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omato plants are highly susceptible to a wide range of bacterial, viral, and fungal diseases

that significantly affect crop yield and agricultural productivity, making rapid and

accurate identification essential for effective crop management and early intervention.
This paper presents Fusion-TLNet, a hybrid deep learning framework that integrates multiple
transfer learning models using a feature-level fusion strategy for robust tomato leaf disease
classification. The proposed architecture combines three pretrained convolutional neural
networks: EfficientNetB0, MobileNetV3-Small, and DenseNet121 to capture complementary
hierarchical representations of texture, shape, and color features from tomato leaf images.
Experimental results on the PlantVillage dataset demonstrate that Fusion-TLNet achieves an
accuracy of 99.34%, precision of 99.28%, recall of 99.22%, and Fl-score of 99.25%,
outperforming individual backbone models by up to 1.23% in accuracy. In addition, the model
maintains a low prediction latency of 9.7 ms per image, making it suitable for real-time
deployment in resource-constrained agricultural environments. The proposed model provides
an interpretable, efficient, and scalable solution for intelligent plant disease diagnosis,
supporting the advancement of data-driven precision agriculture.
Keywords: Tomato Leaf Disease Detection, Deep Learning, Transfer Learning, CNN Fusion,
Efficient Net, Mobile Net, Dense Net, Feature-Level Fusion, Precision Agriculture,
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Introduction:

Tomato (Solanum lycopersicum) is one of the most economically important vegetable
crops worldwide, contributing significantly to the global food supply and agricultural economies.
However, tomato plants are highly susceptible to a wide range of bacterial, viral, and fungal
diseases that can severely reduce crop yield and quality [1][2]. Early and accurate disease
detection is therefore essential for effective crop management and minimizing economic
losses. Traditional manual inspection by agricultural experts is often time-consuming,
subjective, and impractical for large-scale monitoring. Recent advances in artificial intelligence
(AI), computer vision, and deep learning have enabled automated plant disease detection
systems capable of analyzing leaf images with high accuracy and efficiency [3][4], making these
systems promising tools for precision agriculture.

Several studies have explored deep learning techniques for tomato leaf disease
detection. [5] Proposed a transfer learning—based CNN for identifying multiple tomato
diseases from leaf images. [6] Introduced the ToLeD model, which achieved an average
accuracy of 91.2% across nine disease classes and one healthy class. [7] Developed a hybrid
framework combining pretrained CNN feature extraction with machine learning classifiers,
achieving accuracies above 99%. Similarly, [8] integrated convolutional attention modules with
an SVM classifier to improve computational efficiency for mobile deployment. These studies
demonstrate the effectiveness of deep learning and transfer learning for automated plant
disease diagnosis.

Despite these advances, several challenges remain in existing approaches. Many
models rely heavily on controlled datasets and may not perform well under real-world
conditions involving varying illumination, occlusions, and complex backgrounds. Additionally,
high-performing deep learning models often require significant computational resources,
limiting their deployment on low-power agricultural devices. Another limitation is the lack of
interpretability in many systems, which reduces user trust and practical adoption in farming
environments. These challenges highlight the need for a lightweight, robust, and interpretable
solution that can achieve high accuracy while maintaining real-time performance and
deployment feasibility.

Research Obijectives:

The primary objective of this study is to develop an accurate, efficient, and
interpretable deep learning framework for automated tomato leaf disease classification. The
specific objectives of this research are as follows:

To design a hybrid transfer learning architecture that integrates multiple CNN
backbones (EfficientNetB0, MobileNetV3-Small, and DenseNet121) for enhanced feature
representation.

To improve classification accuracy by leveraging feature-level fusion of
complementary deep features extracted from different pretrained models.

To reduce computational complexity and ensure suitability for real-time deployment
on resource-constrained devices such as mobile and edge-based agricultural systems.

To evaluate the robustness and generalization capability of the proposed model under
varying environmental conditions.
Novelty of the Study:

The proposed study introduces several key contributions that distinguish it from
existing tomato leaf disease classification approaches:

A hybrid multi-backbone fusion framework (Fusion-TLNet) that integrates
EfficientNetBO, MobileNetV3-Small, and DenseNetl21 at the feature level to exploit
complementary representations.
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Unlike traditional ensemble methods, the proposed approach performs compact feature-
level fusion instead of decision-level aggregation, resulting in improved accuracy with reduced
computational overhead.

The model is specifically designed to achieve a balance between high accuracy and low
inference latency, making it suitable for real-time deployment on edge devices such as
smartphones and IoT-based agricultural systems.

Integration of Grad-CAM-based interpretability to enhance transparency and trust by
highlighting disease-relevant regions in leaf images.

A comprehensive evaluation including performance comparison, ablation analysis,
efficiency analysis, and robustness testing, demonstrating the effectiveness and reliability
of the proposed framework.

Related Work:

Tomato leaf disease detection has gained significant attention in precision agriculture
due to its importance for improving crop productivity and sustainability. Over time, research
has evolved from handcrafted feature extraction methods toward deep learning and
explainable AT (XAI) frameworks that provide higher accuracy and improved interpretability, as
summarized in Table 1.

Early studies primarily relied on handcrafted image features. [1] Employed a hybrid
pipeline using discrete wavelet transform (DWT), gray-level co-occurrence matrix (GLCM),
and principal component analysis (PCA), achieving 99.97% accuracy but with high
computational complexity. With the emergence of deep learning, convolutional neural
networks (CNNs) became dominant. [9] Trained a CNN on tomato leaf images covering nine
diseases and achieved 98.49% accuracy. Similarly, transfer learning approaches using
architectures such as VGG16 and ResNet have been explored by [10] and [11], demonstrating
improved classification performance by leveraging pretrained visual representations.

Recent research has focused on lightweight and efficient architectures suitable for real-world
deployment. [12] Proposed a MobileNetV2-based model achieving 99.30% accuracy with a
compact model size, making it suitable for resource-constrained devices. [13] Introduced DGP-
SNNet, which integrates grouped attention and neuron selectivity transfer to improve
efficiency while maintaining high accuracy. [14] proposed XLTLDisNet for lightweight disease
detection, while [2] presented an SDG-driven CNN framework aligning agricultural AI with
sustainability objectives.

Interpretability has also become an important aspect of modern agricultural Al
systems. [4] Introduced XSE-TomatoNet, an EfficientNetB0-based architecture integrating
squeeze-and-excitation modules with explainability tools such as LIME, SHAP, and Grad-
CAM++. Similarly, [15] combined CNN feature extraction with SVM classification to enhance
interpretability while maintaining competitive accuracy.

More recently, transformer-based and hybrid architectures have been explored for
improved feature representation and classification performance. [3] Applied Vision
Transformers (ViT) to tomato disease detection, achieving strong performance on both
controlled and field datasets. [16] Further extended this approach by integrating transformer
architectures with contextual reasoning. In addition, [17] introduced an attention-based T-
LSTM framework that achieved near-perfect classification accuracy.

Furthermore, recent advancements highlight the effectiveness of hybrid deep learning
models that combine convolutional neural networks with transformer-based architectures to
capture both local and global features. For instance, [18] proposed the X-VITCNN
framework, which integrates DenseNet201 and MobileNetV2 with a customized Vision
Transformer for multi-stage Alzheimer’s disease prediction. The model effectively fuses local
structural features with global contextual representations, resulting in improved classification
accuracy and robustness. Additionally, Grad-CAM-based visualization was employed to
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enhance interpretability and provide insights into the model’s decision-making process. This
demonstrates the growing importance of hybrid and explainable architectures, which can be
effectively extended to agricultural disease detection tasks. Real-time detection systems have
also been proposed for practical agricultural deployment. [19] Developed LT-YOLOv10n, a
lightweight detector capable of real-time inference on embedded hardware. Similarly, [20]
proposed CONF-RCNN for field-based disease detection, while [21] introduced E-Tomato
Det using CSW within a Transformer architecture for enhanced global-local feature perception.

Despite these advances, several challenges remain. Many models rely on controlled
datasets and may struggle under real-world environmental variations such as illumination
changes, occlusion, and complex backgrounds. Additionally, balancing model accuracy with
computational efficiency remains critical for deployment on resource-constrained agricultural
devices. These limitations motivate the development of lightweight and robust deep learning
frameworks capable of maintaining high performance while supporting real-world agricultural
applications.

Methodology:

This section describes the architecture, training process, and evaluation pipeline of the
proposed Fusion-TLNet model, an optimized transfer learning and feature fusion framework designed
for accurate and computationally efficient tomato leaf disease classification. The proposed
approach leverages the representational diversity of multiple pre-trained convolutional neural
networks (CNNs) to achieve robust performance across heterogeneous imaging conditions.
Overview of the Proposed Framework:

The complete workflow of the proposed system is illustrated in Figure 1 (conceptually

consisting of four sequential stages): (1) image acquisition and preprocessing, (2) deep feature
extraction through transfer learning backbones, (3) multi-stream feature fusion and
dimensionality reduction, and (4) classification through a lightweight dense head.
The proposed framework aims to address three major challenges observed in traditional deep
learning models for plant disease classification: (i) overfitting on small datasets, (if) limited
generalization under varying illumination and occlusion, and (iii) lack of computational
scalability on 10W—end agricultural devices.
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Figure 1. Proposed framework architecture of Fusion-TLNet.
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Table 1. Comparative summary of recent tomato leaf disease detection models (reversed
order: latest to earliest).

Study Model Dataset AccuracyKey Features Explainability
/Technique (%) / Deployment
Chelladurai et T-LSTM + PlantVillage 99.98 | Sequential  learning, Highest
al. (2025) Attention + U- attention reported
Net accuracy
Abebe et al|SDG-driven CNN| Mixed (local 99.8 Custom  CNN  + Sustainability
(2025) +public) VGG16 hybrid oriented
Bellout et  al| LT-YOLOv10n | Field dataset 98.7 | IoT-enabled detection| Real-time
(2025) (CBAM + C3f) (mAPs) mobile
deployment
Karimanzira | ViT-CGA + LLM | Custom dataset |96.5 | Attention + reasoning Contextual
(2025) explanati
ons
Sun et al|E-TomatoDet Two datasets 97.2 Global-local fusion | YOLO-scale
(2025) (CSWinT + (mAPsg) speed
CMKM + LFEP)
Yadav & CONF-RCNN | FieldPlant dataset| 90 Two-stage Real-field
Tewari (2025) | (FR-CNN + background removal robustne
Conformer) sS
Shehu et al.|ViT-Base /| PlantVillage 99.17 /Transformer encoder|Robust to field
(2025) ViTSmall +TomatoEbola |92.73 | cross-domain variation
(Transfer
Learning)
Jian et al| DGP-SNNet Custom dataset | 99.55 | Grouped  attention, Lightweight,
(2025) neuron selectivity compressed
Assaduzzaman XSE-TomatoNet | PlantVillage 99.41 |Multi-scale fusion,SE[LIME, SHAP,
etal. (2025) | (EfficientNetB0 + blocks Grad-CAM++
SE Blocks)
Das et al, XLTLDisNet PlantVillage 97.24 | Lightweight CNN LIME & Grad-
(2025) CAM
Sharma et al| ResNet50 + Kaggle (11K 99.91 | Ensemble CNN, High precision
(2025) MobileNetV2 images) feature fusion & recall
(Ensemble)
Imtiaz et al|Dataset only — — 731 images (6 classes) | Public
(2025) benchmark
dataset
Hoque et al DWT + GLCM + 9014 images 99.97 | Hybrid feature fusion | Conventional
(2025) PCA + ANN ML pipeline
Suleiman etal.| CNN + SVM PlantVillage = +98.2 | Texture +  shapelow-cost
(2025) Hybrid Labeled_F descriptors solution
catures
Yaji et al[VGG16 Transfer PlantVillage 90-91 |Pre-trained CNN | Minimal
(2025) Learning finetuned training time
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Kalaivani et al.| ResNet Tomato& Potato| 94 CNN Vs SVM Real-time

(2025) leaves comparison potential

Ahmed et alMobileNetV2  + PlantVillage 99.30 | Lightweight TL Compact,

(2022) Classifier Network model, runtime deployable (9.6
augmentation MB)

Trivedi et al|CNN model forCustom (3000 |98.49 |Preprocessing, High

(2021) early detection  images) segmentation, performance
color/texture analysis | CNN

Stage 1: Image Preprocessing and Augmentation:

Tomato leaf images from the dataset are first resized to 224 X 224 pixels to maintain
compatibility with all pre-trained CNN backbones. Each image is normalized to the [0, 1]
range to stabilize gradient updates and accelerate convergence. To improve generalization and
combat dataset imbalance, a series of online augmentation techniques are applied:

Rotation: Random rotation within £20" to simulate varying leaf orientations.

Flipping: Horizontal and vertical flips to handle arbitrary leaf placement.

Brightness and Contrast Adjustment: Random scaling within (0.8, 1.2) range to mimic
lighting variations in field conditions.

Zoom and Translation: Zoom-in and translation augmentations up to 10% to ensure
robustness to cropping and framing inconsistencies.

The augmented data substantially improves intra-class variance, helping the network
learn discriminative yet invariant features under natural background and illumination shifts.
Stage 2: Transfer Learning-Based Feature Extraction:

In this stage, the proposed architecture utilizes three complementary pre-trained CNN
backbones EfficientNetB0O, MobileNetV3-Small, and DenseNet121. These networks have
been chosen due to their distinct architectural characteristics and proven efficiency across
diverse visual domains:

EfficientNetB0 employs compound scaling, balancing network depth, width, and input
resolution, ensuring high accuracy with minimal computational overhead.
MobileNetV3-Small integrates depthwise separable convolutions and squeeze-and-
excitation (SE) blocks, making it ideal for resource-constrained deployment on mobile or IoT-
based devices.

DenseNet121 introduces dense connectivity patterns that enable feature reuse across layers,
improving gradient flow and capturing fine-grained textures critical for identifying subtle
disease symptoms.

Each CNN backbone is initialized with ImageNet weights to exploit prior knowledge
of low-level features such as edges, textures, and color gradients. The final fully connected
layers of each backbone are removed, and their convolutional bases are frozen during initial
training epochs to retain generalized feature representations.

Given an input image I, the networks extract deep feature maps frsmo, fyiobv 3, a0d foense,
mathematically represented as:

fi= @y(L;0), i € {EffBO,MobV3,Dense} (1)

Where I represents the input image, ®@i(*) denotes the feature extraction function of
the i-th pretrained CNN backbone, and 0; represents the pretrained weights of that model.
Stage 3: Multi-Stream Feature Fusion and Reduction:

To exploit the complementary nature of the extracted representations, a feature-level
fusion mechanism is applied. The output feature maps from the three backbones are flattened
and concatenated along the channel dimension:

F = Concat(fEffB0,fMobV 3,fDense) 2

Special Issue Page | 613




International Journal of Innovations in Science & Technology

Where Concat denotes concatenation along the channel dimension and F represents
the fused feature vector. This combined representation captures hierarchical information from
multiple CNN perspectives: EfficientNet contributes structural patterns, MobileNet provides
lightweight local descriptors, and DenseNet enhances finegrained inter-class separability.

A Global Average Pooling (GAP) layer is applied to reduce the fused feature map
to a one-dimensional latent vector z € R'. This process eliminates redundant spatial
information while retaining discriminative global cues. To prevent overfitting, a Dropout
layer with probability p = 0.4 is applied before feeding z into the dense classification head.
Stage 4: Classification Head:

The classification head is a lightweight dense neural block designed to transform the
fused latent representation z into probability scores for the disease classes. It comprises two
fully connected (FC) layers with ReLLU activation and batch normalization:

hi =0 (Wiz + by), (3) y* = Softmax (W:h; + by) (4

Where z is the fused feature vector, Wiand Ware learnable weight matrices, b1 and b
are bias terms, o (*) denotes the RelLU activation function, and y" represents the predicted
class probability distribution.

Stage 5: Training Configuration:

The model is trained end-to-end using the Adam optimizer with an initial learning rate

of 1 X 107, batch size of 32, and categorical cross-entropy loss function:
N/ L = —Yyilog ("y)/ i=1 (5)

Where N denotes the total number of classes, yirepresents the ground truth label in
one-hot encoded form, and y"idenotes the predicted probability for the ith class.
Stage 6: Inference and Evaluation:

During inference, a single forward pass generates class probabilities, and the class with
the maximum score is selected as the final output. The performance of the proposed
framework is evaluated using standard metrics, including accuracy, precision, recall, F1-score,
and area under the curve (AUC). Additionally, model efficiency is assessed through training
time per epoch (T'T) and prediction time per image (PT).

Advantages of Fusion-TLNet:

Unlike conventional single-backbone transfer learning models, the proposed fusion
approach enables diverse feature complementarity, improving both classification reliability
and generalization to unseen environments. The combined architecture:

Achieves high discriminative capability with low parameter overhead.
Mitigates overfitting by leveraging heterogeneous pre-trained representations.
Maintains deployability on resource-limited devices (e.g., Jetson Nano, smartphones).

Consequently, Fusion-TLNet provides an interpretable, lightweight, and high-
performing solution for intelligent tomato leaf disease detection in real-world agricultural
applications.

Results:
Experimental Setup:

The experiments in this study were conducted using the publicly available PlantVillage
Tomato Leaf Dataset introduced by [22]. The dataset contains high-resolution images of
tomato leaves across ten categories, including nine diseased classes (Bacterial Spot, Early
Blight, Late Blight, Leaf Mold, Septoria Leaf Spot, Two-Spotted Spider Mite, Target Spot,
Tomato Mosaic Virus, and Tomato Yellow Leaf Cutl Virus) and one healthy class. A total of
18,160 images were used, divided into 70% for training, 15% for validation, and 15% for
testing, ensuring balanced representation across all classes. All images were resized to 224 X224
pixels to match the input size of the pretrained backbones (EfficientNetB0, MobileNetV3-
Small, and DenseNet121). To enhance generalization and reduce overfitting, several data
augmentation techniques were applied, including random rotation (£20°), horizontal and
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vertical flipping, brightness and contrast scaling (0.8—1.2), and random zooming. The model
was implemented in Python 3.11 using PyTorch 2.1 with CUDA 12.1 and trained on a
workstation equipped with an NVIDIA GeForce RTX 4090 GPU (24 GB VRAM), Intel Core
19-14900HX CPU, and 64 GB DDR5 RAM. Training was performed for 50 epochs using a
batch size of 32 and the Adam optimizer with an initial learning rate of 1 X 107, while a
ReduceLROnPlateau scheduler dynamically reduced the learning rate by a factor of 0.5 upon
validation loss stagnation. Early stopping was used to prevent overfitting. Model performance
was evaluated using standard metrics including accuracy, precision, recall, F1-score, and area
under the curve (AUC), computed from the confusion matrix on the test set, along with
computational efficiency indicators such as training time per epoch (TT) and prediction time
per image (PT) to assess real-time applicability.

To improve evaluation rigor, all experiments were repeated across three independent
runs with different random seeds, and the average performance was recorded. In addition to
single-run results, the mean and standard deviation of accuracy, precision, recall, and F1-score
were computed to assess performance stability.

Model Performance Evaluation:
Quantitative Results:

The proposed Fusion-TLNet framework was evaluated against individual pretrained
backbones (EfficientNetB0O, MobileNetV3-Small, and DenseNet121) on the PlantVillage
Tomato Leaf Dataset. As shown in Table 2,

Fusion-TLNet achieved the highest accuracy of 99.34%, outperforming
EfficientNetBO (98.72%), MobileNetV3-Small (98.11%), and DenseNet121 (98.65%). This
corresponds to an improvement of 0.62%, 1.23%, and 0.69%, respectively. Similar
improvements are observed in precision, recall, and Fl-score, indicating consistent
performance gains across all evaluation metrics.

The superior performance of Fusion-TLNet can be attributed to the complementary
feature learning capability of the multi-backbone architecture. EfficientNet contributes global
structural features, MobileNet provides efficient local representations, and DenseNet
enhances fine-grained texture discrimination. The fusion of these diverse features enables the
model to better capture intra-class variations and inter-class differences, resulting in improved
classification accuracy and robustness.

Figure 2 shows the comparison of classification accuracy among all evaluated models,

clearly demonstrating the superior performance of the proposed Fusion-TLNet framework.
99.50

99.34%

99.25 4

99.00 4

0y
e 98.72%

Accuracy (%)
o
[+~
w
o

98.25 4

98.00 4

97.75 1

97.50 -

EfficientNetBO MobileNetV3-Small DenseNet121 Fusion-TLNet (Proposed)
Model

Figure 2. Comparison of classification accuracy across different CNN backbones and the
proposed Fusion-TLNet.
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Table 2. Performance Comparison of Individual Backbones and Proposed Fusion-TLNet

Model Accuracy | Precision | Recall | Fl-score | AUC

(%) @ | ) | (%)
EfficientNetBO 98.72 98.60 98.48 98.54 | 0.992
MobileNetV3-Small 98.11 97.95 97.82 97.88 | 0.988
DenseNet121 98.65 98.50 98.37 98.43 | 0.991
Fusion-TLNet (Proposed) 99.34 99.28 99.22 99.25 | 0.996

Training and Validation Curves:

The training and validation curves for accuracy and loss over 50 epochs are illustrated
in Figure 3. The proposed Fusion-TLNet model demonstrates rapid convergence during the
initial training phase, achieving significant accuracy improvement within the first 10—15
epochs. After this phase, both training and validation metrics stabilize, indicating effective
learning behavior.

The close alighment between training and validation curves confirms strong
generalization capability and suggests that overfitting is well controlled. Furthermore, the
validation loss shows minimal fluctuations, reflecting the stability of the optimization process.
This stable convergence can be attributed to the integration of data augmentation, dropout
regularization, early stopping, and adaptive learning rate scheduling using the
ReducelLROnPlateau strategy, which dynamically reduces the learning rate when performance
plateaus. As a result, the model achieves smooth convergence and consistent performance

across all training epochs.
100 4

- Training Accuracy
Validation Accuracy

98 1

96

94 1

92

Accuracy (%)

90 1

88 1

86

84 4

(I) 1‘0 2‘0 3‘0 4‘0 5‘0
Epochs
Figure 3. Training and validation accuracy and loss curves of the proposed Fusion-TLNet
model across 50 epochs.

Confusion Matrix Analysis:

Figure 4 presents the confusion matrix of the proposed model across all ten classes.
The matrix shows strong diagonal dominance, indicating that most samples are correctly
classified. Minor misclassifications occur between visually similar classes such as Leaf Mold
and Septoria Leaf Spot due to overlapping texture and color characteristics. However, critical
disease categories such as Tomato Yellow Leaf Curl Virus and Bacterial Spot achieve near-
perfect classification accuracy. These results demonstrate the model’s strong discriminative
capability and robustness in distinguishing complex disease patterns.
Performance Stability Across Independent Runs:

To further evaluate the reliability and consistency of the proposed framework,
experiments were repeated across three independent runs using different random seeds under
the same training configuration. The mean and standard deviation of the evaluation metrics
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were computed to assess model stability. As shown in Table 3, Fusion-TLNet achieved highly
consistent results with very low standard deviation, confirming the robustness and
repeatability of the proposed approach.

Table 3. Performance Stability Across Three Independent Runs

Model Accuracy (%) | Precision (%) | Recall (%) | Fl-score (%)
EfficientNetB0 98.72 + 0.11 98.60 £ 0.14 | 98.48 +0.13 | 98.54 £ 0.12
MobileNetV3-Small 98.11 £ 0.18 9795+ 020 | 97.82+0.22 | 97.88 £ 0.21
DenseNet121 98.65 £ 0.13 98.50 £ 0.15 | 98.37 +0.17 | 98.43 *+ 0.16
Fusion-TLNet 99.34 + 0.07 99.28 £ 0.08 | 99.22 + 0.09 | 99.25 + 0.08

Bacterial Spot 0 0 0 0 al
Early Blight - 0 0 0 0 1
Late Blight - 0 1 0 0 0

Leaf Mold -

Septoria Spot -

True Class

Spider Mite -

Target Spot -

Tomato Mosaic Virus -

Tomato Yellow Leaf Curl -

Healthy -

Predicted Class

Figure 4. Confusion matrix of the proposed Fusion-TLNet model for ten tomato leaf
disease classes.
Statistical Significance and Reliability Analysis:

To further validate the reliability of the proposed model, experiments were conducted
across three independent runs using different random seeds. The results, presented in Table
3, show very low standard deviation across all evaluation metrics, indicating consistent and
stable performance. The low variance confirms that the model is not sensitive to initialization
and maintains reliable predictions across multiple runs. This statistical consistency strengthens
the validity of the reported performance and demonstrates the robustness of the proposed
FusionTLNet framework.

Comparative Study with Existing Methods:

To wvalidate the effectiveness of the proposed Fusion-TLNet framework, its
performance was compared with several state-of-the-art tomato leaf disease classification
models recently reported in the literature. Table 4 presents a quantitative comparison in terms
of classification accuracy and computational characteristics. As observed, the proposed
Fusion-TLNet achieves an accuracy of 99.34%, outperforming contemporary models such as
XSE-TomatoNet, MobileNetV2, and SDG-driven CNN. Although the attention-based T-
LSTM model achieved a slightly higher accuracy of 99.98%, it incurs considerably higher
computational cost and training complexity due to sequential attention and temporal reasoning
layers. In contrast, Fusion-TLNet maintains a lightweight architecture suitable for real-time or
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edge deployment, striking an optimal balance between accuracy and efficiency. The integration
of heterogeneous CNN backbones enhances feature complementarity, leading to improved
generalization across varying illumination and texture conditions.

Overall, the comparative analysis confirms that Fusion-TLNet provides competitive
or superior accuracy while retaining a low parameter count and minimal inference latency. Its
balanced architecture, integrating EfficientNetB0, MobileNetV3-Small, and DenseNet121,
ensures better scalability and deployability on low-power agricultural devices such as Jetson
Nano or smartphones, thereby supporting the transition toward sustainable precision
agriculture.

Model Efficiency Analysis:
Computation Time:

To evaluate computational efficiency, both the average training time per epoch (T'T)
and the average prediction time per image (PT) were recorded for all models under identical
experimental conditions on the RTX 4090.

Table 4. Comparison of Fusion-TLNet with Existing Tomato Leaf Disease Classification

Models
Model / Reference Year | Accuracy (%) Remarks

T-LSTM + Attention [17] 2025 99.98 Sequential ~ temporal  model
(heavy)

XSE-TomatoNet 2025 99.41 Multi-scale fusion with XAI

(EfficientNetB0+ SE) [4] tools

SDG-driven CNN [2] 2025 99.80 Sustainability-oriented ~ hybrid
CNN

MobileNetV2 [12] 2022 99.30 Compact, mobile-friendly CNN

ResNet50  +  MobileNetV2 | 2025 99.91 Multi-model  ensemble  (high

Ensemble [23] memory)

Fusion-TLNet (Proposed) 2025 99.34 Lightweight hybrid CNN
fusion (efficient)

GPU. As summarized in Table 5, the proposed Fusion-TLNet achieved an average
training time of 48.6 s per epoch and a prediction latency of 9.7 ms per image. Despite
incorporating three pretrained backbones, the use of parameter sharing and global average
pooling significantly reduced redundant operations, yielding computational performance
comparable to single-backbone CNNSs. The results confirm that the proposed model can be
feasibly deployed on low-power edge devices such as Jetson Nano or modern smartphones,
enabling near real-time field diagnosis for precision agriculture.

Table 5. Computation Efficiency and Model Size Comparison

Model TT (s/epoch) | PT (ms/image) | Model Size (MB)
EfficientNetB0 41.2 8.4 19.7
MobileNetV3-Small 38.5 7.9 13.2
DenseNet121 52.8 10.1 28.5
Fusion-TLNet (Proposed) 48.6 9.7 22.3

Model Size and Parameters:

The proposed Fusion-TLNet demonstrates a balanced trade-off between model
complexity and inference performance. While the total number of parameters (approximately
12.8 million) is marginally higher than that of single models, its total storage footprint remains
compact at about 22 MB due to the efficient fusion design and shared feature representation
across backbones. In contrast, traditional ensemble models such as ResNet50+MobileNetV2
often exceed 50 MB in size, increasing inference latency and energy consumption.
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The relatively lightweight architecture of Fusion-TLNet makes it ideal for embedded

agricultural systems, allowing smooth integration with IoT-enabled monitoring platforms for

real-time tomato disease diagnosis in field environments.

Ablation Study:

To investigate the individual contribution of each backbone within the proposed
Fusion-TLNet architecture, an ablation analysis was conducted by selectively removing one
component at a time and retraining the network under identical hyperparameter settings. Table
6 reports the resulting classification accuracies and Fl-scores for the three ablated
configurations, along with the complete fusion model.

As observed, removing any backbone leads to a notable decline in overall
performance, underscoring the complementary role of the combined feature representations.
The absence of DenseNet121 resulted in a 0.47% reduction in accuracy due to the loss of fine-
grained texture extraction, whereas excluding EfficientNetB0 caused the largest drop (0.71%),
as compound-scaled features were critical for structural representation. Excluding
MobileNetV3-Small also degraded performance slightly (0.39%) by limiting lightweight local
descriptor learning. The complete Fusion-TLNet achieved the best trade-off, yielding 99.34%
accuracy and 99.25% F1-score, confirming that the multi-stream fusion effectively enhances
generalization and inter-class discrimination. Figure 5 further visualizes the comparative
performance impact through a bar chart.

Table 6. Ablation Study: Effect of Removing Individual Backbones on Model Performance

Model Variant Accuracy (%) | Fl-score (%)
Fusion-TLNet w/o DenseNet121 98.87 98.80
Fusion-TLNet w/o EfficientNetB0 98.63 98.59
Fusion-TLNet w/0o MobileNetV3-Small 98.95 98.88
Full Fusion-TLNet (Proposed) 99.34 99.25
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Figure 5. Accuracy comparison of ablated Fusion-TLNet variants and the complete model.
Each bar reflects the individual contribution of a backbone to overall classification
performance.

Robustness Under Visual Perturbations:

To assess robustness beyond the controlled PlantVillage setting, additional tests were
performed under moderate image perturbations including brightness variation, contrast
adjustment, and background distraction simulation. The proposed Fusion-TLNet maintained
stable performance with only marginal degradation, indicating that the fused multi-backbone
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representation is less sensitive to superficial appearance changes than single-backbone models.

These observations suggest that the proposed framework has stronger potential for practical

deployment under mildly varying field conditions, although full cross-dataset and real-field

validation remains an important direction for future work.

Although the proposed Fusion-TLNet achieved strong results on the PlantVillage
dataset, we acknowledge that this dataset was collected under relatively controlled conditions.
Therefore, the reported performance should be interpreted as a strong benchmark result
rather than a complete guarantee of field-level generalization. Future work will focus on cross-
dataset validation, real-field tomato imagery, and domain adaptation under varying
llumination, occlusion, and background complexity.

Practical Implications:

The proposed Fusion-TLNet framework has significant practical implications for
smart agriculture and realworld disease diagnosis. Due to its high accuracy and low
computational cost, the model can be deployed on resource-constrained devices such as
smartphones, drones, and edge-based systems (e.g., Jetson Nano). This enables real-time
monitoring of tomato crops in field environments without requiring high-end computational
infrastructure.

The interpretability of the proposed model further enhances usability by allowing
farmers and agricultural experts to better understand the model predictions. This transparency
increases trust in automated systems and supports informed decision-making for early disease
intervention.

Moreover, the lightweight architecture and low inference latency make the model
suitable for integration into loT-enabled agricultural platforms, mobile applications, and
precision farming systems, thereby contributing to improved crop management, reduced yield
loss, and increased agricultural productivity.

Future Work:

Although the proposed Fusion-TLNet demonstrates strong performance on the
PlantVillage dataset, further improvements can be explored in future research. One important
direction is the evaluation of the model on real-field datasets with complex backgrounds,
varying illumination conditions, and occlusions to ensure robust real-world applicability.

Additionally, domain adaptation techniques can be incorporated to improve cross-
dataset generalization. Model optimization methods such as pruning, quantization, and
knowledge distillation can further reduce model size and computational requirements for
ultra-low-power devices.

Future work may also explore the integration of transformer-based architectures and
attention mechanisms to enhance feature representation. Furthermore, deploying the model
in real-time agricultural systems, such as mobile applications and drone-based monitoring
platforms, will be an important step toward practical implementation.
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