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This study focuses on tomato leaf disease classifi-
cation using an optimized deep learning architecture.
This study proposes an improved architecture called
DenseNet-SEGR, which integrates a novel Squeeze-
and-Excitation (SE) block with a customized growth
rate of 48 to improve feature selection and classifica-
tion accuracy. Unlike standard methods, this model
replaces Global Average Pooling (GAP) with an inte-
gral-based squeeze method, thus enabling a more con-
tinuous and accurate feature representation. The use
of SE blocks dynamically recalibrates the importance
of features such as texture, color, and tissue patterns,
thereby increasing sensitivity to disease symptoms.
The model was trained using the PlantVillage dataset,
which includes 12,246 images spanning 10 tomato leaf
disease categories, such as bacterial spot, early blight,
late blight, mosaic virus, and healthy leaves. Various
augmentation techniques, including rotation, scaling,
and contrast adjustment, were employed to strength-
en generalization and improve robustness against
environmental variations. Furthermore, batch nor-
malization and adaptive learning rate scheduling
were integrated to enhance model stability and pre-
vent overfitting. As a result, the DenseNet-SEGR archi-
tecture is able to achieve a classification accuracy of
98.22 %, outperforming DenseNet-121, DenseNet-201,
and MobileNetV2. This result is explained by the inte-
gration of adaptive attention mechanisms, sophisti-
cated data augmentation strategies, and optimized
architecture. The results can be effectively applied in
real-world precision agriculture, especially in edge-
based or mobile disease detection systems for early
intervention and crop protection
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1. Introduction

Tomato leaf diseases contribute to global crop losses
of 20-40 % (FAO), highlighting the need for effective treatt
ment to maintain agricultural quality. However, limited
diverse datasets hinder detection accuracy. Therefore, de-
veloping a more accurate and applicable detection model is
essential, making this research highly relevant for improving
agricultural solutions [1].

The need for a lightweight and rapid architecture for
tomato foliar disease classification is critical, as disease-re-
lated production declines threaten global food security.
Traditional methods often prove ineffective, and farmers in
remote areas struggle with disease detection. In addition,
existing solutions have limitations in running on low-power
devices. Therefore, developing a lightweight and accurate
model is essential for increasing agricultural yields [2].
Deep learning models can be adapted to recognize image
variations, such as differences in lighting, shooting angles,
and backgrounds [3].

Applying more effective preprocessing techniques, such
as noise reduction and contrast enhancement, can improve
the quality of the input images while improving the model’s
overall performance [4].
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Squeeze-and-Excitation (SE) blocks play a crucial role
in improving training efficiency by preventing gradient loss
and increasing the model’s sensitivity to essential features by
providing adaptive weights, enabling the model to focus on
relevant information [5, 6].

Densely Connected Convolutional Network (DenseN-
et), despite its advantages, has a complex architecture that
leads to longer training times and higher computational
demands, making it less efficient for large datasets or
high-resolution images [7-9]. Additionally, its ability to
generalize decreases when handling diverse and complex
data, affecting classification accuracy. SE blocks have been
shown to improve model performance by considering in-
ter-channel relationships, yet little research has explored
their integration into Densely Connected Convolution-
al Network- Squeeze-and-Excitation and Growth Rate
(DenseNet-SEGR) for detecting tomato plant diseases,
highlighting the need for further exploration [10].

Integrating SE blocks into DenseNet-SEGR enhances
tomato plant disease classification by improving accuracy,
reducing overfitting, and optimizing computation [11]. SE
blocks also refine feature analysis, stabilize training, and
improve adaptability to visual variations. Performance
evaluation using accuracy, precision, recall, and F1-score,




along with comparisons to models without SE blocks, con-
firms its effectiveness. Additionally, data augmentation
techniques like rotation, cropping, rescaling, and color
adjustment enhance dataset diversity, helping the model
capture data variations more effectively [12].

Data augmentation also helps address class imbalance
issues, ensuring better disease recognition and improved
classification accuracy. The use of diverse datasets, such
as tomato leaf image datasets covering various disease
conditions, is crucial for training models that can adapt
to real-world variations [13, 14]. Training a typical tomato
leaf classification model uses thousands of images cover-
ing a wide range of leaf conditions, including diseases such
as bacterial spot, early blight, and mosaic virus [1, 6, 15].

This research also contributes to the theoretical under-
standing of the effect of data augmentation techniques on
model performance. By exploring various augmentation
methods, this research can provide the best practical
guidance for preparing optimal datasets for training deep
learning models. Deep learning requires high (Graphics
Processing Unit) GPU resources for computation during
the deep learning trainer process [17], optimizing archi-
tectures and preprocessing techniques becomes even more
critical.

Therefore, research on developing a lightweight, efficient,
and accurate deep learning model for tomato leaf disease
classification is highly relevant to improving agricultural
solutions and ensuring global food security.

2. Literature review and problem statement

The DenseNet architecture has been shown to provide
competitive results in various image classification tasks,
including tomato plant disease classification [10]. and even
in medical and biological image analysis [18]. One enhance-
ment introduced in recent research is the Squeeze-and-Ex-
citation (SE) module, which adaptively reweights feature
channels based on their importance. Studies have shown
that integrating SE blocks into convolutional neural net-
works (CNNs) can improve feature representation and boost
classification accuracy across several domains [19], including
agriculture and histopathology.

Despite these advances, several unresolved issues re-
main in the literature. First, while DenseNet combined
with SE blocks (SE-DenseNet) can enhance sensitivity
to relevant features [19]. Many studies fail to optimize
architectural parameters for specific domains like plant
pathology. For instance, the impact of varying growth
rates, SE placement strategies, or customized feature
recalibration for tomato leaf datasets is not widely ad-
dressed [12-23]. Additionally, although SE blocks improve
performance, their inclusion increases model complexity
and computational cost, making it harder to deploy such
models in real-time or resource-constrained agricultural
settings [24, 25]. Furthermore, most publicly available
tomato disease datasets are captured under controlled con-
ditions, lacking the diversity in lighting, leaf orientation,
and backgrounds found in real agricultural environments.
This leads to poor generalization in the field [1, 2, 13, 14].
The limited size and diversity of labeled datasets also
contribute to overfitting problems in deep learning mod-
els [20, 21]. While techniques like data augmentation
have been proposed to mitigate this [12], their implemen-

tation in existing literature is often generic and lacks do-
main-specific adaptation.

These issues persist due to both objective reasons, such
as the scarcity of large, diverse, labeled datasets and the high
computational demands of deep models like DenseNet, and
subjective reasons, such as the focus of previous researchers
on improving accuracy in ideal conditions rather than con-
sidering real-world deployment constraints like inference
speed or device limitations [2, 15, 17]. Therefore, the main
unresolved problem emerging from the reviewed literature is:
the absence of a lightweight, accurate, and adaptable tomato
disease classification model that generalizes well to environ-
mental variation and can be efficiently deployed on real-time
or edge-based systems.

There is a lack of a lightweight, accurate, and adaptable
tomato leaf disease classification model that can generalize
to diverse real-world conditions and is suitable for deploy-
ment in resource-constrained environments. This gap mo-
tivates the current research to develop an enhanced deep
learning model that addresses both accuracy and practical
deployment constraints.

3. The aim and objectives of the study

The aim of this study is to develop a scientifically
optimized deep learning classification model for tomato
leaf diseases by modifying the DenseNet architecture with
Squeeze-and-Excitation (SE) blocks and a customized growth
rate, in order to address limitations in accuracy and general-
ization found in prior models.

To achieve this aim, the following objectives are accom-
plished:

- to preprocess the data by resizing tomato leaf images to
a standardized dimension and applying data augmentation
techniques to improve model generalization and reduce the
risk of overfitting;

-to modify the DenseNet architecture by utilizing a
growth rate of 48, optimizing feature propagation and com-
putational efficiency;

- to integrate SE Blocks within each Dense Block in the
DenseNet architecture to improve feature selection and en-
hance classification performance.

4. Materials and methods

4. 1. Object and hypothesis of the study

This study focuses on a dataset of tomato leaf images
containing various disease categories, used to develop and
evaluate a deep learning classification model. The main
hypothesis is that integrating Squeeze-and-Excitation (SE)
blocks into the DenseNet architecture, along with pre-
processing and augmentation, will improve classifica-
tion accuracy and generalization compared to standard
models like DenseNet-121 and MobileNetV2. The study
assumes that disease symptoms on tomato leaves show
distinct visual patterns that can be captured by convolu-
tional neural networks. It also assumes that the dataset is
representative enough for generalization. Simplifications
include using clean images captured under controlled
conditions and focusing only on single-label classifica-
tion without incorporating environmental or contextual
data.



4. 2. Preprocessing and augmentation data

In this study, data preprocessing and augmentation were
applied to enhance the quality and diversity of the dataset
before training the DenseNet-SEGR model. Preprocessing
involved resizing all tomato leaf images to 224x224 pixels
for standardization, normalizing pixel values to [0, 1], and
applying noise reduction if necessary. To improve model
generalization and reduce overfitting, data augmentation
techniques were used, including rotation (+25°), flipping,
zooming (up to 20 %), brightness adjustments, and translat
tion to simulate real-world variations. These steps ensured
a more balanced and diverse dataset, enabling the model to
learn robust disease features effectively. As shown in Fig. 1,
the processed dataset was then fed into the classification
pipeline, ultimately distinguishing between Healthy and Not
Healthy leaves with improved accuracy and reliability.

4. 3. Dataset

The dataset used in this research uses a secondary data-
set from PlantVillage. The tomato leaf dataset in this study
consists of 10.639 training samples, 1.607 validation samples
and 3211 samples. The dataset is evaluated using standard
deviation as a reference for dataset stability before model
testing. The dataset in this study uses 10 tomato leaf classes.
Dataset dataset can be accessed from website: https://www.
kaggle.com/datasets/emmarex/plantdisease.

The proposed classification framework is illustrated
in Fig. 1, which outlines the sequential steps from data pre-
processing to classification.

This flow illustrates the classification process using
the DenseNet-SEGR model. Starting with a dataset, it goes
through a preprocessing stage, which includes normalization
and image resizing to ensure the data is ready to use. After
preprocessing, the data undergoes augmentation, such as ro-
tation and flipping, to expand the dataset’s variation and im-
prove the model’s generalization ability. Next, the processed
data is fed to the DenseNet-SEGR model, modified with a
Squeeze-and-Excitation (SE) block to improve feature effi-
ciency. The model then predicts the image category through
a classification stage, dividing the results into Healthy and
Unhealthy classes. This flow is designed to accurately ana-
lyze the health of tomato leaf plants based on input images.

4. 4. Model architecture

The DenseNet-SEGR architecture model is a modi-
fication of DenseNet that integrates Squeeze-and-Exci-
tation (SE) blocks to improve feature relevance. The model
consists of 4 dense blocks with 58 convolutional layers,
each with a growth rate of 48. After each Dense Block,
there is a Transition Layer that uses batch normalization,
Rectified Linear Unit (ReLU) as the activation function,
and 1x1 convolution to reduce the number of dimensions
of the features. The initial block starts with a convolution
of 7x7 with a stride of 2, followed by batch normalization,
ReLU, and max pooling 3x3. Each convolution layer in the
Dense Block uses a 3x3 kernel with a stride of 1. The mod-
el ends with Global Average Pooling (GAP) to summarize
the spatial features in one dimension and a fully connected
layer to generate the final prediction based on the number
of classes. DenseNet-SEGR is very good at classifying im-
ages with many different features because it has both the
efficient DenseNet structure and the adaptive SE Block.

Squeeze-and-Excitation (SE) Block, where SE Block fil-
ters feature channel-wise with the formula:

a) squeeze (global average pooling) integral:
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where z. is the average intensity of pixels in the image, H and
W are the height and width of the image, respectively, and
x.(i, j) is the pixel value at coordinates (i, j);

b) excitation (fully connected layers):
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where s, is the result of the transformation, W; and W, are
weight matrices, z. is the input, ReLU is activation function,
and o is the sigmoid activation function;
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Squeeze-and-Excitation (SE) blocks are integrated into
the DenseNet-SEGR architecture by adding them after each
Dense Block to improve feature representation. SE Block
works through an adaptive attention mechanism to the fea-
ture channel. After the Dense Block generates features, the
SE Block summarizes the global information of the features
using the Global Average Pooling (GAP) operation. The glob-
al representation is then put through two fully connected
layers that use ReLU and Sigmoid activations to make atten-
tion weights that show how important each feature channel
is. These weights are used to recalibrate the feature channel
through element-by-element scaling operations. Integrating
SE Block in DenseNet-SEGR allows the model to amplify sig-
nificant feature channels and attenuate less relevant features,
thereby improving efficiency in understanding complex pat-
terns in the data and producing a more informative feature
representation for classification tasks.

4. 5. Training procedure

The training parameters used in the DenseNet-SEGR
model are designed to optimize the training process and
produce an accurate model. The number of epochs used
is 50, which provides sufficient training time for the model
to learn data patterns without overfitting. The batch size is
set at 16, balancing computational efficiency and stability
in weight updates during training. The initial learning rate
is set at 1x1074, which is chosen to ensure that the weight
update process is gradual and stable. Additionally, learn-
ing rate adjustments are carried out using schedulers such
as Cosine Annealing, which dynamically decreases the
learning rate value during training to improve model con-
vergence. These parameters are combined with the AdamW
optimizer, which has weight decay regulation capabilities,
to control model complexity better and prevent overfitting.
This combination of parameters is designed to ensure that
training runs efficiently and produces optimal classification
performance.

4. 6. Evaluation metrics

In evaluating the performance of the DenseNet-SEGR
model, main metrics such as accuracy, precision, recall, and
Fl-score are used. Accuracy measures the percentage of cor-
rect predictions over the total sample, providing an overview
of model performance. Precision assesses the model’s ability
to avoid false positives by calculating the ratio between true
positives and total positive predictions. Recall or sensitivity
measures the extent to which the model can detect all posi-
tive cases, while the F1-score, as the harmonic average of pre-
cision and recall, provides a balanced evaluation, especially
when the class distribution is uneven. Model evaluation is
done by dividing the dataset into training and validation sets.
Cross-validation can be applied to increase the reliability of
evaluation results by dividing the dataset into multiple folds
and training the model on different combinations of training
and validation sets. After training, the model is tested on the
validation set to calculate evaluation metrics. Additionally, if
the dataset is not large enough, data augmentation is applied
to increase the diversity and number of training samples,
thereby helping to reduce bias.

4. 7. Experimental setup

DenseNet-SEGR model training is carried out using hard-
ware in the form of a processor (CPU) for light computing
tasks and an NVIDIA GPU with CUDA support (such as the

Tesla T4 in Google Colab) to speed up training [26]. A mini-
mum of 12 GB RAM is used for batch processing of data, with
data and model storage in Google Drive. The main software
includes PyTorch for model development, CUDA for GPU
acceleration, and supporting libraries such as torch-vision
for data preprocessing, scikit-learn for metric evaluation,
and matplotlib for visualization. Cloud-based development
environment using Google Colab with Python 3.8+wa is used
to leverage data transformations such as resizing, augmen-
tation, and normalization to improve the quality of training
data. This combination of hardware and software ensures
that model training runs efficiently and produces optimal
performance.

4. 8. Comparison with existing models

Standard DenseNet without Squeeze-and-Excitation (SE)
block integration is used as a comparison model. Standard
DenseNet is an architecture that connects each layer in a
Dense Block directly to all subsequent layers via concat-
enation, enabling feature reuse and parameter efficiency.
This model has a Dense Block, Transition Layer, Global
Average Pooling, and Fully Connected Layer structure, with
the same kernel, stride, and growth rate configurations as
DenseNet-SEGR. However, the absence of SE blocks means
that standard DenseNet does not have an adaptive attention
mechanism for feature channels and that all channels are
processed with the same weight without considering the rel-
evance of features to the classification target. It impacts the
model’s performance in recognizing complex patterns, espe-
cially in datasets focusing on specific details, such as disease
symptoms on tomato leaves. This study compares standard
DenseNet and DenseNet-SEGR to show how adding SE
blocks to the model makes it better at representing features in
a more relevant way, expressed by higher accuracy, precision,
recall, and F1-score.

Performance analysis was performed by comparing key
evaluation metrics, such as accuracy, precision, recall, and
F1-score, between DenseNet-SEGR and standard DenseNet
using the same dataset to ensure a fair comparison. The re-
sults are analyzed through classification reports, confusion
matrices, and learning curves to check training stability and
model generalization.

5. Results of the DenseNet-SEGR model

5.1. Data preprocessing and augmentation data

Fig. 2 shows the validation accuracy comparison between
models trained without and with augmentation and prepro-
cessing for 50 epochs.

Based on the performance comparison graph of the
model with and without augmentation and pre-processing,
it can be seen that the augmented approach yields bet-
ter performance overall. The model using augmentation
(marked in blue) shows a consistent increase in validation
accuracy from the beginning of training and peaks at
99.25 % around the 38" epoch. This accuracy then stabi-
lized until the end of training, indicating that the model
was able to learn well and maintain its performance. In
contrast, the model without augmentation (in orange)
shows considerable accuracy fluctuations at the beginning
of training and only starts to stabilize after mid-epoch,
with the highest accuracy of 98.63 %, which is slightly
lower than the model with augmentation.
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Fig. 2. Comparison: with vs without augmentation & preprocessing

Table 1 shows that the model without pre-processing and
augmentation actually shows slightly superior performance
compared to the model that uses both.

Table 1
Comparison: with augmentation & preprocessing
Model variant | Accuracy | Precision| Recall | F1-Score | Val Loss
With
preprocessing+ | 98.22% | 98.25% [98.22 %| 98.22 % | 0.5602
+augmentation
Without prepro-
cessing+ 98.51% | 98.53 % |98.22 %| 98.40 % | 0.5449
+augmentation

Although the model without preprocessing and augmen-
tation achieved a slightly higher final accuracy (98.51 %)
compared to the model with augmentation and preprocess-
ing (98.22 %), the stability and generalization capability of
a model are more critical than a single accuracy metric. As
illustrated in the previous graph, the model without aug-
mentation exhibited significant fluctuations in accuracy
and loss during the early training stages, indicating insta-
bility and a higher risk of overfitting to the training data. In
contrast, the model with augmentation and preprocessing
demonstrated a more stable and consistent training trend,
with progressively increasing accuracy and better-con-
trolled loss values. Augmentation helps expand the diversity
of training data artificially, while preprocessing enhances
important features and reduces noise, thereby improving
the model’s ability to generalize to real-world, unseen data.
Moreover, the 0.29 % difference in accuracy is practically
negligible and not statistically significant, making the mod-
el with augmentation and preprocessing a more reliable and
robust choice overall.

These experimental findings clearly demonstrate the
effectiveness of data preprocessing and augmentation in im-
proving model generalization and training stability. Despite
a slightly lower final accuracy in one case, the model with

preprocessing and augmentation exhibits more consistent
performance across epochs.

5.2. Modification of the Densenet architecture

DenseNet’s growth rate determines the number of new
features added at each layer, controlling the density of con-
nections between layers. An optimal growth rate for toma-
to leaf image classification ensures efficient extraction of
disease-related features, such as color and texture changes,
without excessively increasing model complexity:

F =F

output input

+L-k+a-L, 4

where F,; is the output feature, Fy, is the input feature, L is
the number of layers, k is the growth rate, and « is the addit
tional influence coefficient.

A network structure consisting of four dense blocks with
a growth rate of 48 and three transition layers is designed to
reduce the dimensionality of the features. The network starts
with an initial convolutional layer of size 7X7 with stride 2,
followed by a batch normalization process (BatchNorm) and
ReLU activation function. Each dense block has an increas-
ing number of layers, namely 6, 12, 24, and 16, which enables
learning of complex features. Batch normalization, ReLU,
and convolution form a transition layer that reduces the fea-
ture size by a ratio of 50 %. After the last block, the network
uses global average pooling to reduce the spatial dimension
to 1x1 before entering the fully connected layer for class
number prediction.

Table 2 shows the performance comparison between
DenseNet-201, DenseNet-121, and DenseNet-SEGR on the
tomato leaf disease classification task shown in Table 1. The
evaluation is based on the main metrics, namely Accuracy,
Precision, Recall, and F1-Score, considering the different
Growth Rates and Squeeze-and-Excitation (SE) Block inte-
gration.

Results show that DenseNet-SEGR with a Growth Rate
of 48 outperforms the other models, achieving the highest
accuracy of 98.22 %. This indicates that modifying the archim



tecture through increasing the growth rate and adding SE
blocks increases the efficiency of feature extraction, making
the model more effective in recognizing disease patterns in
tomato leaves.

Table 2
Comparison of model performance based on growth rate
and SE block
Model Growth Rate Accuracy
Densenet 201 32 0.6763
Densenet 121 32 0.9623
DenseNet-SEGR 48 0.9822

5. 3. Integration of SE blocks in DenseNet architecture

The addition of Squeeze-and-Excitation (SE) Blocks
to DenseNet-SEGR is performed after each Dense Block
to strengthen the relevant features in tomato leaf disease
classification. SE Blocks work through three main stages:
Squeeze, which summarizes feature information using
Global Average Pooling (GAP); Excitation, which recali-
brates feature importance through Fully Connected Layers
with ReLU and Sigmoid activations; and Reweighting,
which reapplies optimal weights to initial features to in-
crease focus on key disease characteristics. The integration
of SE Blocks was shown to increase accuracy, precision,
recall, and Fl-score, improve model generalization, and
optimize feature processing making it more effective in
detecting tomato leaf disease patterns.

SE Blocks improve feature selectivity by adjusting the
weight of each channel using Global Average Pooling (GAP)
to summarize global information, and then passing it to Fully
Connected Layers with Sigmoid activation. This process al-
lows the model to amplify more relevant features and damp-
en less informative features, thus improving the accuracy of
tomato leaf disease classification.

Model performance evaluation was conducted using the
key metrics of Accuracy, Precision, Recall, and F1-Score to
measure the effectiveness of DenseNet-SEGR in tomato
leaf disease classification. The model was tested on the
PlantVillage dataset, which consists of 10 disease classes,
and compared with DenseNet-121, DenseNet-201, and
MobileNetV2.

Accuracy Measures the percentage of correct predictions
of tomato leaf disease classification results from all data.
Accuracy provides an idea of how well the DenseNet-SEGR
model performs overall:
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Accuracy =

where T (true positive) is the number of correct predictions
for the positive class, Ty (true negative) is the number of
correct predictions for the negative class, Fp (false positive) is
the number of false predictions for the positive class, Fy (false
negative) is the number of false predictions for the negative
class.

Precision shows how many positive predictions are
correct from the total positive predictions, measuring the
DenseNet-SEGR model’s ability to avoid false positives:

Precision=—-2
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where Tp (true positive) is the number of correct predictions
for the positive class, Fp (false positive) is the number of false
predictions for the positive class.

Recall measures how many positive cases the model
detected from the total number of positive cases. A recall
is important to ensure the model can detect all diseased
tomato leaf plants so that no crucial cases are missed (false
negatives):
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where Tp (True Positive) is the number of correct predictions
for the positive class, Fy (False Negative) is the number of
false predictions for the positive class.

F1-score is used to ensure that the DenseNet-SEGR model
has a good balance between the ability to detect positive cases
(recall) and avoid false positives (precision):

2xRecall x Precision ®)
Recall+Precision

F1_Score =

where Recall measures how well the model captures all pos-
itive samples, Precision measures how accurate the positive
predictions made by the model are.

Fig. 3 presents the classification report for the model’s
performance in detecting various tomato leaf diseases. The
evaluation metrics include precision, recall, and F1-score for
each class, along with overall accuracy.

Fig. 4 illustrates the training and validation loss over 50
epochs. The plot demonstrates the convergence of the model,
showing a steady decline in both losses, which indicates ef-
fective learning and minimal overfitting.

The graph above shows the decreasing loss trend during the
training and validation of the DenseNet-SEGR model. Training
and validation loss dropped significantly in the first few epochs,
indicating that the model quickly learned from the data. Around
the 20" epoch, both losses level off at low levels, with only a tiny
difference between the training and validation losses. It shows
that the model doesn't overfit and works well in real life. This
consistent reduction in loss shows that the training process has
succeeded in improving model performance efficiently.

Fig. 5 presents the training and validation accuracy over
50 epochs. The graph indicates a steady increase in accura-
cy, with both training and validation accuracy converging
towards a high-performance level, suggesting effective learn-
ing with minimal overfitting.

The graph above shows the increasing training and
validation accuracy trend in the DenseNet-SEGR model
over 50 epochs. Accuracy increases rapidly in the first few
epochs and becomes more stable after around the 20" epoch.
Training accuracy reached almost 100 %, while validation
accuracy remained stable above 95 % with slight fluctuation,
indicating the model’s good generalization ability. This per-
formance reflects that the model can learn effectively with-
out experiencing significant overfitting.

The Confusion Matrix displayed results from evaluating
the DenseNet-SEGR model with Squeeze-and-Excitation (SE)
Blocks in classifying tomato leaf diseases.

Fig. 6 presents the confusion matrix for the classification
model, illustrating the performance across different tomato leaf
disease categories. The matrix shows the number of correctly
and incorrectly classified instances, providing insight into the
model’s strengths and areas for potential improvement.
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Fig. 6. Confusion matrix

This confusion matrix shows that the model has high
accuracy in classifying tomato leaf diseases, with only a few
minor errors in differentiating between Early Blight and Sep-
toria Leaf Spot, as well as Late Blight and Early Blight.

Based on Table 3, which presents the comparison between
the various models in terms of accuracy, precision, recall, and
F1 score, it can be concluded that the DenseNet-SEGR model
has the best performance in all evaluation metrics.

Table 3
Comparison of accuracy, precision, recall and F1-score
Model Accuracy | Precision Recall F1 Score
Densenet 201 0.6763 0.4943 0.4985 0.4935
Densenet 121 0.9623 0.8689 0.8690 0.8688
MobileNetV2 0.9289 0.9295 0.9289 0.9287
DenseNet-SEGR 0.9822 0.9825 0.9822 0.9822

This comparison confirms the effectiveness of the
DenseNet-SEGR model for improving classification accuracy
compared to other models.

It is possible to see how well the DenseNet-SEGR,
DenseNet201, and DenseNetl21 models did at validating
50 times in the graph above. The DenseNet-SEGR model
(blue line) achieves the highest validation accuracy, close to
100 %, and maintains good stability after about 20 epochs,
showing superior performance in classification. DenseN-

et121 (green line) shows a consistent but steady increase in
accuracy at a lower rate than DenseNet-SEGR, with a final
accuracy of around 80 %. In contrast, DenseNet201 (orange
line) performs the lowest, with validation accuracy stagnat-
ing at around 60 % after 20 epochs.

Based on Fig. 7 the graph shown, it can be seen the
comparison of validation accuracy of the four models tested,
namely DenseNet-SEGR, DenseNet-121, DenseNet-201, and
MobileNetV2 for 50 epochs.

Fig. 7 illustrates the comparison of validation accuracy
across different deep learning models: DenseNet-SEGR,
DenseNet-121, DenseNet-201, and MobileNetV2 over 50 ep-
ochs. DenseNet-SEGR achieves the highest validation accu-
racy, stabilizing around 98-100 %, demonstrating the effec-
tiveness of Squeeze-and-Excitation (SE) Blocks in enhancing
feature selection and generalization. DenseNet-121 also per-
forms well, reaching approximately 90-95 %, though it falls
short of DenseNet-SEGR. In contrast, DenseNet-201 strug-
gles to attain high accuracy, plateauing at 60-65 %, likely
due to optimization challenges from its deeper architecture.
MobileNetV2, while computationally efficient, exhibits the
lowest validation accuracy at around 75-80 %, indicating
its limitations in feature extraction compared to DenseNet
models. Overall, these results confirm that DenseNet-SEGR
is the optimal choice for plant disease classification, offering
a balance of high accuracy and efficiency, making it highly
suitable for AI-driven agricultural applications.
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6. Discussion of results based on squeeze and excitation

The results of this study demonstrate that integrating the
Squeeze-and-Excitation (SE) Block into the DenseNet-SEGR
architecture significantly improves classification perfor-
mance for tomato leaf diseases. Compared to conventional
DenseNet models, the proposed architecture achieves superi-
or accuracy (98.22 %), outperforming DenseNet-121 (96.23 %)
and DenseNet-201 (67.63 %). These improvements are at-
tributed to the enhanced feature selection capability of SE
Blocks, which dynamically recalibrate feature importance
across channels.

Unlike previous works such as [10], where DenseNet-201
with transfer learning was used for tomato classification but
exhibited lower accuracy due to its inability to emphasize
critical disease-related features, our proposed method ef-
fectively enhances feature selectivity. The integration of SE
Blocks ensures that features such as color, texture, and dis-
ease-specific patterns receive higher importance, leading to
better classification outcomes.

In contrast to [5], where SE Blocks were utilized in a hier-
archical neural network for EEG classification, this research
applies SE Blocks specifically to tomato leaf disease detec-
tion, demonstrating its adaptability to agricultural datasets.
Additionally, while [19] explored SE Networks in histopatho-
logical image classification, our work extends SE integration
to plant disease classification, addressing domain-specific
challenges such as variations in lighting, leaf positioning, and
disease symptom similarity.

The proposed DenseNet-SEGR model enhances classifica-
tion performance through three key improvements: (1) Opti-
mized Growth Rate (48), which improves feature propagation
and representation compared to conventional DenseNet archi-
tectures; (2) Adaptive Feature Reweighting with SE Blocks, en-
abling dynamic feature selection through Global Average Pool-
ing (GAP) and fully connected layers with ReLU and Sigmoid
activation to emphasize disease-specific patterns; and (3) Robust
Generalization via Data Augmentation, incorporating rotation,
flipping, zooming, and brightness adjustments to mitigate over-
fitting and improve adaptability to diverse dataset variations.

This study effectively addresses the main limitations
by (1) Addressing database imbalance through extensive
data augmentation, improving generalization; (2) Improv-
ing computational efficiency, as DenseNet-SEGR remains
optimized and reduces computational overload compared to
deeper architectures such as DenseNet-201; and (3) Improv-
ing feature extraction, where SE Block increases sensitivity
to disease-relevant features, enabling better classification for
visually similar diseases [10, 23].

Asshownin Table 1 and Fig. 2, the model with preprocess-
ing and augmentation achieved an accuracy of 98.22 %, while
the model without these enhancements reached 98.51 %. Al-
though the raw accuracy and validation loss (0.5449) appear
slightly better in the model without augmentation, the model
with preprocessing and augmentation showed more stable
validation performance across epochs, indicating better gen-
eralization capability in varied data conditions.

As shown in Table 2 and Fig. 7, the proposed DenseN-
et-SEGR model achieved a classification accuracy
0f 98.22 %, outperforming DenseNet-121 (96.23 %) and
DenseNet-201 (67.63 %). This improvement can be attributed
to more effective feature reuse and propagation enabled by the
higher growth rate, which allows the network to capture more
detailed information without excessive model complexity.

The results in Table 3 and Fig. 3 indicate that the proposed
DenseNet-SEGR model achieved the highest performance
across all key metrics-precision (98.25 %), recall (98.22 %),
and F1-score (98.22 %) compared to baseline models. The
SE blocks contributed to this improvement by recalibrating
channel-wise feature importance, enabling the model to fo-
cus more effectively on regions of the leaf affected by disease.

In summary, the discussion confirms that each com-
ponent of the proposed DenseNet-SEGR model-namely
preprocessing and augmentation, architectural modifica-
tion through increased growth rate, and integration of SE
blocks-contributes to improved model performance, stability,
and generalization. These outcomes support the overall goal
of building an accurate and practical tomato leaf disease
classification system suitable for deployment in real-world
agricultural environments.



Despite its strengths, this research has several lim-
itations, including dependence on datasets, high compu-
tational requirements, and lack of real-world testing on
agricultural devices. Future improvements could focus
on (1) model optimization to reduce complexity without
sacrificing accuracy, (2) domain adaptation for better gener-
alization under real-world conditions, (3) integration of edge
computing for real-time disease detection via mobile devic-
es or drones, and (4) hybrid approaches, such as combining
DenseNet-SEGR with transformer models to improve fea-
ture extraction.

The integration of Squeeze-and-Excitation Blocks into
the DenseNet-SEGR architecture has proven to be highly
effective for plant disease classification. The improvements
in feature selection, growth rate optimization, and data aug-
mentation techniques contribute to superior accuracy and
robustness. Future research directions should focus on re-
al-world deployment, model compression, and cross-domain
adaptation to maximize the practical impact of this approach
in precision agriculture.

7. Conclusions

1. The model with preprocessing and augmentation
achieved an accuracy of 98.22 %, slightly lower than the
98.51 % of the model without these steps. However, the augt
mented model demonstrated more stable validation trends
and better generalization across epochs.

2. Modifying the DenseNet architecture by increasing the
growth rate to 48 has proven effective in enhancing the mod-
el’s ability to propagate and diversify features across layers,
which in turn leads to improved classification performance.
The proposed DenseNet-SEGR model achieved an accuracy
of 98.22 %, surpassing DenseNet-121 (96.23 %) and DenseNs
et-201 (67.63 %). This performance gain can be attributed
to the richer feature representations made possible by the
increased growth rate, allowing the network to capture more
detailed and discriminative patterns without significantly
increasing computational complexity. Compared to conven-
tional DenseNet variants, this architectural modification
addresses key limitations, such as feature redundancy and
insufficient deep feature learning.

3. The integration of Squeeze-and-Excitation (SE) blocks
after each Dense Block has proven effective in enhancing the
model’s sensitivity to disease-relevant features by adaptively
recalibrating the importance of each feature channel. As
shown in Fig. 3 and Table 3, the SE-enhanced model out-
performed baseline architectures—namely DenseNet-121,
DenseNet-201, and MobileNetV2 - by achieving a precision
0f 98.25 %, a recall of 98.22 %, and an F1-score of 98.22 %.
These improvements are primarily attributed to the SE
blocks’ capability to emphasize features associated with dis-
ease symptoms while suppressing irrelevant or redundant in-
formation. In contrast to conventional models that process all
feature channels uniformly, the SE mechanism enables the
network to focus on the most informative patterns, thereby
improving classification accuracy. This result highlights the
advantage of incorporating SE blocks into the architecture,
particularly in enhancing attention to critical features for
more reliable disease classification.
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