecture with a large number of
parameters. This results in the baseline model
tending to perform well on the training data but
being less stable when tested on new data.

Meanwhile, the proposed model employs a
multi-stage data augmentation strategy, a step-by-
step augmentation approach designed to
systematically enrich the visual representation of
the dataset. Augmentation is performed in three
stages—geometric, photometric, and texture
augmentation—so the model can recognize leaf
disease patterns under a variety of lighting
conditions. The first stage introduces variations in
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leaf orientation, the second adjusts lighting and
color factors, and the third simulates noise, disease
texture, and natural leaf deformation. This multi-
stage implementation enables the proposed model
to learn more robust features and adapt to real-
world conditions.

Thus, the main difference between the two
models lies in the quality and diversity of the data
used to train the network. The baseline model relies
heavily on a limited original dataset, while the
proposed model obtains more varied and realistic
data through stepwise augmentation. This is
expected to significantly improve performance,
particularly in reducing overfitting, improving
generalization, and strengthening the model's
ability to recognize disease symptoms in leaves of
local plants with high visual diversity.

Research Design

This Research Design section describes the
methodological flow and experimental design used
to evaluate the effectiveness of the proposed model,
Inception V3 optimized with multi-stage data
augmentation, compared to the baseline model, the
standard Inception V3 without optimization. This
research design is systematically designed to allow
each stage to be replicated by other researchers and
to ensure transparency in the scientific process. The
research flow includes stages ranging from dataset
collection and analysis, data pre-processing,
designing the stepwise augmentation pipeline,
model development, training, and performance
evaluation and analysis of the results. Each phase
has an important role in ensuring that the
experiment has adequate internal and external
validity qualities.

Start

l Data Pre-Processing

_

Multi-Stage Data Augmentation Design

<
_ h

—

Baseline Model
InceptionV3

InceptionV3 Proposed

Model

Evaluation
Accuracy

distribution

ROC

Model Performance

Precision, recall, and F1-score
Confusion matrix to view classification

Training and validation loss/accuracy curves

v

Comprnand s

Finished

Source: (Research Results, 2025)

Figure 2. Research Design
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The initial stage of this research design
began with dataset preparation, which involved a
thorough examination of the PlantifyDR dataset
from Kaggle to ensure image quality, sample
distribution per class, disease symptom variation,
and the suitability of the data format for the
Inception V3 architecture. This process included
visual inspection, verification of the Train and Test
folder structures, and identification of potential
bias, class imbalance, and visual challenges such as
noise and lighting variations. Data preprocessing
was then performed, including resizing the images
to 299x299 pixels, normalizing pixel values to the
[0,1] range, separating 20% of the validation data
from the train set, and checking for corrupted
images to ensure consistent data quality.

The next stage was the design of multi-
stage data augmentation, the core of the research,
which consisted of three sequential steps: (1)
geometric augmentation to introduce rotation,
flipping, shifting, and zooming; (2) photometric
augmentation to adjust light intensity and color
characteristics such as brightness, contrast, hue,
and saturation; and (3) texture and noise
augmentation to simulate noise, blur, cutout, and
elastic deformation to enrich the leaf texture
variations. All augmentation stages were applied in
a structured manner to evaluate their contribution
to model performance. After the data was ready,
two models were developed for comparison: a
baseline model in the form of Inception V3
pretrained on ImageNet without augmentation
optimization, and a proposed model in the form of
Inception V3 enhanced with a multi-stage data
augmentation pipeline. Both models were trained
with standardized parameters, including the Adam
optimizer, a learning rate of 0.0001, a batch size of
32, 30-50 epochs, dropout and early stopping
regularization, and learning rate adaptation using
ReduceLROnPlateau. The baseline model used
minimal augmentation, while the proposed model
utilized multilevel augmentation, allowing for direct
evaluation of the effect of data variation on model
performance.

Model evaluation was performed using a
test set using various metrics such as accuracy,
precision, recall, Fl-score, confusion matrix,
training-validation loss/accuracy curve, and
overfitting tendency analysis. The final stage is the
analysis and interpretation of the results, which
includes assessing the impact of each augmentation
stage on performance improvement, comparing
model generalization against test data, and
interpreting prediction errors to conclude the
effectiveness of multi-stage augmentation in
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improving Inception V3's ability to classify local
plant leaf diseases.

RESULTS AND DISCUSSION

This chapter presents experimental results
and an in-depth discussion of the performance of
the two models compared in this study: the baseline
(standard) Inception V3 and the proposed Inception
V3  optimized through multi-stage data
augmentation. The evaluation was conducted to
assess the effectiveness of  multi-stage
augmentation in improving accuracy,
generalization ability, training stability, and model
performance in addressing visual variation in the
PlantifyDR dataset. Experimental results were
analyzed using various metrics, including accuracy,
precision, recall, F1-score, confusion matrix, and
training curve analysis, to obtain a comprehensive
interpretation of the impact of the optimization
approach on deep learning models.

Research Data Analysis

This dataset shares common characteristics
often found in local agricultural data: a limited
number of samples in each class and an imbalanced
distribution of images across crop categories. This
imbalance has the potential to cause model bias,
where the model can more easily learn disease
patterns from classes with more examples, but
struggles to recognize patterns in classes with fewer
data sets. Furthermore, the relatively limited data
set also increases the risk of overfitting, especially
when using large network architectures like
Inception V3, which require significant dataset sizes
to achieve optimal performance. In addition to the
limited number of images, the variation in leaf
disease symptoms also varies, with some images
showing very obvious damage through
discoloration, spots, or deformation, while others
display more subtle symptoms or only appear on a
small portion of the leaf surface. This adds to the
model's difficulty in recognizing stable and
consistent visual features.

Image Distribution

Number of Images
W B
Q =]

N
-]

10

o4

E
= &

Source: (Research Results, 2025)
Figure 3. Image Distribution

ple
Guava
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Overall, this dataset can be categorized as a
real-world agricultural imagery dataset that
presents complex challenges in terms of both data
quantity and quality. These challenges include high
visual variation, environmental noise, class
imbalance, and limited sample size. Therefore, this
dataset is highly relevant for research aimed at
developing more robust and adaptive CNN models,
particularly through the application of optimization
strategies such as multi-stage data augmentation.
This stepwise augmentation approach is crucial for
enriching the visual representations that the
Inception V3 model can learn, enabling the model to
improve its generalization ability and achieve stable
performance, even when working on a relatively
small and heterogeneous dataset. Therefore, this
dataset serves as an important foundation for
developing and evaluating local plant leaf disease
classification models using deep learning methods.

Performance Comparison Between Baseline and
Proposed Model

The evaluation results show that the baseline
model with minimal augmentation tends to perform
well on the training data, but exhibits significant
declines on the validation and test data. This
indicates overfitting, where the model learns too
specifically on the limited features of the training
dataset. In the case of local plant datasets such as
PlantifyDR, where the size and diversity of the data
are limited, this phenomenon is a common risk,
especially if the model uses alarge architecture such
as Inception V3 without adequate augmentation
support.

(;)ﬁ - (b) -

Proposed Inception Inception V3 Baseline
V3 (Multi-Stage (Standard)
Augmentation
Optimization)

Source: (Research Results, 2025)
Figure 4. ROC Curves

Figure 4 shows a comparison of the ROC
curves between the Proposed Inception V3 and the
Baseline Inception V3 for three crop classes: Apple,
Berry, and Guava. In the proposed model (Figure a),
all ROC curves are located directly on the upper left
side of the graph, with perfect AUC values (AUC =
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1.00) for all classes, indicating very high
discrimination ability and nearly error-free
classification performance. In contrast, the baseline
model (Figure b) exhibits more variable ROC curves
that are far from ideal, with AUC values of 0.86 for
Apple, 0.80 for Berry, and 0.97 for Guava,
respectively. These results indicate that the baseline
model has poorer class separation ability, especially
for the Berry and Apple classes. While the proposed
model achieves optimal performance thanks to
multi-stage data augmentation optimization, which
enriches feature variation, thereby improving
classification accuracy across all classes.

Conversely, the proposed model with multi-
stage data augmentation shows substantial
improvements in performance on both the
validation and test sets. The application of
multilevel augmentation resulted in a wider variety
of images, allowing the model to learn visual
features that are more robust to changes in
orientation, lighting, and texture. This model also
demonstrated higher training stability, as indicated
by a smaller gap between the training and validation
accuracy curves compared to the baseline model.
Overall, these results demonstrate that multilevel
augmentation is capable of improving the
generalization of Inception V3 on datasets with
complex visual conditions and a limited number of
images.

Confusion Matrix Analysis

Confusion matrix analysis provided deeper
insight into the model's classification behavior for
each class. The baseline model showed a tendency
to make incorrect predictions for classes with fewer
samples or those with greater variation in disease
textures. For example, berry leaves, which exhibit
more varied disease symptoms, tend to be
misclassified as apples due to the similarity in color
patterns across several samples.

Confusion Matrix Confusion Matrix

(@)

Inception V3 Proposed Inception V3
(Optimasi Multi-Stage Baseline
Augmentation) (Standard)

Source: (Research Results, 2025)
Figure 5. Confusion Matrix
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The proposed model showed a significant
improvement in inter-class separation,
demonstrated by a reduction in cross-classification
errors. This indicates that multi-stage augmentation
helps the model understand finer texture and color
features, making it better able to distinguish disease
characteristics in each plant type. With texture- and
noise-based augmentation in Stage 3, the model can
learn more representative disease symptom
features that are independent of specific lighting
patterns or shooting angles.

Training and Validation Curve Analysis

The training curves illustrate the learning
dynamics of both models. The baseline model
generally shows a rapid increase in training
accuracy, but validation accuracy tends to stagnate
or decline after a few epochs. This pattern highlights
the presence of overfitting, caused by a lack of
variation in the training data.

@

Proposed Inception V3  Inception V3 Baseline
(Multi-Stage (Standard)
Augmentation
Optimization)

Source: (Research Results, 2025)
Figure 6. Comparison of Training Results
(Accuracy)

Figure 6 shows a comparison of the training
and validation accuracy curves between the
Proposed Inception V3 model and the Inception V3
Baseline model. In the proposed model (Figure a),
the training accuracy increases rapidly,
approaching 1.00, and the validation accuracy
remains in the high range with stable fluctuations,
indicating good generalization ability thanks to the
application of multi-stage data augmentation. In
contrast, the baseline model (Figure b) exhibits
much lower training accuracy and slow
improvement, while the validation accuracy only
reaches around 0.60. This difference indicates that
the baseline model struggles to learn patterns in
limited data, while the proposed model is able to
utilize multi-stage augmentation to improve
performance and reduce the risk of overfitting.
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Train vs Validation Loss

(@) )

Proposed Inception V3  Inception V3 Baseline
(Multi-Stage (Standard)
Augmentation
Optimization)

Source: (Research Results, 2025)
Figure 7. Comparison of Training Results (Loss)

Figure 7 shows a comparison of the training
loss and validation loss curves between the
Proposed Inception V3 and the Baseline Inception
V3. In the proposed model (Figure a), the training
loss drops drastically in the first few epochs and
stabilizes near a low value, while the validation loss
also shows a decreasing trend and is relatively
stable, indicating an effective learning process and
good generalization ability thanks to the
implementation of multi-stage data augmentation.
In contrast, the baseline model (Figure b) shows a
training loss that remains high and does not
decrease significantly until the end of the epoch,
with the validation loss stagnating at around 1.0.
This condition indicates that the baseline model
struggles to learn data patterns and is unable to
optimize effectively, resulting in its performance
significantly below that of the proposed model.

Meanwhile, the curves of the proposed model
show a more stable pattern. Training accuracy
increases gradually, while validation accuracy
follows a similar pattern without significant
divergence. The presence of multi-stage
augmentation extends the model's time to fully
learn visual patterns, thereby reducing the risk of
the model memorizing the dataset. Additionally, the
implementation of early stopping and learning rate
adaptation (ReduceLROnPlateau) helps ensure the
model stops at the optimal point before
performance degradation occurs. The training
configuration was selected based on a balance
between convergence stability and computational
efficiency. The Adam optimizer was employed due
to its adaptive learning rate capability and proven
effectiveness in training deep CNN architectures on
limited datasets. A learning rate of 0.0001 was
chosen to ensure stable convergence while avoiding
excessive weight updates that could lead to
overfitting. The batch size was set to 32, which
provides a compromise between training stability
and GPU memory constraints. The number of
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training epochs was set in the range of 30-50 and
controlled using early stopping to prevent
unnecessary training once validation performance
ceased to improve. Additionally, learning rate
reduction using ReduceLROnPlateau was applied to
further enhance convergence during later training
stages.

Effectiveness of Multi-Stage Data Augmentation

The  implementation of  multi-stage
augmentation proved to be a key factor in
improving the performance of the proposed model.
A step-by-step analysis showed that:

1. Stage 1 (Geometric Augmentation)
Reduces the model's dependence on image
orientation. Without this stage, the model tends
to be biased toward certain leaf positions, which
is common in small datasets.

2. Stage 2 (Photometric Augmentation)
Addresses strong lighting variations in the
PlantifyDR dataset. Many leaf images were taken
in direct sunlight or shade, making changes in
brightness and  contrast crucial for
generalization.

3. Stage 3 (Texture and Noise Augmentation)
This stage contributes most to improving the
model's ability to distinguish disease types, as it
provides texture variations that mimic natural
symptoms such as spots, chlorosis, or tissue
deformation.

The results show that the Ilargest
contribution to accuracy improvement occurred
after the implementation of Stage 3, particularly in
improving the model's ability to recognize subtle
patterns on the leaf surface.

Discussion: Implications and Insights

The superior performance of the proposed
model has important implications for the
application of deep learning to local plant disease
detection. First, the results confirm that multi-stage
data augmentation is more effective than the single
or minimal augmentation commonly used in many
related studies. Second, the study demonstrates that
large architectures like Inception V3 can still
achieve optimal performance on small datasets if
supported by a systematic and adaptive
augmentation pipeline. Third, this multi-stage
approach offers the opportunity to reduce
dependence on large amounts of data, making it
highly relevant for Al-based agricultural
applications in areas with limited access to
comprehensive visual data.
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Source: (Research Results, 2025)
Figure 8. Sample Predictions from the Proposed
Model

Furthermore, this approach can be replicated
in various other plant disease classification studies,
both local and international, with similar dataset
characteristics. Thus, the multi-stage augmentation
strategy not only improved model performance in
this study but also offers methodological
contributions that can be applied in similar studies
in the future.

Summary of Findings, overall, the results show that:
a. The baseline Inception V3 suffers from

overfitting and poor generalization.

b. The proposed Inception V3 with multi-stage
augmentation shows improvements in accuracy,
F1-score, and training stability.

c. Multi-stage augmentation plays a crucial role in
enriching visual variation and strengthening the
model's ability to recognize disease features.

d. Thisapproach is able to overcome the challenges
of small datasets and the visual complexity
typical of local plants.

Table 2. Evaluation Results of the Baseline Model
(Standard Inception V3) and the Proposed Model
(Inception V3 + Multi-Stage Augmentation)

Model Accur  Precisio Reca F1- AUC
acy n 1l Scor  (ROC
e )

Proposed 0.762  0.861 0.76 0.72  1.00
Model 2 7
(Inception V3 +
Multi-Stage
Augmentation)
“Baseline 0.595 0.724 0.59 0.58 0.87
Model 5 5 7
(Standard

Inception V3)

Source: (Research Results, 2025)

Table 2 shows that the proposed model
(Inception V3 with Multi-Stage Augmentation)
performed significantly better than the baseline
model (standard Inception V3) across all key
evaluation metrics. The proposed model achieved
an accuracy of 0.762, with higher precision and
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recall of 0.861 and 0.762, respectively, and an F1-
score of 0.727, indicating a more balanced model's
ability to correctly predict all classes. Furthermore,
an AUC of 1.00 indicates excellent class separation,
confirming that the proposed model has excellent
generalization to the test data. In contrast, the
baseline model only achieved an accuracy of 0.595,
with a precision of 0.724, a recall of 0.595, an F1-
score of 0.585, and an AUC of 0.877, indicating lower

performance and an inability to optimally capture
the variety of leaf disease features. This difference
confirms that the application of multi-stage data
augmentation significantly improves the learning
quality and classification performance of the model.
Thus, it can be concluded that optimizing Inception
V3 through multi-stage data augmentation
significantly improves the classification
performance of local plant leaf diseases.

Table 3. Benchmark Comparison with Related Studies

Study Model Architecture Dataset Augmentation Strategy Accuracy
(%)

Mahesh et MobileNetV2 Plant leaf images Single-stage (rotation, flip) 94.6
al. [28] (single crop)
Yousafzaiet CNN Ensemble (InceptionResNetV2, Wheat leaf datasets Multi-stage + ensemble 98.28
al. [15] DenseNet201, MobileNetV2) (large-scale)
Alwan & EfficientNet-B8 + ViT + KGF PlantVillage (38 Implicit + feature fusion 99.3
Alturfi [16] classes)
Proposed Inception V3 PlantifyDR (Apple, Multi-stage (geometric, 76.2
Method Berry, Guava) photometric, texture-noise)

Source: (Research Results, 2025)

Table 3 presents a benchmark comparison
between the proposed method and several recent
studies on plant leaf disease classification. Although
the proposed model does not achieve accuracy
levels as high as studies evaluated on large-scale or
highly controlled datasets such as PlantVillage, it
demonstrates competitive performance given the
limited size and high visual complexity of the
PlantifyDR dataset. Unlike ensemble-based or
hybrid transformer approaches that require
substantial computational resources, the proposed
method focuses on optimizing data diversity
through a structured multi-stage augmentation
pipeline while maintaining a single CNN
architecture. This comparison highlights that the
performance gain achieved in this study is primarily
attributed to the augmentation strategy rather than
architectural complexity. Therefore, the proposed
approach offers a balanced trade-off between
performance improvement and methodological
simplicity, making it particularly suitable for local
and resource-constrained agricultural applications

CONCLUSION

Based on the research results, it can be
concluded that applying multi-stage data
augmentation to the Inception V3 model
significantly improves the classification
performance of local plant leaf diseases compared
to the baseline model without optimization. The
proposed model demonstrated substantial
improvements in all evaluation metrics, including
accuracy, precision, recall, Fl-score, and class
separation ability, as indicated by AUC values
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reaching 1.00 for all classes. Accuracy, loss, ROC,
and confusion matrix graphs consistently
demonstrated that the proposed model learned
more effectively, reduced the risk of overfitting, and
had significantly better generalization to the test
data. In contrast, the baseline model demonstrated
unstable performance, lower accuracy, and
difficulty recognizing visual patterns on a limited
dataset. Therefore, this study confirms that a multi-
stage augmentation strategy is an effective and
important approach to deep learning model
optimization, especially when applied to small and
complex datasets such as images of local plant leaf
diseases. It has the potential to serve as a
benchmark for developing more accurate and
reliable Al-based plant disease detection systems.
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