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Abstract   
Chili cultivation is considerably affected by leaf diseases, making timely and reliable disease identification essential for 
maintaining agricultural productivity. While deep learning has demonstrated strong capabilities in plant disease recognition, 
many existing studies primarily focus on modifying network architectures rather than optimizing the training process. This 
study introduces a two-stage transfer learning framework that combines frozen-backbone adaptation with controlled fine-
tuning to enhance classification performance. The experiments utilized a publicly available dataset comprising 12,000 
augmented chili leaf images representing six disease categories. Several deep learning architectures were investigated, 
including DenseNet121, EfficientNetB0, MobileNetV2, ResNet152V2, and the Vision Transformer (ViT-B16). The experimental 
results indicate that the proposed two-stage training strategy improves classification performance consistently across the 
evaluated architectures. Among the models, ViT-B16 obtained the highest test accuracy of 99.61%, together with stable macro-
averaged precision, recall, and F1-score values. Furthermore, the confusion matrix and ROC analysis revealed strong 
discrimination among the disease classes, with only limited errors occurring between visually similar categories. These 
findings highlight the importance of optimizing the training schedule when adapting pretrained models for plant disease 
recognition. Overall, the proposed framework provides an effective and scalable approach for chili leaf disease classification 
while offering an alternative to approaches that primarily rely on architectural modifications. 
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1. Introduction  

Horticultural agriculture, particularly the cultivation of 
chili pepper (Capsicum annuum), plays an important 
role in the global food system. The sustainability of chili 
production is highly dependent on plant health, where 
leaf condition serves as a primary indicator of disease. 
Delayed disease detection can lead to rapid infection 
spread, increased control costs, and significant 
reductions in yield quality and quantity. By 
automatically analyzing visual symptoms, deep 
learning models can facilitate more efficient disease 
diagnosis than conventional approaches based on 
manual image inspection [1]. However, the complexity 

and variability of disease symptoms remain challenging 
for automated classification systems. 

From a biological perspective, chili leaf diseases exhibit 
considerable variability in their causes, manifestations, 
and spatial distributions. Chili leaf curl disease, which 
is associated with begomoviruses, demonstrates 
substantial genetic diversity and wide geographical 
distribution [2]. In addition, emerging pathogens such 
as Fusarium proliferatum further contribute to the 
complexity of disease patterns [3]. These conditions 
may produce heterogeneous symptoms, including 
deformation, discoloration, and necrosis, which can 
occur across different regions of the leaf. Therefore, 
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reliable classification requires visual representations 
capable of capturing both discriminative local 
characteristics and broader spatial relationships. 

Deep learning has increasingly been adopted for 
automated plant disease recognition, with CNN-based 
models playing an important role in extracting 
discriminative patterns from leaf images. A range of 
pretrained networks, including ResNet, DenseNet, 
EfficientNet, and MobileNet, has been investigated for 
chili leaf disease identification and has produced 
promising classification results [4], [5], [6]. The 
applicability of these models extends beyond 
experimental evaluation to mobile-based diagnostic 
systems. For example, a CNN-driven mobile 
application achieved 93.31% accuracy in distinguishing 
healthy leaves from unhealthy ones and 99.03% when 
identifying six disease categories [7]. In another 
comparative study involving VGG16, VGG19, 
InceptionV3, and AlexNet, InceptionV3 obtained a 
93% accuracy rate across four chili disease classes [8]. 
Image-based classification has also been explored using 
traditional machine learning techniques; an SVM-based 
approach reached 95% accuracy after incorporating 
image segmentation and post-processing procedures 
[9]. Nevertheless, CNN models offer a distinct 
methodological advantage because their feature 
representations are learned automatically from the input 
images according to the classification objective, 
reducing the dependence on manually engineered 
features. 

Subsequent studies have improved CNN performance 
through architectural modification, ensemble learning, 
and data augmentation. Incorporating squeeze-and-
excitation mechanisms into dense CNN architectures 
resulted in 97% accuracy, increasing to 98.86% after 
augmentation [10]. Residual Nested Dilated DenseNet 
(RNDDNet) achieved 98.09% accuracy, with precision 
and F1-score values of 97% and 97.25%, respectively 
[11] . Ensemble learning has also produced competitive 
results, with Chilli-Net, which combines ResNet50, 
VGG16, and InceptionV3, achieving 97% accuracy and 
an AUC of 100% [12]. Modified MobileNet achieved 
97.18% accuracy while emphasizing computational 
efficiency [13], whereas data augmentation improved 
accuracy from 86% to 95.89% [14]. Pretrained 
EfficientNet-B0 achieved 97.05% accuracy under five-
fold cross-validation [15], while an ensemble of 
EfficientNetV2B0 and EfficientNetB7 reached 99.56% 
accuracy [16]. 

Research has also extended beyond laboratory-style 
classification toward deployment and field-oriented 
scenarios. YOLOv5 achieved a mean Average 
Precision (mAP) of 0.461 for chili disease detection in 
unstructured field environments [17]. RegNet 
optimization resulted in 97.65% accuracy with reduced 
parameter complexity [18], while a GoogLeNet model 
optimized using a hybrid EGMEO strategy achieved 
92.8% accuracy [19]. On a field-acquired chili dataset, 
fine-tuned DenseNet121 achieved 98.7% accuracy, 

compared with 96.2% for ResNet-50, 95.1% for 
VGG16, and 97.3% for EfficientNetB4 [20]. These 
results demonstrate the maturity of CNN-based 
approaches for chili leaf disease recognition. 
Nevertheless, high classification performance alone 
does not resolve the fundamental limitation of 
convolution-based representation. 

CNNs construct visual representations primarily 
through localized convolutional operations. Although 
receptive fields expand hierarchically with network 
depth, the representation process remains 
fundamentally dependent on local feature aggregation 
[21]. Consequently, spatial relationships between 
distant regions of an image are not modeled explicitly. 
This characteristic may become problematic for chili 
leaf diseases whose symptoms can occur as irregularly 
distributed regions across the leaf surface. Increasing 
network depth or architectural complexity may provide 
broader contextual information but can also increase 
computational requirements and training complexity. 

Vision Transformer (ViT) architectures provide an 
alternative representation mechanism based on global 
self-attention. In the ViT architecture, the input image 
is represented as multiple image patches, whose 
contextual dependencies are captured by a self-attention 
mechanism that enables information exchange across 
the entire patch set [22]. This mechanism enables the 
explicit modeling of long-range spatial dependencies 
and may therefore be advantageous for disease 
symptoms distributed across multiple regions of a leaf. 
Initial applications of ViT to chili disease classification 
have shown promising results; the ChilliLeaf-ViT 
model, for example, achieved 99.38% accuracy across 
six chili leaf disease classes [23]. 

Despite these promising results, an important research 
gap remains. Existing studies have predominantly 
evaluated CNN or ViT architectures independently, 
often using different datasets, preprocessing 
procedures, training configurations, and evaluation 
protocols. Consequently, direct conclusions regarding 
the relative behavior of convolution-based and self-
attention-based representations remain difficult to 
establish. Systematic comparisons involving multiple 
representative CNN architectures and ViT models 
under the same experimental conditions remain limited. 
Moreover, reported improvements are frequently 
attributed to architectural modifications, while the 
influence of the transfer learning strategy receives 
comparatively less attention. 

Transfer learning is particularly important in 
agricultural image classification because pretrained 
models are commonly initialized using ImageNet, 
whose images differ substantially from domain-specific 
leaf images in terms of texture, color distribution, 
illumination, background, and structural characteristics. 
Direct fine-tuning of all pretrained parameters may 
therefore not provide an optimal adaptation pathway for 
the target domain. A staged adaptation strategy can 
provide a more controlled transition from general-
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purpose visual representations to domain-specific 
representations. 

A gradual adaptation procedure based on transfer 
learning is introduced to address this limitation [24-26]. 
Rather than updating the entire pretrained model from 
the outset, the initial phase keeps its backbone 
parameters fixed and trains the classification head for 
the target chili leaf disease categories. Subsequently, 
selected pretrained layers are released for further 
optimization so that the extracted features can be 
adjusted to characteristics specific to the target dataset. 
Such a sequential training scheme promotes controlled 
adaptation and helps preserve the general visual 
knowledge encoded in the original pretrained network. 

Based on these gaps, this study establishes a unified 
experimental framework to compare convolution-based 
and self-attention-based visual representations for chili 
leaf disease classification. Four representative CNN 
architectures, namely DenseNet, MobileNet, 
EfficientNet, and ResNet, are evaluated alongside 
Vision Transformer models using the same dataset, 
preprocessing procedure, data partitioning, training 
configuration, two-stage transfer learning strategy, and 
evaluation metrics. By controlling these experimental 
factors, the study focuses on the representation 
mechanism itself rather than differences caused by 
inconsistent experimental settings. 

This study presents a systematic investigation of deep 
learning approaches for automated chili leaf disease 
recognition. The experimental design enables a 
consistent comparison of five representative 
architectures, namely DenseNet, MobileNet, 
EfficientNet, ResNet, and Vision Transformer, under 

the same classification setting. In addition, a two-phase 
transfer learning procedure is employed to 
progressively adapt knowledge acquired from general-
purpose image datasets to the specific characteristics of 
chili leaf diseases. The study further examines how 
convolutional architectures, which primarily construct 
hierarchical feature representations, differ from Vision 
Transformer models that capture long-range 
relationships through global self-attention when 
processing disease symptoms with diverse appearances 
and spatial distributions. By integrating these 
components within a controlled experimental setting, 
the research offers empirical insights into how 
architectural characteristics and transfer learning 
procedures jointly influence the performance of 
automated chili leaf disease classification. 

Through this framework, the study provides controlled 
empirical evidence on the interaction between model 
architecture and transfer learning strategy for 
automated chili leaf disease classification. 

2. Methods 

The methodology described in this section establishes 
the experimental procedure for evaluating CNN and 
Vision Transformer (ViT) models in chili leaf disease 
classification. It covers the characteristics and 
preparation of the dataset, the procedures followed 
during model training and processing, as well as the 
evaluation protocol used to maintain consistency across 
the two architectural approaches. The training process 
is divided into two main stages, as depicted in Figure 1,  
frozen backbone training and fine-tuning. 

 
Figure 1. Proposed Methodology

2.1 Material 

A total of 12,000 augmented chili leaf images were used 
in the experiments. The images originated from the 
Chilli Leaf Disease component of the Chilli Plant Leaf 
Disease and Growth Stage Dataset from Bangladesh, 
which is accessible through the Mendeley Data 
repository [27]. The selected data cover six classes, 
namely Bacterial Spot, Curl Virus, Cercospora Leaf 
Spot, Nutrition Deficiency, White Spot, and Healthy 
Leaves. 

Rather than manually separating the images, the dataset 
was partitioned as part of the automated experimental 
pipeline using a directory-based generator. The 
predefined configuration assigned 70% of the available 
samples to model training, with the remaining 30% 
retained for validation and subsequent performance 
evaluation. 

2.2 Implementation Details 

The computational experiments were carried out using 
a personal computer featuring a 9th-generation Intel 
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Core i7 CPU, 64 GB DDR4 memory, and an NVIDIA 
GeForce GTX 1660 Ti graphics card with 6 GB of 
dedicated VRAM. The experimental environment was 
based on Windows 11, with Python 3.10 serving as the 
main programming language. TensorFlow and Keras 
were employed to develop and train the deep learning 
models, whereas Jupyter Notebook provided the 
environment for implementing and monitoring the 
experiments. GPU acceleration was enabled throughout 
the training process to reduce computational time, 
particularly for the Vision Transformer and CNN-based 
models. 

All architectures were evaluated under identical 
computational and preprocessing conditions to maintain 
experimental consistency. The implementation 
followed a common pipeline covering image 
preprocessing, initialization from pretrained weights, 
the two-phase transfer learning procedure, training, 
validation, and final performance assessment. Keeping 
these factors, constant reduces the influence of 
differences in hardware and software configurations, 
thereby making the comparison more reliable. 
Consequently, variations in the obtained results can be 
attributed primarily to differences in the model 
architectures and the adopted training strategy rather 
than to changes in the experimental environment. 

2.3 Preprocessing 

The preprocessing stage aimed to standardize the input 
dimensions and align the data distribution with the 
statistical characteristics anticipated by ImageNet-
pretrained backbone models. This stage involved two 
primary operations: image resizing and intensity 
normalization. 

Common preprocessing techniques in deep learning-
based plant disease detection include resizing, 
normalization, and augmentation to standardize input 
images and improve model learning stability and 
generalization [28]. Resizing ensures that each image 
conforms to a fixed input dimension required by 
pretrained backbone architectures, which can 
significantly influence computational efficiency and 
classification performance. Let an input RGB image be 
represented by Equation 1. 

𝐼𝐼 ∈  𝑅𝑅𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻3 (1) 

H and W represent the original height and width of the 
image, respectively. To ensure compatibility with the 
CNN and Vision Transformer backbones employed in 
this study, each image is resized to a fixed spatial 
resolution of 224×224. The resizing operation can be 
expressed as Equation 2: 

𝐼𝐼𝑟𝑟 = ℛ(𝐼𝐼),  𝐼𝐼𝑟𝑟 ∈ 𝑅𝑅224×224×3 (2) 

The coordinate mapping is given by Equation 3. 

𝑥𝑥 = 𝑊𝑊
224

𝑥𝑥′, 𝑦𝑦 = 𝐻𝐻
224

𝑦𝑦′ (3) 

Since mapped coordinates are generally non-integer, 
bilinear interpolation is applied as in Equations 4 - 6. 

𝑥𝑥0 = ⌊𝑥𝑥⌋,  𝑥𝑥1 = 𝑥𝑥0 + 1, 

𝑦𝑦0 = ⌊𝑦𝑦⌋,  𝑦𝑦1 = 𝑦𝑦0 + 1 (4) 

𝑑𝑑𝑥𝑥 = 𝑥𝑥 − 𝑥𝑥0, 𝑑𝑑𝑦𝑦 = 𝑦𝑦 − 𝑦𝑦0 (5) 

𝐼𝐼𝑟𝑟(𝑥𝑥′,𝑦𝑦′, 𝑐𝑐) = (1 − 𝑑𝑑𝑥𝑥)�1 − 𝑑𝑑𝑦𝑦�𝐼𝐼(𝑥𝑥0,𝑦𝑦0, 𝑐𝑐) 

+𝑑𝑑𝑥𝑥�1 − 𝑑𝑑𝑦𝑦�𝐼𝐼(𝑥𝑥1,𝑦𝑦0, 𝑐𝑐) 

+(1 − 𝑑𝑑𝑥𝑥)𝑑𝑑𝑦𝑦𝐼𝐼(𝑥𝑥0,𝑦𝑦1, 𝑐𝑐) + 𝑑𝑑𝑥𝑥𝑑𝑑𝑦𝑦𝐼𝐼(𝑥𝑥1,𝑦𝑦1, 𝑐𝑐) (6) 

Normalization of pixel values following image resizing 
aligns the data distribution with that expected by 
pretrained networks, helping stabilize the gradient flow 
and improving convergence [29]. After resizing, pixel 
intensity values originally in the range [0,255] are first 
scaled to [0,1] is defined as Equation 7. 

𝐼𝐼(𝑥𝑥,𝑦𝑦, 𝑐𝑐) = 𝐼𝐼𝑟𝑟(𝑥𝑥,𝑦𝑦,𝑐𝑐)
255

 (7) 

Image normalization is subsequently performed on each 
channel using the mean and standard deviation values 
established from ImageNet. The normalization is 
defined as Equation 8. 

𝐼𝐼𝑛𝑛(𝑥𝑥,𝑦𝑦, 𝑐𝑐) = 𝐼𝐼(𝑥𝑥,𝑦𝑦,𝑐𝑐)−μ𝑐𝑐
σ𝑐𝑐

 (8) 

Where the normalization parameters are defined as 
Equation 9 and 10. 

μ = [0.485,0.456,0.406] (9) 

σ = [0.229,0.224,0.225] (10) 

For each RGB channel, μ represents its mean value, 
whereas α indicates the corresponding standard 
deviation, respectively. This normalization procedure 
serves three purposes: (i) to reduce distributional 
discrepancies between the chili leaf dataset and the 
ImageNet pretraining domain, (ii) to stabilize gradient 
propagation during optimization, and (iii) to facilitate 
faster convergence in the transfer learning process. 

2.4 Convolutional Neural Network-Based Architecture 

CNN are widely employed for image classification 
tasks due to their ability to learn hierarchical feature 
representations through convolutional operations [30], 
[31]. A CNN-based architecture typically consists of 
stacked convolutional layers, non-linear activation 
functions, normalization layers, and pooling operations 
that progressively transform raw pixel data into high-
level semantic representations. Let the input image be 
defined as in Equation 11. 

𝑥𝑥 ∈  𝑅𝑅224𝑥𝑥224𝑥𝑥3  (11) 

The backbone CNN can be represented as a parametric 
function, as given by Equation 12. 

ℎ = 𝑓𝑓θ(𝑥𝑥) (12) 

Where x denotes the convolutional feature extractor and 
h represents the final feature map. These feature maps 
are spatially aggregated using a Global Average  -
Pooling (GAP) operation is given by Equation 13. 
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𝑧𝑧 = GAP (h) (13) 

The resulting feature vector x is then passed to a dropout 
layer and a fully connected classifier, producing the 
predicted probability distribution is presented by 
Equation 14. 

𝑦𝑦 =  𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝑊𝑊𝑥𝑥 + 𝑏𝑏)  (14) 

CNN inherently possess a spatial inductive bias due to 
their localized receptive fields and parameter sharing. 
This allows shallow layers to extract low-level features 
like edges and textures. As the receptive field expands, 
deeper layers progressively encode more abstract and 
discriminative representations. Since chili leaf diseases 
are characterized by localized lesions, texture 
irregularities, and color deviations, CNN-based 
architectures are particularly suitable for capturing 
these subtle spatial variations. In this study, several 
CNN backbones are evaluated using a unified training 
protocol to ensure methodological consistency. 
Consequently, the reported performance differences 
primarily reflect architectural properties rather than 
optimization procedure disparities. 

2.5 Vision Transformer Architecture 

Unlike CNNs, Vision Transformers (ViT) rely on 
global self-attention mechanisms to model spatial 
dependencies [32]. Instead of applying convolutional 
filters, the input image is divided into non-overlapping 
patches, each of which is linearly embedded into a 
fixed-dimensional vector space [33]. Given an input 
image x, the number of patches is defined by Equation 
15. 

𝑁𝑁 = 𝐻𝐻𝐻𝐻
𝑃𝑃2

 (15) 

H and W denote the height and width of the input image, 
respectively, and P denotes the patch size. Each patch 
embedding is processed by stacked transformer encoder 
layers composed of multi-head self-attention and feed-
forward networks. The learnable class token 𝑧𝑧𝑐𝑐𝑐𝑐𝑐𝑐 serves 
as the global image representation, as given by Equation 
16. 

𝑧𝑧𝑐𝑐𝑐𝑐𝑐𝑐 = 𝑓𝑓θ(𝑥𝑥) (16) 

This representation is then passed to a classification 
head, like the one used in CNN-based models. 

In contrast to CNNs, ViT does not rely on local 
receptive fields. Instead, it directly models long-range 
dependencies by computing attention weights between 
all patches [34]. This enables global contextual 
reasoning, which may be beneficial for capturing 
distributed disease patterns, such as large-scale 
discoloration or complex structural distortions across 
the leaf surface. In this study, a ViT-B16 backbone 
pretrained on ImageNet is employed. To ensure fair 
comparison, identical preprocessing, classifier design, 
and two-stage transfer learning procedures are applied 
across both CNN and ViT architectures. 

2.6 Two-Stage Transfer Learning Framework 

This study adopts a two-stage transfer learning strategy 
applied uniformly across all evaluated architectures, 
including DenseNet, ResNet, EfficientNet, MobileNet, 
and Vision Transformer [24-26]. The framework 
consists of a frozen training phase followed by 
controlled fine-tuning, ensuring stable adaptation from 
ImageNet-pretrained weights to the Chilli leaf disease 
dataset. The complete model can be defined as Equation 
17. 

𝑦𝑦� = 𝑔𝑔ϕ�𝑓𝑓θ(𝑥𝑥)�  (17) 

x denotes the pretrained backbone, and gϕ(x) represents 
the classification head. In the first stage, all backbone 
parameters are frozen, as given by Equation 18. 

θ = fixed (18) 

The classification head is the only part optimized, as per 
Equation 19. 

min
ϕ

ℒ �𝑦𝑦,𝑔𝑔ϕ�𝑓𝑓θ(𝑥𝑥)��  (19) 

This stage performs linear adaptation of the classifier 
while preserving the generic visual representations 
learned from ImageNet. The objective is to stabilize 
training and prevent abrupt distortion of pretrained 
features. For CNN architectures, the backbone outputs 
feature maps that are converted into fixed-length 
vectors using Global Average Pooling (GAP). For ViT, 
the class token embedding 𝑧𝑧𝑐𝑐𝑐𝑐𝑐𝑐 is directly used as the 
global representation. 

In the second stage, the backbone is partially unfrozen 
to facilitate domain adaptation. The backbone 
parameters are decomposed as per Equation 20. 

θ = {θ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒, θ𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙} (20) 

Early layers remain frozen as per Equation 21. 

θ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 = fixed  (21) 

Only higher-level layers are updated according to 
Equation 22. 

min
θ𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙,ϕ

ℒ �𝑦𝑦,𝑔𝑔ϕ�𝑓𝑓θ(𝑥𝑥)�� (22) 

During this phase, the learning rate is reduced, as 
described by Equation 23. 

η𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 0.1 (23) 

This controlled fine-tuning process refines high-level 
semantic representations while preserving low-level 
generic features. Table 1 offers a comprehensive 
overview of the complete two-stage transfer learning 
configuration applied uniformly across CNN-based and 
Vision Transformer architectures. All models 
underwent identical preprocessing, optimizer settings, 
Learning Rate (LR) schedules, and callback strategies 
during training. 
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2.7 Evaluation Metrics 

To ensure an unbiased evaluation of the multi-class 
Chilli leaf disease classification task, four standard 

metrics are utilized. Their mathematical definitions are 
presented in Table 2. Here, TP, TN, FP, and FN 
represent true positives, true negatives, false positives, 
and false negatives, respectively. 

Table 1. Two-Stage Transfer Learning Procedure 

Component CNN Architecture ViT 
Input Size 224x224x3 224x224x3 
Preprocessing Resize+Normalization Resize+Normalization 
Global Representation Global Average Pooling Class Token 
Classifier Head Dropout(0.3)+Dense(6)+Softmax LayerNorm+Dropout(0.3)+Dense(6)+Softmax 
Early Stopping Patience 3 3 
ReduceLRonPlateau Factor 0.5 0.5 
ReduceLRonPlateau Patience 2 2 
Initial LR 1 x 10-4 1 x 10-4 
Minimum LR 1 x 10-7 1 x 10-7 
Optimizer Adam Adam 
Loss SparseCategoricalCrossentropy SparseCategoricalCrossentropy 
Metrics Accuracy Accuracy 
Stage 1- Frozen Backbone training 
Backbone Fully frozen Fully frozen 
Epoch 5 5 
LR 1 x 10-4 1 x 10-4 
Stage 2- Partial Fine Tuning 
Unfrozen layer Last∼30% conv blocks Last∼30% transformer blocks 
Epoch 10 10 
LR 1 ×10−5 (0.1 ×initial LR) 1 ×10−5 (0.1 ×initial LR) 

Table 2. Performance Metrics 

Metric Formula  
Accuracy (Acc) (TP+TN)/(TP+TN+FP+FN) 
Precision (P) TP/(TP+FP) 
Recall (R) TP/(TP+FN) 
F1-score 2(PXR)/(P+R) 

For the multi-class classification task, both macro and 
weighted-average scores are reported. Model selection 
is based on the highest validation accuracy, with early 
stopping and learning rate scheduling implemented to 
ensure stable convergence. All reported metrics are 
computed on the held-out evaluation subset. 

3. Results and Discussions 

The performance obtained from the proposed two-stage 
transfer learning approach is examined in this section 
for chili leaf disease recognition. The experimental 
analysis covers four convolutional neural network 
models and one transformer-based model. Each 
architecture underwent the same training and evaluation 
procedure, including both the initial frozen-backbone 
phase and the subsequent fine-tuning phase. Applying 
an identical experimental protocol across all models 
enables a consistent assessment of their classification 
capabilities and facilitates a meaningful comparison 
between convolution-based and self-attention-based 
architectures. 

3.1 Dynamics Training Analysis 

The accuracy and loss trends observed during training 
and validation are illustrated in Figure 2 for the two-
stage transfer learning approach. All architectures, 
including CNN-based models and ViT-B16, exhibit 
stable convergence. In Stage 1, the validation accuracy 
steadily increases while the loss decreases smoothly, 

indicating effective adaptation of the classification 
head. In Stage 2, the loss declines sharply and the 
accuracy improves rapidly beyond 99%. The close 
alignment of the training and validation curves suggests 
strong generalization. Convergence stabilizes quickly, 
and early stopping prevents overfitting. 

Table 3. Summary of Stage-wise Improvements 

Architectures Val Acc 
(Stage 1) 

Val Acc 
(Stage 1) 

Absolute 
Gain 

DenseNet121 0.9475 0.9950 +0.0474 
EfficientNetB0 0.9464 0.9950 +0.0486 
MobileNetV2 0.9369 0.9961 +0.0592 
ResNet152V2 0.9230 0.9939 +0.0709 
ViT-B16 0.9810 0.9950 +0.0140 

Table 3 summarizes the stage-wise validation accuracy 
across all evaluated models. All architectures show 
performance improvement in Stage 2, confirming the 
effectiveness of the proposed two-stage transfer 
learning strategy.  

CNN-based models demonstrate more significant gains 
between stages, particularly ResNet152V2 and 
MobileNetV2. This behavior suggests that 
convolutional architectures benefit greatly from 
selective unfreezing, which allows for the refinement of 
higher-level feature maps to capture domain-specific 
patterns. During Stage 1, frozen backbones primarily 
function as generic feature extractors, while Stage 2 
enables adaptation to disease-specific characteristics 
through controlled fine-tuning. In contrast, ViT-B16 
achieves strong performance even in Stage 1, with only 
moderate improvement observed in Stage 2. This 
indicates that pretrained transformer representations are 
more readily transferable to the target domain, likely 
due to the global self-attention mechanism that captures 
holistic image context from the early stage.  
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Figure 2. Accuracy and Loss Graph for each architecture  
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The observed differences highlight that the impact of 
the two-stage strategy varies depending on the 
architecture. 

While CNN models rely more on fine-tuning to adapt 
localized features, Vision Transformer models benefit 
from strong initial representations and require less 
adjustment. 

3.2 Testing Performance Evaluation 

Generalization capability was assessed by using the 
model checkpoints that achieved the best validation 
performance for subsequent evaluation on an 
independent test set. The resulting classification 
performance is reported in Table 4 using four metrics: 
accuracy, macro-precision, macro-recall, and macro 
F1-score, calculated over the six disease categories.  

The results show that every evaluated architecture 
obtained a test accuracy exceeding 99.50%, 
demonstrating that the models maintained consistently 
high predictive performance on previously unseen 
samples under the adopted training framework. 

Table 4. Summary of Overall Performance Evaluation 

Architectures Acc Macro 
Precision 

Macro 
Recall 

Macro 
F1 Score 

DenseNet121 0.9956 0.9956 0.9955 0.9955 
EfficientNetB0 0.9950 0.9951 0.9950 0.9950 
MobileNetV2 0.9950 0.9950 0.9949 0.9949 
ResNet152V2 0.9950 0.9951 0.9949 0.9950 
ViT-B16 0.9961 0.9961 0.9961 0.9961 

ViT-B16 achieves the highest accuracy of 99.61%, 
accompanied by consistent macro-averaged metrics, 
suggesting slightly better class-balanced predictions. 
DenseNet121 follows closely with an accuracy of 
99.56%, while EfficientNetB0, MobileNetV2, and 
ResNet152V2 exhibit comparable performance with 
minimal variation. 

The small differences observed among the evaluated 
models suggest that the training strategy has a greater 
influence on the final classification results than the 
choice of network architecture. By stabilizing feature 
extraction during the initial stage and refining higher-
level representations during fine tuning, the framework 
enables effective adaptation across different backbone 
types. 

 

 
Figure 3. Confusion Matrix for each architecture 

Furthermore, the slightly higher consistency observed 
in ViT-B16 suggests that global attention mechanisms 
may provide advantages in capturing distributed disease 
patterns, particularly for classes with subtle visual 
differences. However, the overall similarity in 
performance implies that, when combined with 
appropriate optimization scheduling, both 
convolutional and transformer-based models can 
achieve highly competitive results. 

3.3 Confusion Matrix Analysis 

The class-wise prediction patterns obtained on the test 
data are visualized as confusion matrices in Figure 3. 
Across the evaluated architectures, the predictions are 
concentrated predominantly along the main diagonal, 
demonstrating reliable discrimination among the 
disease categories. Only a small number of errors are 
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observed, mainly involving classes with visually similar 
symptoms. 

Minor cross-predictions are primarily observed 
between Bacterial Spot and Cercospora Leaf Spot. This 
is likely because of overlapping morphological traits, 
such as spot-like lesions and similar color patterns. This 
suggests that the model has difficulty distinguishing 
between these classes within a narrow feature space, 
rather than being unstable. Architecturally, CNN-based 
models effectively capture local texture cues but may 
be limited in modeling globally distributed lesion 
patterns. In contrast, ViT-B16 demonstrates slightly 
improved separation of similar classes, indicating that 
global self-attention enhances contextual integration 
across the leaf surface. 

3.4 RoC Curve Analysis 

The multiclass discrimination performance of the 
evaluated models is illustrated through the one-vs-rest 

ROC analysis in Figure 4. Most of the curves remain 
close to the ideal upper-left boundary, while the 
corresponding AUC scores are close to 1.000 for the 
majority of disease categories. This behavior indicates 
that the models can effectively distinguish among the 
different classes with minimal overlap in their 
prediction scores. 

Despite differences in their underlying architectures, 
the CNN models and ViT-B16 exhibit highly 
comparable ROC profiles. This consistency suggests 
that the adopted two-stage training procedure can 
effectively adapt the pretrained models and establish 
well-defined class boundaries across different backbone 
designs. The ROC findings also agree with the results 
obtained from the accuracy measurements and 
confusion matrices, supporting the overall stability and 
generalization capability of the evaluated models. 

 
Figure 4. RoC Curve for each architecture 

3.5 Discussions 

A comparison between the results obtained in this study 
and those reported in earlier chili leaf disease 
classification research is provided in Table 5. The 
reported accuracy of previous methods ranges from 
93.00% to 99.56%, with performance varying across 
CNN, ensemble, traditional machine learning, and 
Vision Transformer approaches. Among the previous 
studies, SEDCNN and RNDDNet achieved accuracies 
of 98.86% and 98.09%, respectively [10], [11], while an 
EfficientNet-based ensemble reported 99.56% [16]. 
The ViT-based approach achieved 99.35% accuracy 
[23]. 

Using the Mendeley dataset of 12,000 images 
representing six disease categories, ViT-B16 combined 
with the two-stage training procedure attained a test 
accuracy of 99.61%. This result is 0.26 percentage 
points higher than the previous ViT-based approach 
[23] and 0.05 percentage points higher than the 
EfficientNet-based ensemble [16]. These numerical 
differences, however, should be considered in the 
context of the experimental conditions rather than 
viewed as definitive evidence of model superiority, 
since the studies differ in dataset composition, class 
distribution, and evaluation protocols. In contrast to a 
direct comparison based solely on accuracy, the 
principal objective of this work is to assess several 
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architectures within a common experimental setting, 
using consistent preprocessing, data partitioning, and a 
two-stage transfer learning procedure. 

Overall, the experimental approach achieved 
competitive performance for six-class chili leaf disease 
classification. The controlled experimental setting also 
provides a consistent basis for examining the 
relationship between model architecture and transfer 
learning strategy. Nevertheless, direct comparison 
across studies remains limited by differences in dataset 
characteristics and evaluation procedures. 

3.6 Limitations and Future Works 

Although the proposed models achieved high 
classification accuracy, several factors may constrain 
the broader applicability of the findings. The dataset, 
despite containing a relatively large number of images, 
was collected within a particular image acquisition 
environment. Consequently, model performance may 
not transfer directly to practical agricultural settings, 
where changes in illumination, background conditions, 
leaf occlusion, image quality, and camera 
characteristics can be substantially greater. Similar 
performance variability has been observed in previous 
studies that employed images captured under field 
conditions [17]. Future investigations should therefore 
validate the proposed framework on independent 
datasets and images collected directly in agricultural 
fields to determine its robustness and cross-domain 
generalization capability. 

Second, although ViT-B16 delivered the best 
classification accuracy among the evaluated models, its 
relatively high computational demand may hinder 
practical implementation on resource-constrained 
devices, particularly when compared with lightweight 
architectures such as MobileNetV2. Future research 
may address this limitation by exploring techniques 
such as model compression, network pruning, 
parameter quantization, and knowledge distillation. 
These optimization strategies can reduce computational 
and memory overhead while preserving an acceptable 
level of predictive performance. Similar techniques 
have previously been investigated to facilitate the 
deployment of deep learning-based agricultural image 
classification systems in resource-limited environments 
[18]. 

Finally, the scope of this work is limited to determining 
the disease category from each input image, without 
estimating where the symptoms occur on the leaf or 
how severe the infection is. A potential direction for 
future research is to incorporate object detection and 
lesion localization techniques, together with severity 
assessment, so that the resulting system can deliver 
more comprehensive information for real-world 
agricultural decision-making [17]. Further investigation 
should also consider the computational demands and 
inference efficiency of the developed models when 
deployed on mobile and edge-computing platforms, 
providing a more practical assessment of their 
suitability for field applications.

Table 5. Comparison of proposed framework with related work on Chilli leaf disease classification 

Ref. Study Focus Type Architecture Dataset used Acc. (%) 
[8] CNN-based 

classification (4 classes) 
CNN InceptionV3 2,000 chili leaf 

images (4 classes) 
93.00 

[9] Traditional ML-based 
classification 

ML Modified SVM Standard plant 
disease database 

95.00 

[10] SE-integrated Dense 
CNN 

CNN SEDCNN 
(SE-based Dense CNN) 

Chili leaf dataset 
(6 classes) 

98.86 

[11] Residual nested dilated 
DenseNet 

CNN RNDDNet 3800 Cilli leaf 
image (6 classes) 

98.09 

[12] Ensemble deep learning 
framework 

Ens. CNN Chilli-Net Chilli leaf disease 97.00 

[13] Lightweight CNN 
architecture 

CNN Modified MobileNet Chilli leaf disease 97.18 

[14] CNN with augmentation CNN Standard CNN Indonesia Chilli 
dataset (3 classes) 

95.89 

[15] Pretrained CNN feature 
extraction 

CNN EfficentNet-B0 Chilli leaf disease 97.06 

[16] Ensemble EfficentNet 
variants 

Ens. CNN EfficientNet-based 
ensemble 

BARI-approved 
Chilli dataset 

99.56 

[23] Transformer-based 
classification 

ViT ViT-Based model Proprietary 
dataset (6 classes) 

99.35 

Proposed Two-stage transfer 
learning+ViT 

Transfer 
learning, ViT 

ViT-B16 Mendeley dataset 
(12,000 images, 6 
classes 

99.61 

4. Conclusions 

This study presented a structured two-stage transfer 
learning framework for chili leaf disease classification 
and evaluated its performance across multiple 
convolutional neural network architectures and a Vision 
Transformer. Under the experimental conditions used in 
this study, the proposed strategy improved 

classification performance across the evaluated 
architectures, with ViT-B16 achieving the highest 
testing accuracy of 99.61%. The results indicate that the 
combination of controlled backbone freezing and 
subsequent selective fine-tuning can effectively adapt 
pretrained models to the chili leaf disease classification 
task. 
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The comparative experiments also show that transfer 
learning strategy should be considered alongside model 
architecture when developing image-based plant 
disease classification systems. The consistent 
evaluation protocol applied across the architectures 
provides a controlled basis for comparing their 
performance, while the use of a publicly available 
dataset facilitates reproducibility. 

Several directions remain for further investigation. 
Future work should include cross-dataset and field-
based validation, evaluation on resource-constrained 
devices, and extension from image-level classification 
toward disease localization and severity estimation. 
These developments would help assess the applicability 
of the proposed framework under more diverse and 
practical agricultural conditions. 
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