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Tomatoes and chilies are essential crops vulnerable to foliar diseases that significantly reduce yield and qual-
ity. Accurately identifying these diseases is essential for effective precision agriculture. Despite advances in
deep learning, few studies have systematically evaluated state-of-the-art models on crop-specific datasets.
To address this gap, we assessed the performance of leading architectures, including EfficientNet-B4, Vision
Transformer, InceptionV3, and EfficientNet-B4 variants with attention, on Tomato Leaf Disease and COLD
Chili datasets. Motivated by the evaluation results, we propose EfficientNet-B4-SECA, a novel deep learning
model tailored for tomato and chili leaf disease classifications. It builds upon the EfficientNet-B4 backbone and
incorporates two attention mechanisms: Squeeze-and-Excitation, which enhances key feature channels, and
Coordinate Attention, which captures spatial and channel dependencies. Experimental results indicate that
EfficientNet-B4-SECA achieves the highest classification accuracy on both datasets, with 84.97% for tomato
and 87.83% for chili leaf diseases, surpassing that of all compared models. These findings demonstrate the ef-
fectiveness of the model and its potential for real-world deployment in agricultural disease monitoring.

KEYWORDS: EfficientNet-B4; Deep Learning; Leaf Disease Classification; Coordinate Attention;
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1. Introduction

Crop improvement has become a key research focus
owing to globally increasing food needs. Tomatoes
and chilies, among the most economically important
crops, are valued for their nutritional content, dis-
tinctive flavour, and commercial viability [15], [24].
However, they are highly susceptible to foliar diseas-
es, such as Bacterial Spot, Early and Late Blight, Sep-
toria Leaf Spot, Target Spot, as well as various fungal
and viral infections [10], [4], [18]. These diseases can
cause substantial yield losses and reduced crop qual-
ity, posing serious threats to both economic stability
and food security. Accurate and timely diagnosis of
plant diseases is thus essential to prevent outbreaks
and support sustainable agriculture [15], [10]. Tra-
ditional diagnostic methods relying on expert visual
inspection are time-consuming, labour-intensive,
and susceptible to human error [24], [10].

In recent years, artificial intelligence (AI), particu-
larly deep learning (DL), has emerged as a promising
solution for automating disease detection in preci-
sion agriculture [5]. Precision agriculture, integrat-
ing sensors, robotics, and AI algorithms, enables
early intervention, reduces chemical usage, and op-
timises resource allocation [15], [24], [7]. DL models
such as Convolutional Neural Networks (CNNs),
ResNet [17], Vision Transformers (ViT) [12], and
EfficientNet [8], [25], [29] have demonstrated strong
potential for plant disease classification. However,
these models often struggle to capture fine-grained
lesions and spatial patterns, particularly in cases
of visually similar diseases under varying environ-
mental conditions [5]. Despite recent advances,
systematic evaluation of state-of-the-art models on
crop-specific datasets remains lacking.

To address this gap, we compared the performance
of leading architectures: EfficientNet-B4, ViT, In-
ceptionV3, and EfficientNet-B4 variants with at-
tention, using two benchmark datasets, including
Tomato Leaf Disease (TLD) and COLD Chili. Al-
though EfficientNet-B4 offers a favourable balance
between accuracy and efficiency, it has mainly
been used without attention enhancements, which
are specifically tailored for the visual complexity of
plant diseases. Motivated by the limitations of ex-
isting approaches, we propose EfficientNet-B4-SE-
CA, a novel attention-enhanced architecture that
integrates the Squeeze-and-Excitation (SE) and
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Coordinate Attention (CA) modules into the Effi-
cientNet-B4 backbone. This design improves the
ability of the model to capture both critical fea-
ture channels and spatial dependencies, resulting
in an improved classification performance across
diverse disease types and imaging conditions. The
main contributions of this study are as follows:

- A comparative analysis of DL models
(EfficientNet-B4, ViT, InceptionV3, EfficientNet-
B4-CA, and EfficientNet-B4-CBAM) for classifying
tomato and chilileaf disease.

— Proposal of the EfficientNet-B4-SECA architecture,
integrating the SE and CA attention mechanisms to
improve model robustness and accuracy.

- EfficientNet-B4-SECA achieves the highest
classification accuracy on both datasets, with
84.97% for tomato and 87.83% for chili leaf
diseases, surpassing that of all compared models.

The remaining paper is structured as follows: Sec-
tion 2 reviews the related studies. Section 3 details
the proposed method and model training procedure.
Section 4 presents the experimental results and dis-
cussion. Finally, Section 5 concludes the paper.

2. Related Works

Recent studies have demonstrated that DL effec-
tively classifies plant diseases with high accura-
cy. Unlike traditional machine learning methods,
which require complex handcrafted feature ex-
traction, DL enables direct learning from raw im-
ages with minimal preprocessing. This advantage
enhances classification performance as well as re-
duces reliance on manual image processing.

Rangarajan et al. [21] applied transfer learning with
AlexNet and VGG16 to classify tomato leaf diseases
using the PlantVillage dataset, which included six
diseases and one healthy class. Both models were
fine-tuned by modifying the final layers, achieving
an accuracy of 97.49% with AlexNet and 97.23% with
VGG16, demonstrating the effectiveness of trans-
fer learning in diagnosing plant diseases. Abbas et
al. [2] proposed a tomato leaf disease classification
method that integrates synthetic images generated
using a Conditional GAN with real data for training
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aDenseNet-121 model using transfer learning. Their
approach, evaluated on the PlantVillage dataset,
achieved high classification accuracies of 99.51%,
98.65%, and 97.11% for 5, 7, and 10 disease classes,
respectively. Abayomi-Alli et al. [1] proposed a novel
data augmentation method to improve plant disease
classification under low-quality imaging conditions.
Their approach involved generation of synthetic im-
ages by transforming colour histograms using Che-
byshev functions, thereby expanding the trainable
colour space and enabling neural networks to better
detect key features despite issues such as blurring,
motion, or overexposure. Agarwal et al. [3] pro-
posed ToLeD, a CNN model for identifying tomato
leaf disease, comprising three convolutional layers,
three max-pooling layers, and two fully connected
(FC) layers. ToLeD was compared with VGG16, In-
ceptionV3, and MobileNet on the PlantVillage data-
set (including nine diseases and one healthy class),
achieving an average accuracy of 91.2%, outper-
forming other models. Atila et al. [8] used Efficient-
Net to classify 39 classes in the PlantVillage dataset,
achieving an accuracy of 99.97% with Efficient-
Net-B4 and 99.91% with EfficientNet-B5. Efficient-
Net outperformed AlexNet, ResNet50, VGG16, and
InceptionV3 in classification accuracy and overall
performance. Rukhsar et al. [22] used InceptionV3
with transfer learning to classify rice leaf diseases.
The model, trained on 3,355 images divided into four
classes, achieved an accuracy of 90.50% on the train-
ing set and 82.52% on the test set, outperforming a
standard CNN model (63.40%). This study empha-
sised the effectiveness of transfer learning and its
potential for smart monitoring of plants. Amin et al.
[6] proposed a DL model combining features from
EfficientNet-B0O and DenseNet-121 to classify maize
leaf diseases. The model was trained on a subset of
the PlantVillage dataset, which contained four leaf
conditions, achieving an accuracy of 98.56%, thus
surpassing ResNet152 (98.37%) and InceptionV3
(96.26%) and highlighting its potential for smart
agriculture. Pratap et al. [20] introduced Efficient-
LeafNetB4, an optimised model derived from Effi-
cientNet-B4, for classifying chili leaf diseases using
2,000 images of five classes. The model, fine-tuned
to better capture leaf features, achieved an accuracy
0f95.82%, outperforming ResNet-50, DenseNet-121,
MobileNetV2, and VGG-16. This result demonstrat-
ed the effectiveness of the model in disease detection
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and its potential for application in smart agriculture.
Bhuyan et al. [11] developed SE_SPnet, a CNN model
with parallel convolutional layers and SE blocks for
predicting rice leaf strength. Tested on three disease
datasets, SE_SPnet achieved an accuracy of 99.2%
using the SGD optimisation algorithm, outperform-
ing other methods because ofits ability to enhance
feature extraction and reduce redundancy. Shafik
et al. [23] proposed PDDNet, a plant disease detec-
tion model based on transfer learning with nine
pre-trained CNN models. Tested on the PlantVil-
lage dataset (comprising 15 classes and 54,305 im-
ages), PDDNet-LVE achieved an accuracy of 97.79%,
outperforming standard CNN models. Singh et al.
[25] used the Eff-CBAM (EfficientNet-B4 + CBAM)
model to diagnose rice leaf diseases and achieved an
accuracy of 93% on the Rice Diseases Image data-
set, surpassing that of InceptionV3 and ResNet101.
These results indicate that attention mechanisms
significantly improve the classification of rice leaf
diseases using CNNs. Van et al. [29] improved Effi-
cientNet-B4 by integrating the LeafGabor filter and
CA block for chili leaf classification and tested iton
the JNUCLS and COLD datasets. The CA block en-
hanced both spatial and channel attention, where-
as the LeafGabor filter highlighted leaf veins and
reduced noise. The LGENetB4CA model achieved
an accuracy of 89.61% on the JNUCLS dataset and
85.90% on the COLD dataset, outperforming other
methods and demonstrating effectiveness in chili
leaf classification and disease detection.

As summarised in Table 1, various DL methods
have been proposed for plant disease detection in
different crops, showing superior performance
over traditional methods in terms of classification
accuracy, adaptability to different diseases, and
automation of recognition processes. Recent DL
models, such as SE_SPnet [11], PDDNet [11], LGE-
NetB4CA [29], and EfficientNet [8], have advanced
significantly with the integration of pre-trained
CNN models with transfer learning, achieving high
accuracy rates. These studies achieve high perfor-
mance as well as outperform traditional methods
in disease detection, highlighting their potential in
reducing crop yield losses and improving disease
management efficiency. EfficientNet [27], particu-
larly EfficientNet-B4, achieves high accuracy ow-
ing to its optimised architecture, using a compound
scaling strategy to balance depth, width, and resolu-
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tion [8]. With fewer parameters compared to those
in ResNet or DenseNet [6], EfficientNet-B4 reduces
computational load while maintaining high accura-
cy and generalisation across different disease types
without overfitting [8]. However, EfficientNet-B4
still faces limitations when applied to leaf disease
diagnosis and treatment under varying lighting con-
ditions and environments, particularly for analysing
tomato and chili leaf diseases, indicating a need for
further improvements to enhance model applica-
bility and robustness [29], [28], [27]. Although Effi-
cientNet-B4 has incorporated SE blocks to improve
channel attention, it has not fully utilised spatial
attention, limiting its ability to accurately detect
disease areas under varied lighting conditions or in
images with heavy background noise, thus reducing
its accuracy in real-world applications [10]. Singh
et al. [25] demonstrated that integrating a Convo-
lutional Block Attention Module (CBAM) into Effi-
cientNet-B4 helps focus the attention of the model
on important features for early disease detection,
facilitating effective disease management and food

Table 1
Summary of the related work.
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security. However, the model still faces challenges
in identifying disease areas under diverse lighting
conditions or with noisy backgrounds. Thus, we ex-
plored advanced DL methods for classifying chili
and tomato leaf diseases and present an improved
approach to enhance classification performance. In
the next section, we discuss our proposed method.

3. Methodology

This section presents in detail the proposed Effi-
cientNet-B4-SECA model for classifying chili and
tomato leaf diseases. In image classification tasks,
computer vision commonly leverages pre-trained
DL models trained on large-scale datasets, and then
applies transfer learning to adapt these models to
specific domains [15]. EfficientNet is a prominent
architecture that achieves a balance between depth,
width, and resolution; its performance can be further
enhanced by integrating attention mechanisms such
as SE, Dual Cross-Attention Module, CA, and CBAM.

Reference Year Model Class Dataset
. AlexNet PlantVillage
Rangarajan et al. [21] 2018 VGG16 7 (Tomato leaf)
PlantVillage
Abbasetal. [2] 2021 DenseNet-121 5,710 (Tomato leaf)
PlantVillage
Agarwal et al. [3] 2020 ToLeD 10 (Tomato leaf)
Atilaetal. [8] 2020 EfficientNet 38 PlantVillage
Rukhsar et al. [22] 2022 InceptionV3 4 Rice Diseases Image Dataset
. EfficientNet-BO PlantVillage
Amin et al. [6] 2022 DenseNet-121 4 (Corn leaf)
Fine-tuning EfficientNet-B4
Pratap et al. [20] 2023 Adjusting output layers 5 Chili Leaf Diseases Dataset
Optimising parameters
Bhuyan et al. [11] 2023 SE_Spnet 3 Rice Leaf Disease Images
Shafik et al. [23] 2024 PDDNet 15 PlantVillage
A. Singh et al. [25] 2024 Eff-CBAM 4 Rice Diseases Image Dataset
Hoang Thien Vanetal. [29] | 2025 LGENetB4CA 5 COLD Chili

LeafGabor Filter
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These enhancements allow the model to focus on
the most informative image features, making them
particularly effective for tasks such as plant species
classification [8], [25], [29]. Building on this founda-
tion, we propose the EfficientNet-B4-SECA model,
which extends EfficientNet-B4 by incorporating the
SECA attention module to address complex tasks
such as chili and tomato leaf disease classification
(Figure 1). In this architecture, the SE block [14]
improves feature representation by emphasising
important channels while suppressing less relevant
ones. The CA block [13] complements this by intro-
ducing spatial information, which allows the model
to better capture the relationships between different
regions of the image. Together, these components
enhance the ability of the model to recognise fine-
grained patterns in leaf disease symptoms under di-
verse and challenging visual conditions.

Figure 1
Architectural model for EfficientNet-B4-SECA.
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3.1. EfficientNet-B4

EfficientNet is a family of CNNs, ranging from Effi-
cientNet-BO to EfficientNet-B7 [8], [25], [27], which
are known for significantly improving accuracy with
minimal increases in model parameters. This archi-
tecture employs the Swish activation function (in-
stead of ReLU) and introduces a compound scaling
method that jointly adjusts network depth, width, and
resolution. These scaling coefficients are optimised
using a grid search strategy to ensure efficient use of
computational resources [27], [19]. EfficientNet-B4
starts with a standard convolutional layer, followed by
MBConv blocks that combine depth-wise separable
convolutions with SE modules to improve computa-
tional efficiency. It also employs Batch Normalisa-
tion, Global Average Pooling (GAP), Dense layers, and
Dropout to optimise classification and prevent overfit-
ting [3]. The architecture includes 24 MBConv blocks,
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2 convolutional layers, 1 GAP layer, 1 Dense layer, and 1
classification layer, with the MBConvl and MBConv6
variants forming the core of the base network. The
MBConv structure comprises three main stages:

1 Pointwise Convolution (1x1): Expands or reduces the
number of channels based on the expansion ratio,

2 Depth-wise Convolution (kxk): Efficiently extracts
spatial features, and

3 SE Block: Recalibrates channel-wise feature im-
portance to optimise weights.

After the SE block, a final 1x1 pointwise convolution
restores the feature map size. The input and output of
the MBConvblock maintain the same dimensions and
are connected via a skip connection, which improves
training stability and optimisation efficiency [3].

3.2.SE

EfficientNet-B4 integrates SE blocks into each MB-
Conv block to enhance feature learning and boost
accuracy with a minimal parameter increase, thus
improving image classification performance [8].
The SE block applies channel-wise attention, allow-
ing the network to emphasise important features by
learning and adjusting channel weights [14]. The op-
eration of the SE block comprises three main steps:

1 Spatial Information Compression (Squeeze) ag-
gregates spatial information across the entire fea-
ture map into a single value per channel using GAP,
allowing the model to assess the relative impor-
tance of each channel as follows:

1 H w -
quZwa izlzjzlxc(l,l), @

where F, denotes the squeezed feature at chan-
nel ¢; H and W represent the height and width of
the feature map, respectively. Finally, x (i,) is the
pixel value at position (i,j) in channel c.

2 Channel Weight Adjustment (Excitation) uses two
FC layers with ReLLU and Sigmoid activations to
learn optimal weights, determining the contribution
of each channel to the final prediction as follows:

Fox = c(W)6(W). GAP(x))), ©)

where F, is the excitation feature of the channel,
W, and W, are the weights of the two FC layers,
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0 denotes the ReLU activation function, o is the
Sigmoid function, and GAP(x) represents the
global average pooling of the input x.

3 Channel Weight Scaling multiplies the learned
weights with each input channel, allowing the
model to emphasise important features and sup-
press less relevant ones.

3.3.CA

The CA block enhances feature recognition by fo-
cusing on key channels and spatial locations while
suppressing noise [13]. This improves the sensitivi-
ty of the model to important information leading to
higher-quality feature extraction. Compared with
SE and CBAM [25], CA uniquely captures chan-
nel, spatial, and directional information, making
it particularly effective in tasks requiring spatial
awareness. When integrated into EfficientNet-B4,
the CA block improves classification accuracy and
optimises spatial feature utilisation. Using one-di-
mensional pooling with distinct kernels for width
and height, CA strengthens the ability of the model
to recognise complex image patterns [29], [14]. The
width and height attention signals are processed
through the following steps:

1 The height tensor z/ and width tensor z” are first
concatenated, then passedthrough an activation
layer F and anonlinear activation function to gen-
erate tensor s:

s=6(F(z",2"). ®

2 The tensor s is then split into s and s”, correspond-
ing to height and width. Each of these is processed by
separate convolutional layers F), and F, to produce
attention weights g” and g”. These weights refine the
input feature tensor X, generating the final output:

u i, j) = x.(i,J) X g1 (D) X & (), @
where g/(i) and g”(j) are the attention weights
for height and width, respectively.

3.4. EfficientNet-B4-SECA

The EfficientNet-B4 model comprises seven blocks,
each utilising MBConv, an optimised depth-wise
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Figure 2
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Grad-CAM visualisations using the proposed method (Dense_15 and Dense_16 layers in the CA Block): (a) Tomato leaf
images; (b—e) visualisations of the block7a_se_excite, block7b_se_excite, Dense_15, Dense_16, and top_conv layers. (f)
Chilileaf images; (g-j) visualisations of the same corresponding layers as indicated in the tomato example.

()

separable convolution that reduces parameters
while maintaining efficiency. To fully leverage its
capabilities, the proposed EfficientNet-B4-SECA
model is initialised with pre-trained weights from
ImageNet and fine-tuned for chili and tomato leaf
disease classification. The model follows these pro-
cessing steps (see Table 2):

1 Block 1: Starts with a standard convolutional layer
to process 300x300-pixel input images.

2 Blocks 2-6: Each block includes two MBConv3
units and one MBConv2 unit, allowing the network
to extract increasingly complex features.

3 Block 7: Refines features further using convo-
lution, activation, and normalisation layers, fol-
lowed by the integration of SE and CA blocks.
The SE block enhances important channel-wise
features, whereas the CA block introduces spa-
tial awareness to capture inter-regional rela-
tionships.

4 Attention-enhanced features are passed through
GAP to reduce dimensionality. This is followed by
Batch Normalisation, a Dense layer with 256 units
and ReLU activation, and a Dropout layer to miti-
gate overfitting.

5 Finally, a Dense output layer with Softmax activa-
tion generates class probabilities for classification.

Figure 2 shows the visualisations of diseased leaves

from the final layers of the EfficientNet-B4-SECA
model on tomato and chili leaf datasets.

Table 2

EfficientNet-B4-SECA for classifying foliar diseases of
crop plants.

The modified model: EfficientNet-B4-SECA

Layer type Output shape

Input (Image Dataset) 300 x 300 x 3

EfficientNet-B4 Base Model 10 x 10 x 1792

Squeeze-and-Excitation (SE) 10 x 10 x 1792

Coordination Attention (CA) 10 x 10 x 1792

Global Average Pooling 1792
Batch Normalisation 1792
Dense (256 units, ReLU) 256
Dropout 256

Dense (Output classes, Softmax) 5
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The overall architecture aims to strike a balance be-
tween computational efficiency and classification
performance, particularly in challenging leaf disease
recognition tasks. Compared with baseline models
such as EfficientNet-B4 and its attention-augment-
ed variants (e.g., CA and CBAM), the proposed Ef-
ficientNet-B4-SECA achieves higher accuracy and
more stable training behaviour. This improvement
stems from the complementary roles of the SE and
CA blocks. While SE emphasises informative chan-
nel-wise features, CA introduces spatial awareness,
enabling the model to capture long-range depen-
dencies across the image. By contrast, models with
only CA or CBAM typically enhance either spatial or
channel information in isolation. Integration of both
mechanisms in SECA enhances feature representa-
tion and contributes to the improved generalisation
observed in our experiments.

4. Experimental Results

This section presents the TLD and COLD Chili data-
sets,alongwiththe evaluation metrics and experimen-
talresults. We compare the performance of various DL
models, including ViT, InceptionV3, EfficientNet-B4,
EfficientNet-B4-CA, EfficientNet-B4-CBAM, and Ef-

Figure 3
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ficientNet-B4-SECA, to demonstrate that Efficient-
Net-B4-SECA achieves a superior performance in
leaf disease classification. The models were trained
with a learning rate of 0.0001 and a batch size of 16
for 40 epochs, using early stopping with a patience
of 5 epochs and a stopping threshold of 0.0 based on
validation accuracy. K-Fold Cross-Validation (k=4)]
was used to prevent overfitting and enhance general-
isation, with each subset serving as the validation set
once. All experiments were conducted on Google Co-
lab using L4 GPUs. Two experiments were performed
to evaluate the proposed model against state-of-the-
art DL methods.

4.1.Dataset

This study uses two datasets for classifying toma-
to and chili leaf diseases: TLD [26] and COLD Chili
[16]. The TLD dataset contains 1,646 high-resolution
images (256x256 pixels) of tomato leaves captured
under diverse conditions. Each image represents a
distinct health status, including both healthy and dis-
eased samples. The images were captured on a plain,
uncluttered background, which improves the visibil-
ity of leaf edges and disease symptoms. The dataset
was divided into 10 classes, including 1 healthy class
and 9 disease categories: Bacterial Spot, Early Blight,

Diseases in the TLD dataset: (a) Bacterial_spot, (b) Early_blight, (¢) healthy, (d) Late_blight, (e) Leaf Fungus, (f)
Septoria_leaf_spot, (g) Spider_mites Two_spotted_spider_mite, (h) Target_Spot, (i) Tomato_mosaic_virus, and (j)

Tomato_Yellow_Leaf_Curl_Virus.

@

@
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Figure 4
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Diseases in the COLD Chili Dataset: (a) Cercospora, (b) healthy, (¢) mites_and_thrips, (d) nutritional deficiency, and

(e) powdery mildew.

(b)

© @

Late Blight, Leaf Mold, Septoria Leaf Spot, Spider
Mite Damage, Mosaic Virus, Target Spot, and Yellow
Leaf Curl Virus. These classes show significant vari-
ations in colour, texture, and lesion shape, providing
areliable foundation for training DL models for clas-
sification and disease detection tasks (Figure 3) [4],
[26]. The COLD Chili Dataset comprises high-qual-
ity images of chili leaves collected during the Kharif
season in Chilwadigi village, located in the Koppal
district of Karnataka, India. All photographs were
captured in a natural rural environment using a Can-
on Mark II D digital camera, ensuring high resolu-
tion and realistic conditions for model training. The
dataset comprises 532 raw images that were cropped
and resized to 224x224 pixels. It includes five class-
es: one healthy class (69 images) and four diseased
classes [Cercospora (152 images), Mites and Thrips
(107 images), Nutritional Deficiency (102 images),
and Powdery Mildew (102 images)] (Figure 4) [16].
Although the TLD dataset is well structured, it pres-
ents challenges such as class imbalance and visual
similarities among diseases.

By contrast, the COLD Chili dataset reflects envi-
ronmental variations, offering additional challenges
for model generalisation. Both datasets are useful for
agricultural computer vision but pose different chal-
lenges. All images were resized to 300 x 300 pixels
to ensure consistency. Augmentation was selectively
applied to training set classes with fewer than 300
samples. Data augmentation introduces diverse ex-
amples in the training data and helps improve DL per-
formance [29], [9]. We used techniques such as flip-
ping, rotation, width shift, height shift, and zooming.
The parameters were as follows: a rotation range of
20 degrees, width and height shifts of 0.1, and a zoom

range of 0.2. Tables 3 and 4 present the properties and
parameters of the datasets. After augmentation, each
class in the training set contained 300 samples.

Table 3
Parametersof the COLD Chili dataset.
Class (Label) Traél:tmg Te;‘t:tng Total
Healthy 45 24 69
Cercospora 87 65 152
Mites and Trips 76 31 107
Nutritional Deficiency 68 34 102
Powdery Mildew 67 35 102
Table 4
Parameters of the TLD dataset.
Class (Label) Tra;;:mg Tess:tng Total
Healthy 125 32 157
Bacterial Spot 86 22 108
Early Blight 238 60 298
Late Blight 88 23 111
Leaf Fungus 300 80 380
Septoria Leaf Spot 96 25 121
Spider Mite 87 22 109
Mosaic Virus 79 20 99
Target Spot 125 32 157
Yellow Leaf Curl Virus 84 22 106
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4.2. Evaluation Metrics

To evaluate the proposed model, we used the fol-
lowing metrics:

Accuracy (A): The overall percentage of correct
predictions across all classes.

Precision (P): The ratio of correctly predicted
samples for each class to all samples predicted for
that class, indicating the false positives.

Recall (R): The ratio of correctly predicted
samples for each class to all actual samples of that
class, indicating the false negatives.

Fiscore (F1): The harmonic mean of Precision
and Recall, providing a balance between the two,
particularly useful for imbalanced datasets.

All metrics were calculated using macro-averaging,
thus treating each class equally regardless of class
size as follows:

Avg,=

chasses A(l)

cl asses

®

A(i) = TP(i)+TN (i)

= TP()+TN(i)+FP(i)+FN (i)

Figure 5

Feature visualisations using Grad-CAM: (a) Original image from the TLD dataset; (b) conv2d_84 feature map of
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classes
AUgR classes Z R(), ®
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Av classes
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where, with class i, TP is True Positive, TN is True
Negative, FP is False Positive, and FN is False

Negative.

4.3. Experimental Results on the TLD Dataset

In this experiment, we trained models on the TLD
dataset to evaluate the classification performance
of state-of-the-art DL architectures (InceptionV3,
ViT, EfficientNet-B4, EfficientNet-B4-CA, Effi-

InceptionV3; (c) last layer feature map of ViT; top_conv feature maps of (d) EfficientNet-B4, (e) EfficientNet-B4-CA,

and (g) EfficientNet-B4-SECA; and (f) conv2d feature map from the CBAM block in EfficientNet-B4-CBAM.
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Training and evaluation performance of the models on the TLD dataset (Fold 1), including (a) EfficientNet-B4 and (b)

EfficientNet-B4-SECA.
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cientNet-B4-CBAM) and our proposed model, Effi-
cientNet-B4-SECA. To improve generalisation and
minimise overfitting, we applied a 4-fold cross-val-
idation, with each fold used once for validation
and the remaining three used for training. Figure 5
presents the feature visualisations generated using
Grad-CAM for the evaluated models. Figure 6 com-
pares the training behaviour of EfficientNet-B4 (a)
and EfficientNet-B4-SECA (b) on the TLD data-
set (Fold 1). Both models showed decreasing loss
curves, but EfficientNet-B4-SECA achieved better
generalisation. Its validation accuracy, F1 score,
and area under the curve (AUC) were more stable
and closely followed the training curves. Contrast-
ingly, EfficientNet-B4 showed larger gaps between
training and validation metrics, indicating overfit-
ting. The integration of SE and CA blocks helped
improve model robustness and reduced overfitting.

Table 5 presents the cross-validation accuracy re-
sults for the evaluated methods on the TLD data-
set. The proposed EfficientNet-B4-SECA model
achieved accuracies ranging from 82.66% to 84.06%,
demonstrating consistently strong performance
across all folds. It recorded the highest average ac-
curacy of 83.24%, outperforming other models such
as EfficientNet-B4-CBAM (82.78%), the original Ef-
ficientNet-B4, InceptionV3, and ViT. In addition to
its superior accuracy, EfficientNet-B4-SECA also
showed excellent stability, with a low standard de-
viation (STD = 0.68), which was significantly low-
er than that of EfficientNet-B4 (0.85), InceptionV3
(2.36), and ViT (1.52). This low variation across
folds indicates a more consistent and reliable train-
ing process. Furthermore, the model achieved a nar-
row and high 95% confidence interval [82.16, 84.32],
reinforcing its robustness and generalisability.
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Fold4 Mean STD-DEV | Confidence interval (CI)
79.87 79.35 152 [76.92,81.77]
81.76 81.07 2.36 [77.31,84.82]
81.13 81.84 0.85 [80.48, 83.20]
83.33 82.78 0.53 [81.94, 83.61]
82.39 8246 0.58 [81.55,83.38]
82.70 83.24 0.68 [82.16,84.32]

Table 5
Four-fold cross-validation accuracy of various methods on the TLD Dataset (%).
Methods Fold1l Fold2 Fold3
ViT 7709 80.43 80.00
InceptionV3 7771 83.23 81.56
EfficientNet-B4 81.11 82.3 82.81
EfficientNet-B4-CBAM 82.35 82.3 83.12
EfficientNet-B4-CA 81.73 82.61 83.12
EfficientNet-B4-SECA 82.66 83.54 84.06
Table 6
Comparing the performance of DL models on the TLD Dataset.
Methods Accuracy (%) F1score (%)
ViT 80.06 80.16
InceptionV3 82.82 82.76
EfficientNet-B4 84.05 84.05
EfficientNet-B4-CBAM 84.05 84.01
EfficientNet-B4-CA 84.66 84.73
EfficientNet-B4-SECA 84.97 84.86

As shown in Table 6, EfficientNet-B4-SECA
achieved the highest classification accuracy
(84.97%) and F1 score (84.86%), outperform-
ing baseline EfficientNet-B4 (84.05%), Efficient-
Net-B4-CBAM  (84.05%), EfficientNet-B4-CA
(84.66%), InceptionV3 (82.82%) and ViT (80.06%).
These results show that EfficientNet-B4 combined
with the CBAM block or the CA block achieves high-
er accuracy than the baseline EfficientNet-B4, and
EfficientNet-B4 integrated with both the SE and
CA blocks achieves the highest accuracy. The train-
ing time (19,673.85 seconds) and testing time per
sample (0.0920 seconds) of EfficientNet-B4-SE-
CA were only slightly higher than those of Effi-
cientNet-B4-CA (19,767.77 and 0.0859 seconds,
respectively). By contrast, the InceptionV3 model
and particularly ViT, exhibited significantly faster
training and testing times. However, their classi-
fication accuracy was notably lower, with ViT and
InceptionV3 achieving an accuracy of 80.06% and
82.82%, respectively, both falling well behind the ac-

Training time (second) Test time (second/sample)
1765.92 0.0439
8936.27 0.0491
20096.98 0.0828
19564.22 0.0767
1976777 0.0859
19673.85 0.0920

curacy of EfficientNet-B4-SECA (84.97%). Figures
7,8, 9, and 10 illustrate the accuracy of the proposed
model compared to that of other methods, using the
confusion matrix and AUC-receiver operating char-
acteristic (ROC) curve. Figure 9b presents the con-
fusion matrix, which highlights that the proposed
model achieved a perfect classification accuracy for
disease classes with prominent visual characteris-
tics, such as Spider Mites (25/25), Tomato Mosaic
Virus (22/22), and Tomato Yellow Leaf Curl Virus
(20/20). Additionally, the proposed method demon-
strated a higher success rate for recognising the
Leaf Fungus class (67/78) compared to that with
other methods such as ViT (55/78), EfficientNet-B4
(61/78), and EfficientNet-CBAM (64/78), under-
scoring its strong generalisation ability. However,
the confusion matrix also revealed some classifica-
tion ambiguities between disease classes with vi-
sually similar symptoms, such as Early Blight and
Healthy. Specifically, the proposed model classified
Early Blight with an accuracy of 45/60, which was
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slightly lower than that of ViT (48/60), Efficient-
Net-B4 (46/60), and EfficientNet-CBAM (46/60).
The proposed model achieved an accuracy of 21/32
for Healthy, which is slightly lower than that of Effi-

cientNet-B4 (23/32), and higher than ViT (19/32),
EfficientNet-CBAM (20/32). This difference may be
attributed to the subtle visual distinctions between
healthy leaves and leaves with early-stage infection.

Figure 7

Confusion matrix of the (a) ViT and (b) EfficientNet-B4 models on the TLD Dataset.
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Figure ©
Confusion matrix of the (a) EfficientNet-B4-CBAM and (b) EfficientNet-B4-SECA models on the TLD Dataset.
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Figure 10
AUC-ROC of the (a) EfficientNet-B4-CBAM and (b) EfficientNet-B4-SECA models on the TLD Dataset.
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Overall, the experimental results demonstrate
that the EfficientNet-B4-SECA model outper-
forms other methods in terms of accuracy and
Flscore, as well as exhibits effective class dis-
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crimination and strong generalisation capabili-
ties. These findings highlight the potential of this
model for real-world applications in detecting

plant diseases.
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4 4. Experimental Results on the COLD Chili
Dataset

In the second experiment, we evaluated the per-
formance of various DL models on the COLD Chili
dataset. Figure 11 presents the feature visualisa-
tions of models, generated using GradCAM. Figure
12 compares the training dynamics of Efficient-
Net-B4-CA (a) and EfficientNet-B4-SECA (b) on
the COLD Chili dataset (Fold 2). Both models exhib-
it steadily decreasing training and validation loss

2026/2/55

curves, indicating effective convergence. Howev-
er, EfficientNet-B4-SECA demonstrates superior
generalisation, as evidenced by a higher validation
accuracy, Flscore, and AUC. By contrast, Efficient-
Net-B4-CA shows larger gaps between training
and validation metrics, particularly in the Flscore
and AUC, suggesting potential overfitting. This
highlights the benefit of incorporating SE and CA
attention mechanisms together. Table 7 presents
the K-fold cross-validation results, wherein the

Table 7
Four-fold cross-validation accuracy of different methods on the COLD Chili Dataset (%).
Methods Fold1l Fold2 Fold3 Fold4 Mean STD Confidence interval (CI)

ViT 80.56 82.86 89.71 83.82 84.24 3.90 [78.04,90.44]
InceptionV3 84.72 82.86 7941 83.82 82.70 2.32 [79.01, 86.40]
EfficientNet-B4 86.11 84.29 88.24 80.88 84.88 312 [79.92, 89.84]
EfficientNet-B4-CBAM 87.5 85.71 83.82 77.94 83.74 4.15 [77.14,90.35]
EfficientNet-B4-CA 81.94 88.57 86.76 83.82 85.27 2.96 [80.56, 89.98]
EfficientNet-B4-SECA 84.72 88.57 83.82 85.29 85.60 2.07 [82.31, 88.89]

Figure 11

Feature visualisations using Grad-CAM: (a) Original image from the Chili Leaf Disease dataset; (b) conv2d_84 feature
map of InceptionV3; (c) last layer feature map of ViT; top_conv feature maps of (d) EfficientNet-B4, (e) EfficientNet-
B4-CA, and (g) EfficientNet-B4-SECA; and (f) conv2d feature map from the CBAM block in EfficientNet-B4-CBAM.

(b) ©

®
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Figure 12
Training and evaluation performance of the proposed model on each fold of the COLD Chili Dataset.
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Table 8
Comparing the performance of various DL models on the COLD Chili Dataset.
Methods Accuracy (%) F1 score (%) i e el e
A 4 (second) (second/sample)
ViT 83.07 80.06 1169.59 0.0260
InceptionV3 7778 78.33 4205.33 0.0265
EfficientNet-B4 83.60 82.86 957144 0.0429
EfficientNet-B4-CBAM 85.71 85.65 9933.02 0.0423
EfficientNet-B4-CA 86.24 86.16 9643.66 0.0529
EfficientNet-B4-SECA 87.83 87.9 9652.30 0.0529

proposed EfficientNet-B4-SECA model achieved (83.74%), and EfficientNet-B4-CA (85.27%). Its
the highest average accuracy of 85.60%, outper- low STD (2.07) and narrow 95% confidence inter-
forming ViT (84.24%), InceptionV3 (82.70%), Ef- val[82.31,88.89] indicate a consistent performance
ficientNet-B4 (84.88%), EfficientNet-B4-CBAM  and strong generalisation across folds.
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Table 8 presents the performance of various DL
models on the COLD Chili dataset. Figures 13-16
illustrate the confusion matrices and AUC-ROC
curves for InceptionV3, EfficientNet-B4, Effi-
cientNet-B4-CA, and EfficientNet-B4-SECA, re-
spectively. Among all evaluated models (Table
8), EfficientNet-B4-SECA achieved the highest
classification accuracy of 87.83%, outperforming
the baseline EfficientNet-B4 (83.60%), Efficient-
Net-B4-CBAM  (85.71%), EfficientNet-B4-CA
(86.24%), InceptionV3 (77.78%) and ViT (83.07%).
These results demonstrate that combining the
SE and CA mechanisms enhances the ability of
the model to extract spatial and contextual fea-
tures. This improvement allows more accurate
classification of chili leaf diseases, particularly in
challenging scenarios involving complex lighting
conditions, diverse backgrounds, and variations
in leaf shape. Figures 13, 14, 15, and 16 illustrate
the accuracy of the proposed model compared to
that of other methods, using the confusion matrix
and AUC-receiver operating characteristic (ROC)
curve. EfficientNet-B4-SECA also showed a robust
performance across multiple disease categories.
As shown in the confusion matrix (Figure 15b), the
proposed model correctly classified most samples
from critical classes, including Powdery Mildew

Figure 13
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(385 out of 35), Cercospora (51 out of 65), and Nu-
tritional Deficiency (33 out of 34). However, some
confusion was observed between visually similar
classes, such as Healthy and Mites_and_thrips, in-
dicating that further improvements are required-
for fine-grained classification. The AUC-ROC
curve in Figure 16b supports the effectiveness of
the proposed model effectiveness, showing high
AUC scores for all classes: Powdery Mildew (1.00),
Mites_and_thrips (0.98), Nutritional Deficien-
cy (0.97), Healthy (0.95), and Cercospora (0.94).
These scores confirm the high precision and confi-
dence of the model in prediction.

Regarding computational efficiency, the train-
ing time of EfficientNet-B4-SECA was 9,652.3
seconds, which was comparable to that ofEf-
ficientNet-B4 (9,571.44 seconds), Efficient-
Net-B4-CBAM (9,933.02 seconds), and Efficient-
Net-B4-CA (9,643.66 seconds). The testing time
per sample was 0.0529 seconds, which was equal
to that of EfficientNet-B4-CA, and slightly high-
er than EfficientNet-B4-CBAM (0.0423 seconds),
EfficientNet-B4 (0.0429 seconds), InceptionV3
(0.0265 seconds), and ViT (0.0260 seconds). These
results indicate that, despite incorporating two
attention mechanisms, EfficientNet-B4-SECA
maintains reasonable training and inference times

Confusion matrix of the (a) InceptionV3 and (b) EfficientNet-B4 models on the COLD chili dataset.
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Figure 14
AUC-ROC ofthe (a) ViT and (b) EfficientNet-B4 models on the COLD chili dataset.
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Confusion matrix of the (a) EfficientNet-B4-CA and (b) EfficientNet-B4-SECA models on the COLD chili dataset.
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while delivering a superior classification perfor- eralisation, and efficient computation, making it a
mance. Overall, the proposed EfficientNet-B4-SE-  promising solution for real-world chili leaf disease
CA model demonstrates high accuracy, strong gen-  classification tasks.
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Figure 16
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AUC-ROC of'the (a) EfficientNet-B4-CA and (b) EfficientNet-B4-SECA models on the COLD chili dataset.
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4.5. Discussion

In this study, we investigate the challenge of accu-
rately classifying foliar diseases in tomatoes and
chilies—two widely cultivated crops. The vari-
ability in lesion appearance, including differenc-
es in shape, texture, and colour, pose significant
difficulties for automated detection systems. We
thus evaluated several DL models on two datasets
with varying visual complexity: TLD and COLD
Chili. The experimental results showed that the
proposed model achieved a superior performance
compared to that of existing methods. Particular-
ly, it attained an accuracy of 84.97% on the TLD
Dataset and 87.83% on the COLD Chili Dataset.
These results surpass those of ViT, InceptionV3,
EfficientNet-B4, EfficientNet-B4-CA, and Effi-
cientNet-B4-CBAM. The improvement confirmed
that the combination of SE and CA mechanisms
enhanced both spatial feature extraction and con-
textual understanding. However, the model still
showed occasional misclassifications, particularly
in classes with visually similar symptoms, suggest-
ing the need for further enhancements. Although
the total training and testing durations were slight-

0.0 0.2 0.4 0.6 0.8 10
False Positive Rate

(b)

ly longer than some baseline models, the per-sam-
ple inference time remained efficient with 0.0920
seconds on the tomato dataset and 0.0529 seconds
on the chili dataset. This high level of classification
accuracy, combined with an acceptable inference
speed, highlights the potential of the model for de-
ployment in real-world agricultural applications
such as mobile or drone-based monitoring plat-
forms, where accurate and reliable plant disease
diagnosis is essential for timely intervention and
effective crop management.

5. Conclusion

In this study, we investigated DL approaches for
classifying leaf diseases in tomato and chili plants.
We proposed the EfficientNet-B4-SECA model,
which enhances the EfficientNet-B4 architecture
by integrating the SE and CA mechanisms. These
modules improve the ability of the model to focus
on relevant features and capture spatial dependen-
cies critical for disease recognition. Experiments
conducted on the TLD and COLD Chili datasets
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showed that EfficientNet-B4-SECA achieved
classification accuracies of 84.97% and 87.83%,
respectively. It outperformed several strong base-
line models, including ViT, InceptionV3, Efficient-
Net-B4, and its attention-augmented variants.
These results demonstrate the potential of the pro-
posed model to support automated plant disease di-
agnosis in precision agriculture.

Prediction accuracy can be enhanced by future
research and developing more advanced DL archi-
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