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Abstract: Plant disease detection is a one of the most studied subjects in precision agriculture which aims to
protect and improve agricultural crops. Commonly, intelligent systems based on CNN (Convolutional Neural
Networks) are employed to identify multiple plant diseases by analyzing leaf images. In this work, we propose
the use of the Compact Convolutional vision Transformer for tomato disease classification. Experiments
conducted on a set of 10 tomato disease categories highlight the effectiveness of the proposed system which
outperforms famous CNN models including DenseNet201, and MobileNetV2 by 1.73% in the overall

classification accuracy.
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1. INTRODUCTION

Early detection of plant leaf diseases is
crucial for improving crop production and
preserving the environment by minimizing the
excessive and often indiscriminate use of
chemical pesticides. Such practices, when
uncontrolled, not only burden the agricultural
ecosystem but also pose significant risks to
human health. Traditionally, diagnosing plant
diseases was the domain of skilled human
experts, requiring manual examination of
visual symptoms such as leaf discoloration,
lesions, or other anomalies. While effective to
an extent, this approach is labor-intensive,
time-consuming, and highly prone to human
error, especially when dealing with large-
scale  agricultural  operations.  These
challenges have spurred researchers to
explore intelligent systems leveraging
machine learning and image processing
techniques to perform automatic diagnoses
of plant leaf diseases with greater speed and
accuracy.

Typically, these intelligent systems consist of
three main stages: preprocessing, feature
extraction, and classification [1]. The
preprocessing stage is critical for enhancing
image quality and preparing the data for
subsequent analysis. It encompasses a
variety of enhancement techniques, including
segmentation to isolate the leaf from the

background, filtering to reduce noise, and
background elimination to focus solely on the
relevant features of the leaf. Effective
preprocessing ensures that the subsequent
feature  extraction and  classification
processes operate on high-quality input data,
thereby improving the overall system's
reliability.

Feature extraction, the second stage,
involves deriving meaningful attributes from
the processed image to represent the health
status of the leaf [2]. These features can be
broadly categorized into three types: color,
texture, and gradient features. Color features,
often represented as histograms from RGB
or HSB (Hue, Saturation, and Brightness)
color spaces, provide valuable insights into
changes in pigmentation that may indicate
disease. Texture features, on the other hand,
capture patterns and spatial arrangements
within the leaf surface using technigues like
the gray-level co-occurrence matrix (GLCM)
and local binary patterns (LBP). These
methods quantify variations in leaf surface
roughness and regularity, which are
indicative of disease progression. Gradient
features, such as those obtained through the
histogram of oriented gradients (HOG) and
the scale-invariant feature transform (SIFT),
provide information about edge orientations
and geometric structures within the image,
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further enhancing the robustness of the
feature representation [3, 4].

In the final classification stage, machine
learning algorithms are employed to assign
labels to the extracted features, indicating the
presence or absence of a particular disease.
Early approaches utilized traditional methods
like artificial neural networks (ANN) and
Support Vector Machines (SVM). However,
these methods often relied on handcrafted
features, which limited their ability to
generalize across diverse datasets. The
advent of deep learning revolutionized this
stage, with Convolutional Neural Networks
(CNNs) emerging as the de facto standard.
CNNs possess the unique capability to
integrate feature extraction and classification
into a unified framework, significantly
enhancing their performance on complex
image-based tasks [5, 6].They have been
widely applied across diverse domains, such
as steel surface defect detection and COVID-
19 image and video denoising, further
demonstrating their effectiveness in image
classification and detection tasks [7,8].
Several well-known CNN architecture such
as VGG [9], ResNet [10], DenseNet [11], and
MobileNet [12] have been successfully
adopted in various applications, including
plant leaf classification.

Recently, Vision Transformers (ViT) have
gained attention as robust classification
systems capable of outperforming CNNs in
certain scenarios [13, 14]. Unlike CNNs,
which rely on convolutional operations, ViTs
leverage a transformer-based architecture
that excels at capturing global dependencies
within the image. Basic VIiT models consist of
several key components, including patch
embedding layers, linear normalization, multi-
head attention mechanisms, and fully
connected layers. These components work
together to process the image as a sequence
of patches, enabling the model to learn
intricate  relationships between different
regions of the image. For plant leaf disease
classification, several improved  VIT
implementations have been explored. For
instance, in [13], the authors conducted a
comparative analysis of basic VIiT and Swin
Transformer models, achieving an overall
classification accuracy of 95.22% on the
PlantVillage tomato dataset using the basic
VIT. This level of accuracy is comparable to
state-of-the-art CNN models and classical
systems based on handcrafted features and
SVM [4].

Building on these advancements, the present
work introduces a novel deep learning

ensemble framework for tomato disease
classification. Our approach combines the
strengths of multiple deep learning models,
specifically leveraging deep features derived
from Compact Convolutional Transformers
(CCT) and CNN models. By fusing the
complementary feature representations from
these architectures, our ensemble aims to
achieve superior classification performance,
addressing the limitations of individual
models and paving the way for more reliable
and efficient plant disease detection systems.

2. PROPOSED SYSTEM

Presently, we propose the use of the
Compact Convolutional Transformer (CCT)
for tomato disease classification. The pipeline
of this system is illustrated in Fig.1. The CCT
represents an evolution of the Vision
Transformer (ViT) architecture, designed to
address certain limitations of its predecessor,
particularly in handling smaller datasets or
images with less pronounced features. The
VIiT is a robust classification system
composed of several processing blocks,
including positional embedding, image
tokenization, linear projections, transformer
encoder, multi-head attention mechanisms,
and a fully connected feed-forward network
for the final classification step [1 ,3]. While
powerful, the classical ViT architecture often
requires large amounts of data and
computational resources to achieve optimal
performance.

To overcome these challenges, several
improved architectures have been proposed,
with the Compact Convolutional Transformer
(CCT) standing out as a notable
enhancement. The CCT introduces a
convolutional tokenization process that
replaces the traditional image patching
technique used in VIT. Instead of dividing the
image into fixed patches, convolutional
tokenization generates tokens with richer
information by preserving spatial
relationships and capturing local features
more effectively. This approach allows the
model to extract finer-grained details, which
is particularly advantageous for plant disease
classification, where subtle visual cues can
be critical for accurate diagnosis.

Additionally, the CCT replaces the classical
class token mechanism in the VIT with a
sequence pooling process [15, 16]. This
adjustment eliminates the dependency on a
single class token to represent the entire
image, instead leveraging a pooling operation
across all tokens to generate a more robust

Vol. 10, Issue 2, June-2025| ISSN: 2543-3792- EISSN: 2676-1548 88



ALGERIAN JOURNAL OF SIGNALS AND SYSTEMS (AJSS)

representation of the input image. By
integrating  convolutional layers  and
sequence pooling, the CCT combines the
strengths of convolutional networks and
transformer-based architectures, enabling it
to operate effectively on smaller datasets
while  maintaining  high  classification
accuracy.

In our proposed approach, the CCT
architecture is tailored to address the specific
challenges associated with tomato disease
classification. Tomato plant leaves exhibit a
wide range of visual patterns depending on
the type and severity of the disease,
necessitating a model that can capture both
global and local features with precision. The
convolutional tokenization in the CCT
ensures the extraction of rich local details,
while the transformer encoder leverages
multi-head attention to learn complex
interrelationships  between tokens. This
combination makes the CCT patrticularly well-
suited for analyzing the PlantVillage tomato
dataset, which includes diverse samples
across multiple disease categories.

Disease
Type

Fig. 1 Pipeline of the compact convolutional
transformer for plant leaf disease classification

3. EXPERIMENTAL RESULTS
Experiments were conducted on the
PlantVillage tomato dataset, which consists
of images representing both healthy tomato
leaves and nine common tomato pathologies.
These pathologies include Target Spot,
Mosaic Virus, Yellow Leaf Curl Virus,
Bacterial Spot, Early Blight, Late Blight, Leaf
Mold, Septoria Leaf Spot, and Spider Mites.
The dataset contains a total of 16,011
samples, with the number of images per
class ranging from 373 to 3,208. To ensure
robust model evaluation, the dataset was
split into two subsets: 80% of the samples
were used for training, while the remaining
20% were allocated for validation. Figure 2
illustrates representative samples from the
dataset, showcasing the diversity of disease
patterns and healthy leaf appearances

Fig. 2 Samples from experimental dataset (From
left to right: Target Spot, Mosaic Virus, Yellow
Leaf Curl Virus, Bacterial Spot, Early blight,
Healthy, Late blight, Leaf Mold, Septoria Leaf
Spot, Spider Mites).

To assess the effectiveness of the proposed
system, we compared the performance of the
Compact Convolutional Transformer (CCT)
with two state-of-the-art convolutional neural
networks, DenseNet201 and MobileNetV2.
The results are summarized in Table 1.

The CCT demonstrated superior
classification performance across several
disease categories. Specifically, it achieved
significant improvements in classes such as
Early Blight, Late Blight, Leaf Mold, Target
Spot, and Healthy leaves. Notably, the CCT
achieved a total accuracy of 98.37%,
outperforming DenseNet201 by 1.73% and
MobileNetV2 by 2.43%. These results
highlight the CCT's ability to capture both
local and global features effectively, making it
particularly well-suited for this complex
classification task.

Table 1 Results obtained for tomato disease

classification
Class Accuracy

DenseNet201 | MobileNetV2 | CCT
Bacterial 99.06 98.59 96.00
Spot
Early Blight 85.50 84.00 93.00
Late Blight 96.34 94.24 99.48
Leaf Mold 89.47 95.79 98.95
Septoria 99.44 94.35 98.87
Leaf Spot
Two Spotted 96.70 94.29 97.30
Spider Mite
Target Spot 93.24 93.59 98.93
Yellow Leaf 99.69 100.0 99.84
Curl Virus
Mosaic Virus 98.67 97.33 100.0
Healthy 96.54 98.74 100.0
Total 96.64 95.94 98.37
Accuracy
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4. CONCLUSION

In this work, we proposed the use of the CCT
(Compact Convolutional Transformer) for
tomato leaf disease classification. This
system was evaluated in comparison with two
famous CNN models that are MobileNetV2,
and the DenseNet201.The results
demonstrated the superiority of the CCT over
the CNN models, particularly in seven of the
ten disease categories. The CCT achieved a
total accuracy of 98.37%, yielding an
improvement of 1.73% over DenseNet201
and 2.43% over MobileNetvV2. Notable
performance gains were observed in
challenging classes such as Early Blight, Leaf
Mold, and Target Spot, where the CCT
effectively captured subtle disease features.
These findings highlight the effectiveness of
the CCT as a robust and efficient model for
tomato leaf disease classification. Its ability to
outperform traditional CNN architectures
makes it a promising candidate for real-world
applications in precision agriculture, where
accurate and timely disease diagnosis is
critical for optimizing crop health and
productivity.
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