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Abstract: Tomato crop yields face significant threats from plant diseases, with existing deep learning 

solutions often computationally prohibitive for resource-constrained agricultural settings; to address 

this gap, we propose Efficient Disease Attention Network (EDANet), a novel lightweight architecture 

combining depthwise separable convolutions with hybrid attention mechanisms for efficient Tomato 

disease recognition. Our approach integrates channel and spatial attention within hierarchical blocks 

to prioritize symptomatic regions while utilizing depthwise decomposition to reduce parameters to 

only 104,043 (multiple times smaller than MobileNet and EfficientNet). Evaluated on ten tomato dis-

ease classes from PlantVillage, EDANet achieves 97.32% accuracy and exceptional (~1.00) micro-

AUC, with perfect recognition of Mosaic virus (100% F1-score) and robust performance on challeng-

ing cases like Early blight (93.2% F1) and Target Spot (93.6% F1). The architecture processes 128×128 

RGB images in ~23ms on standard CPUs, enabling real-time field diagnostics without GPU depend-

encies. This work bridges laboratory AI and practical farm deployment by optimizing the accuracy-

efficiency tradeoff, providing farmers with an accessible tool for early disease intervention in resource-

limited environments. 

Keywords: Attention mechanisms; Computer vision; Deep learning; Depthwise separable         

convolutions; Lightweight models; Plant disease classification; Precision agriculture; Tomato disease 

detection. 

 

1. Introduction 

Plant diseases pose a major threat to food security worldwide. Pathogens (fungi, bacteria, 
viruses) and pests can destroy up to 20–40% of crop yields annually, causing economic losses 
[1]. Tomato (Solanum lycopersicum), the second most consumed vegetable globally, is especially 
susceptible. Outbreaks of diseases such as late blight, leaf curl virus, and bacterial spot can 
devastate harvests [2], with cumulative losses on the order of tens of billions of dollars over 
time. Climate change compounds these problems by expanding the range and activity of 
pathogens, and smallholder farms in developing regions are hardest hit due to a lack of rapid 
diagnostics. 

Traditional plant disease diagnostics rely on visual scouting by experts or slow lab tests, 
e.g., Polymerase Chain Reaction (PCR), Enzyme-Linked Immunosorbent Assay (ELISA) [3]. 
These methods are highly specific but suffer from low throughput and delay: manual surveys 
typically cover <1% of farm areas at great labor cost, and lab assays take days to yield results. 
Untrained farmers can misdiagnose disease symptoms up to 30% of the time. In contrast, 
computer vision approaches using deep learning have shown promise: convolutional neural 
networks (CNNs) routinely exceed 95% accuracy on benchmark datasets like PlantVillage. 
For example, Mohanty et al. (2016) trained deep CNNs on >50,000 leaf images and achieved 
~99% accuracy on many crops, including tomato [4]. State-of-the-art models (ResNet, 

Received: September, 3rd 2025 

Revised: September, 23rd 2025 

Accepted: September, 30th 2025 

Published: October, 2nd 2025 

 

 

Copyright: © 2025 by the authors. 

Submitted for possible open access 

publication under the terms and 

conditions of the Creative Commons 

Attribution (CC BY) licenses  

(https://creativecommons.org/licen

ses/by/4.0/)  

 

https://publikasi.dinus.ac.id/index.php/jcta/index
https://publikasi.dinus.ac.id/index.php/jcta/index
https://publikasi.dinus.ac.id/index.php/jcta/index
mailto:yibrahim@abu.edu.ng
mailto:momuyadeen@gmail.com
mailto:zmabubakar@abu.edu.ng
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/


Journal of Computing Theories and Applications 2025 (November), vol. 3, no. 2, Ibrahim, et al. 161 
 

 

EfficientNet, Vision Transformers) can match or exceed human experts on curated images 
[5]–[7]. 

However, there is a critical gap between lab benchmarks and field deployment. Modern 
high-accuracy models are extremely resource-intensive: for instance, EfficientNet-B4 requires 
~4 billion FLOPs per inference [8] and >8 GB GPU memory. Models often exceed tens of 
megabytes and are unsuitable for smartphones or embedded hardware. In practice, most pub-
lished plant-disease models remain research prototypes because they fail to run on low-power 
CPUs [9]. In particular, standard CNNs cannot easily run real-time diagnostics on field de-
vices. Moreover, most CNNs treat all regions of an image equally, ignoring the fact that dis-
eases manifest in localized patterns (spots, lesions, chlorosis). 

This work addresses the need for a lightweight, attention-guided architecture tailored to 
on-device plant disease detection. Our goal is an operational system that balances high accu-
racy, extreme efficiency (model size ~100K parameters), and real-time speed. To achieve this, 
we propose the Efficient Disease Attention Network (EDANet), which introduces three in-
novations: 

• Hybrid Attention: We combine channel-wise attention (to highlight diagnostically im-
portant features) with spatial attention (SA) to localize lesion regions in each EDA block, 
thereby focusing the network on symptom-relevant areas. 

• Depthwise Separable Convolutions: All convolutions are decomposed (depthwise + 
pointwise) to slash parameter count and computation (cf. MobileNet, [10]) while pre-
serving representational power. 

• CPU-Optimized Design: EDANet processes 128×128 RGB images with a small hierar-

chy of convolutional blocks. The entire model (~104K parameters) runs in only ~23 ms 
per image on an Intel i5 CPU, enabling real-time inference without GPUs. 
The design of EDANet is motivated by the need to balance efficiency and discriminative 

power in plant disease recognition. Depthwise separable convolutions (DSConv) substantially 
reduce computational cost and parameter count, enabling deployment on low-power CPUs. 
However, convolution alone treats all features and spatial regions equally, which limits sensi-
tivity to subtle pathological cues. To address this, we integrate Channel Attention (CA) to 
emphasize diagnostically relevant feature maps and Spatial Attention (SA) to focus on lesion-
specific regions of the leaf. The combination of DSConv, CA, and SA provides a synergistic 
effect: DSConv ensures efficiency, CA enhances feature selection, and SA improves localiza-
tion. Together, these components allow EDANet to achieve competitive accuracy while re-
maining lightweight and suitable for real-time use in resource-constrained agricultural settings. 
We rigorously benchmark EDANet on 10 tomato disease classes (PlantVillage dataset), re-
porting accuracy, precision, recall, F1-score, and AUC. It attains 97.3% accuracy with only 
104K parameters. It fully separates some diseases (100% F1 for Mosaic virus) and dramati-
cally improves on rare or subtle classes (e.g., Early Blight, Target Spot) compared to larger 
networks. Hence, EDANet bridges laboratory AI and practical farm deployment by capturing 
spatial-symptom context and maintaining compactness. The remainder of this paper is orga-
nized as follows. Section 2 reviews prior work in plant disease diagnostics and lightweight 
CNNs. Section 3 is the materials and methods, which details the PlantVillage dataset, 
EDANet’s architecture, and training protocol. Section 4 presents experimental results and 
discussions. Section 5 concludes with key findings and future directions. 

2. Related Work 

Traditional plant disease diagnosis has relied on human expertise and laboratory tests. 
Field scouting by agronomists is time-consuming and error-prone; even experts achieve only 
about 60–80% accuracy under controlled conditions and suffer from fatigue. Lab-based as-
says (PCR, ELISA) offer high specificity but require specialized equipment and days for re-
sults. Spectral imaging (e.g., chlorophyll fluorescence sensors) can detect stress signals in 
leaves but demands expensive hardware and remains largely experimental. These methods 
lack the scalability needed to monitor large or remote farms in real time. 

The advent of deep learning sparked many CNN-based approaches in plant pathology. 
For example, Imanulloh et al. [11] demonstrated the effectiveness of CNNs in plant disease 
recognition, achieving promising results using relatively simple architectures. Early works, e.g, 
[4] showed that standard deep learning architectures trained on the PlantVillage dataset can 
exceed 99% on some classes. However, high accuracy often came with enormous models: 
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Mohanty et al. used AlexNet (60M parameters) and GoogleNet with 5M parameters. Subse-
quent efforts incorporated newer networks: for instance,[12] applied EfficientNets (B0–B7) 
to crops, achieving high accuracy but still with multi-million-parameter models (EfficientNet-
B0 ~5.3M). Vision Transformers [13] and self-attention models (e.g., [7], [14]) have demon-
strated strong recognition on leaf images by modeling global context, but their large parame-
ter counts and attention computations further restrict edge use.  

More recent approaches have explored advanced architectures beyond standard CNNs. 
Rachman et al. [7] proposed an Enhanced Vision Transformer with transfer learning for rice 
disease recognition, reporting significant improvements in accuracy. Similarly, Firnando et al. 
[15] analyzed InceptionV3 and InceptionResNetV2 with data augmentation for rice leaf dis-
ease classification, further highlighting the role of augmentation and transfer learning in im-
proving generalization. 

To make models deployable on devices, researchers have explored lightweight CNNs in 
agriculture. MobileNetV2 [10] became a de facto choice: [16], [17] applied MobileNetV2 to 
tomato images, achieving ~95.3% accuracy with 3.4M parameters. ShuffleNetV2 [18]further 
reduces compute by channel shuffling, delivering real-time speed on phones but sometimes 
at the cost of 2–5% lower accuracy on complex diseases. Neural Architecture Search (NAS) 
approaches [17] optimize for speed, yet often struggle with detecting fine symptoms like leaf 
mold or minor lesions. 

Attention mechanisms have been incorporated to improve symptom awareness. The 
Convolutional Block Attention Module (CBAM;[19], [20]) applies sequential channel/spatial 
attention and has been used in crop models to boost accuracy. Vision Transformers inherently 
apply global self-attention and have shown ~93.5% accuracy on Tomato disease classification 
tasks [11], [21], but they require even more computation. 

Despite these advances, most attention-equipped models remain too heavy for the field. 
Existing attention modules add hundreds of thousands of parameters per block, and self-
attention layers can dominate runtime. In summary, recent studies have demonstrated that 
both CNNs and attention-based architectures (e.g., CBAM, Vision Transformers) can achieve 
high accuracy in plant disease recognition. However, most of these models are computation-
ally expensive, with parameter counts in the millions, and rely heavily on GPU acceleration. 
This creates a ‘last-mile’ challenge: while accurate in laboratory conditions, such models are 
often unsuitable for deployment in real-world agricultural environments where devices are 
CPU-limited and power-constrained. Addressing this gap, our work proposes EDANet, 
which combines depthwise separable convolutions with lightweight hybrid attention to de-
liver competitive accuracy at a fraction of the computational cost, enabling real-time diagnosis 
on standard CPUs. 

3. Materials and Methods 

This section describes the overall pipeline of the proposed EDANet framework, the 
dataset used, and the implementation details. Figure 1 shows a schematic diagram of the pro-
posed pipeline. 

 

Figure 1. Schematic diagram of the proposed pipeline 

3.1. Dataset Description  

This work utilized the publicly available PlantVillage Tomato Dataset [4] containing 
18,160 RGB images across 10 disease classes, as shown in Table 1. 

3.2. Preprocessing Pipeline 

The preprocessing pipeline employed in this study was designed for optimal CPU effi-
ciency and robust model generalization. First, all input images were resized to a fixed resolu-
tion of 128×128 pixels, ensuring uniform input dimensions and compatibility with the light-
weight architecture. Normalization was then applied on a per-channel basis using the mean 
values [0.485, 0.456, 0.406] and standard deviations [0.229, 0.224, 0.225], consistent with 
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ImageNet preprocessing standards. To address class imbalance, particularly for underrepre-
sented categories such as Mosaic Virus and Leaf Mold, random oversampling was utilized to 
ensure equitable representation during training (only). Data augmentation was applied exclu-
sively during the training phase using a sequence of randomized transformations [15]. These 
included random resized cropping (scale range 0.8–1.0), horizontal flipping (probability 0.5), 
small-angle rotations (±10°), and mild color jittering (brightness, contrast, and saturation ad-
justments of ±10%). These augmentations simulate real-world variability in leaf appearance 
due to environmental factors, while preserving key pathological features. Finally, all images 
were converted to tensors and normalized using the aforementioned channel statistics. 

Table 1. Class distribution and pathology. 

Disease Class Samples Key Visual Symptoms Pathogen Type 

Bacterial spot 2,127 Small water-soaked lesions, yellow halos Xanthomonas spp. 

Early blight 1,000 Concentric rings, target-like spots Alternaria solani 

Healthy 1,591 Uniform green coloration, no lesions - 

Late blight 1,909 Water-soaked margins, white sporulation Phytophthora infestans 

Leaf Mold 952 Yellow upper surface, grayish mold un-
derside 

Fulvia fulva 

Mosaic virus 373 Mottled light/dark patterns, leaf distor-
tion 

Tobacco mosaic virus 

Septoria leaf spot 1,771 Circular gray spots with dark borders Septoria lycopersici 

Spider mites 1,676 Stippling, webbing, bronze discoloration Tetranychus urticae 

Target Spot 1,404 Brown spots with concentric rings Corynespora cassiicola 

Tomato Leaf Curl 
Virus 

5,357 Upward curling, chlorosis Begomovirus 

3.3. EDANet Architecture 

3.3.1. Depthwise Separable Convolution Foundation 

In EDANet, standard convolutional layers are replaced with depthwise separable con-
volutions (DSConv), which decompose the operation into two distinct stages to significantly 
reduce computational complexity and parameter count. 
1. Depthwise Convolution performs spatial filtering independently for each input channel 

using a 3×3 kernel with a stride of 1 and padding of 1. This results in a parameter count 

of 𝐾 × 𝐾 × 𝐶𝑖𝑛 , in contrast to standard convolutions, which require K × K × Cin ×
𝐶𝑜𝑢𝑡 parameters. 

2. Pointwise Convolution follows by applying a 1 × 1 kernel across all channels to combine 
the outputs of the depthwise stage. This operation learns linear combinations of features 
across channels and enables the integration of inter-channel information.  
 
The entire transformation can be mathematically expressed as: 

𝑂𝑢𝑡𝑝𝑢𝑡 =  𝑃𝑜𝑖𝑛𝑡𝑤𝑖𝑠𝑒𝐶𝑜𝑛𝑣1×1 (𝐷𝑒𝑝𝑡ℎ𝑤𝑖𝑠𝑒𝐶𝑜𝑛𝑣3×3 (𝑋)) (1) 

This decomposition yields a dramatic reduction in parameters, quantified by the ratio: 

𝐶in × 𝐾2 + 𝐶in × 𝐶out

𝐶in × 𝐾2 × 𝐶out
=

1

𝐶out
+

1

𝐾2
 (2) 

For instance, with 𝐶out = 64 = and 𝐾 =  3, this translates to an approximate 87% re-
duction in parameters compared to standard convolution, without significantly compromising 
representational capacity. 

3.3.2. Hybrid Attention Module 

To focus the model on salient features associated with tomato disease symptoms, 
EDANet employs a hybrid attention module composed of two complementary components: 
channel attention (CA), which emphasizes informative feature maps, and spatial attention, 
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which highlights relevant regions of the input. Together, they selectively enhance disease-
relevant signals while suppressing irrelevant background patterns. 

The Channel Attention Submodule recalibrates channel weights to emphasize disease-
specific features (e.g., chlorosis in Tomato Leaf Curl). Its implementation is detailed in Algo-
rithm 1 (ChannelAttention). 

 

Algorithm 1. ChannelAttention(x, in_channels, reduction=8) 

INPUT: Feature map 𝑥 ∈ ℝ𝐵×𝐶×𝐻×𝑊 
OUTPUT: Channel-wise refined feature map  

1: 𝑎𝑣𝑔𝑜𝑢𝑡 ←  AdaptiveAvgPool2D(x)  →  shape: ℝ𝐵×𝐶×1×1 
2: 𝑚𝑎𝑥𝑜𝑢𝑡 ←  AdaptiveMaxPool2D(x)  →  shape: ℝ𝐵×𝐶×1×1 
3: Flatten 𝑎𝑣𝑔𝑜𝑢𝑡 and 𝑚𝑎𝑥𝑜𝑢𝑡 to shape ℝ𝐵×𝐶 
4: Pass both through shared MLP: 

5:    ℎ𝑎𝑣𝑔 ←  ReLU(Linear(𝑎𝑣𝑔𝑜𝑢𝑡 ,
C

reduction
))  

6:    ℎ𝑚𝑎𝑥 ←  ReLU(Linear(𝑚𝑎𝑥𝑜𝑢𝑡 ,
C

reduction
)) 

7:    𝑜𝑢𝑡𝑎𝑣𝑔 ←  Linear(ℎ𝑎𝑣𝑔, 𝐶)  

8:    𝑜𝑢𝑡𝑚𝑎𝑥 ←  Linear(ℎ𝑚𝑎𝑥 , 𝐶) 

9: attention ←  sigmoid(𝑜𝑢𝑡𝑎𝑣𝑔 + 𝑜𝑢𝑡𝑚𝑎𝑥 )   →  shape: ℝ𝐵×𝐶 

10: Reshape attention to ℝ𝐵×𝐶×1×1 
11: Return: 𝑦 = 𝑥 ⨀ 𝑎𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 

 

3.3.3. Spatial Attention Submodule 

The Spatial Attention Submodule highlights symptomatic regions (e.g., concentric rings 
in Early Blight). Its implementation is detailed in Algorithm 2 (SpatialAttention). 

 

Algorithm 2. SpatialAttention(x) 

INPUT: Feature map 𝑥 ∈ ℝ𝐵×𝐶×𝐻×𝑊 
OUTPUT: Spatially refined feature map 

1: 𝑎𝑣𝑔𝑜𝑢𝑡  ←  Mean(𝑥, 𝑑𝑖𝑚 = 𝑐ℎ𝑎𝑛𝑛𝑒𝑙𝑠)   →  shape: ℝ𝐵×1×𝐻×𝑊 
2: 𝑚𝑎𝑥𝑜𝑢𝑡  ←  Max(𝑥, 𝑑𝑖𝑚 = 𝑐ℎ𝑎𝑛𝑛𝑒𝑙𝑠)    →  shape: ℝ𝐵×1×𝐻×𝑊 
3: 𝑐𝑜𝑛𝑐𝑎𝑡 ←  Concatenate(𝑎𝑣𝑔𝑜𝑢𝑡 , 𝑚𝑎𝑥𝑜𝑢𝑡) 𝑎𝑙𝑜𝑛𝑔 𝑐ℎ𝑎𝑛𝑛𝑒𝑙 𝑑𝑖𝑚 →

 𝑠ℎ𝑎𝑝𝑒: ℝ𝐵×2×𝐻×𝑊 
4: attention ←  sigmoid(𝐶𝑜𝑛𝑣2𝐷(𝑐𝑜𝑛𝑐𝑎𝑡, 𝑘𝑒𝑟𝑛𝑒𝑙 = 7 × 7, 𝑝𝑎𝑑𝑑𝑖𝑛𝑔 = 3)) 
5: Return: 𝑦 = 𝑥 ⨀ 𝑎𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 

3.4. Implementation Details 

EDANet was implemented in PyTorch 2.4.1 and trained on a workstation equipped with 
an Intel i5 CPU, 16 GB RAM, and Windows 11 Pro. To emphasize the CPU-friendly design, 

no GPU was used during training, with 1e-3, β₁=0.9, β₂=0.999, and weight decay 1e-4. A 
ReduceLROnPlateau scheduler was employed to halve the learning rate whenever validation 
accuracy plateaued for 5 consecutive epochs.  

A stratified split of the dataset was used: 70% for training (12,712 images), 15% for 
validation (2,724 images), and 15% for testing (2,724 images). The total number of trainable 
parameters in EDANet was 104,043, confirming its lightweight design. 

Table 2. Training configuration and hyperparameters used for EDANet experiments. 

Parameter Value / Setting 

Dataset PlantVillage (Tomato) 

Image size 128 × 128 RGB 

Batch size 16 

Epochs 50 

Optimizer Adam (β₁= 0.9, β₂=0.999)) 

Initial learning rate 0.001 
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Parameter Value / Setting 

Learning rate schedule ReduceLROnPlateau (factor = 0.5, patience = 5, mode = max) 

Loss function Cross-Entropy 

Weight decay 1e-4 

Regularization Dropout (0.3 in fully connected layer) 

Data augmentation RandomResizedCrop, Horizontal Flip, Rotation (±10°), Color Jitter (±0.1) 

Normalization Mean = [0.485, 0.456, 0.406], Std = [0.229, 0.224, 0.225] 

4. Results and Discussion 

4.1. Overall Classification Performance 

To examine the convergence behavior of EDANet, we recorded the training and valida-
tion performance across all 50 epochs. Figure 2 shows the corresponding loss and accuracy 
curves, which provide insight into the model’s optimization stability and generalization. 

 
(a) (b) 

Figure 2. Training and validation loss (a) and accuracy (b) curves of EDANet over 50 epochs. 

As illustrated in Figure 3, both training and validation accuracy increased steadily, while 
the loss decreased consistently, indicating effective optimization. Validation accuracy closely 
followed training accuracy throughout, with no major divergence, suggesting that the model 
generalized well without overfitting. These results confirm the stability of the training process 
and provide confidence in the reliability of the reported test performance. 

 

Figure 3. Bar chart showing per-class metrics. 
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EDANet achieved an overall classification accuracy of 97.30%, with macro-averaged 
precision, recall, and F1-score of 96.88%, 96.64%, and 96.76%, respectively. These values 
highlight the model's robustness and balanced performance across all 10 tomato disease clas-
ses. The micro-averaged AUC was computed at 0.9993, indicating excellent overall discrimi-
native capacity. 

Notably, Mosaic Virus was detected with a 100% F1-score, confirming perfect separa-
tion from other classes. Tomato Leaf Curl Virus was the second-best recognized disease, 
achieving a 99.56% F1-score and 99.75% recall, with only two instances misclassified. These 
results suggest that EDANet is highly effective at detecting both visually distinct viral patterns 
and subtle bacterial or fungal infections. The detailed per-class metrics are summarized in 
Table 3 and Figure 3, showing that all classes achieved F1-scores above 93%, except for minor 
drops in early blight and target spot, both of which exhibit overlapping visual symptoms such 
as concentric ring patterns. 

Table 3. Class-wise precision, recall, F1-score, AUC, and support. 

Class Precision (%) Recall (%) F1-score (%) AUC Support 

Bacterial_spot 96.10 99.00 97.53 0.999571 299 

Early_blight 94.48 91.95 93.20 0.997587 149 

Healthy 98.22 99.10 98.66 0.999948 223 

Late_blight 96.56 96.56 96.56 0.999107 291 

Leaf_Mold 95.33 94.70 95.02 0.999359 151 

Mosaic_virus 100.00 100.00 100.00 1.000000 58 

Septoria_leaf_spot 96.28 96.28 96.28 0.999606 269 

Spider_mites 98.82 95.45 97.11 0.999544 264 

Target_Spot 93.64 93.64 93.64 0.997856 220 

Tomato_Leaf_Curl_Virus 99.38 99.75 99.56 0.999669 800 

Accuracy   97.32   

Macro avg 96.88 96.64 96.76   

Weighted avg 97.32 97.32 97.31  2724 

 
To further validate the efficiency of EDANet, we compared its performance with state-

of-the-art lightweight architectures, namely MobileNetV2 and EfficientNet-B0, on the same 
PlantVillage tomato dataset. Table 4 summarizes accuracy, F1-score, parameter count, and 
CPU inference time. 

Table 4. Performance of EDANet compared with MobileNetV2 and EfficientNet-B0 on the 
PlantVillage tomato dataset. 

Model Accuracy (%) F1-score (%) Parameters (M) CPU Inference (ms) 

MobileNetV2 99.08 99.08 2.24 32.41 

EfficientNet-B0 99.01 99.01 4.02 36.42 

EDANet 97.32 97.31 0.10 23 

 
Although MobileNetV2 and EfficientNet-B0 achieved slightly higher accuracy (≈99%) 

compared to EDANet (97.3%), their parameter counts were more than 20–40× larger, and 
inference times were slower. By contrast, EDANet maintained competitive accuracy with 
only 0.10M parameters and the fastest CPU inference (23 ms), making it particularly suitable 
for real-time deployment in resource-constrained environments. 

To further validate the design of EDANet, we conducted an ablation study to isolate the 
contribution of each architectural component. Four variants were trained for 10 epochs (for 
efficiency) under identical settings: (i) DSConv only, (ii) DSConv + Channel Attention (CA), 
(iii) DSConv + Spatial Attention (SA), and (iv) DSConv + CA + SA (full EDANet). Table 5 
presents the results across accuracy, precision, recall, F1-score, and AUC. The baseline 
(DSConv only) achieved good performance, but the addition of either CA or SA improved 
class discrimination. The full combination of DSConv + CA + SA produced the highest 
performance, confirming the synergistic benefit of hybrid attention. 
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Table 5. Ablation study results after 10 epochs of training on the PlantVillage tomato dataset. 

Model Variant 
Test  

Accuracy (%) 
Test Loss 

AUC  

(Micro) 

AUC  

(Macro) 

Precision 
(Macro) (%) 

Recall  

(Macro) (%) 

F1-Score 
(Macro) (%) 

Trainable  

Parameters 

DSConv_only 91.45 0.2499 0.9962 0.9949 89.35 89.26 89.10 81,738 

DSConv_CA 93.76 0.1918 0.9976 0.9969 92.64 91.53 91.85 103,746 

DSConv_SA 93.39 0.1922 0.9976 0.9966 91.86 90.53 91.03 82,035 

Full_EDANet 94.57 0.1676 0.9982 0.9967 93.01 93.30 93.13 104,043 

 
From Table 5, the trends are clear and consistent: CA enhances channel-level feature 

weighting, SA emphasizes symptomatic spatial regions, and their combination maximizes dis-
criminative capacity. This confirms the effectiveness of EDANet’s hybrid attention design. 

4.2. Confusion Matrix Analysis 

The confusion matrix (Figure 4) reveals specific patterns of misclassification. The high-
est confusion was observed between Early Blight and Target Spot, with 12–14 misclassified 
samples for these two classes. This is consistent with prior findings that these diseases share 
similar ring-like lesion structures, making them difficult to differentiate even for human ex-
perts. Other minor misclassifications include: 

• Leaf Mold occasionally confused with Septoria Leaf Spot due to shared speckling pat-
terns. 

• Tomato Leaf Curl Virus maintained a 99.00% precision, indicating very low false posi-
tives. 
Although some misclassifications occurred, most classes recorded low error counts, and 

only a few exceeded 10, highlighting the model’s robust generalization performance. 

 

Figure 4. Heatmap of the confusion matrix with 10-class prediction layout. 

4.3. ROC and AUC Analysis 

To evaluate the model’s class-separation capabilities beyond threshold-dependent met-
rics like accuracy, we computed ROC curves and AUC scores for each disease class (Figure 
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5). Remarkably, each class achieved an AUC of approximately 1.00 (see actual values in Table 
3), indicating near-perfect separability between positive and negative instances in the one-vs-
rest classification setting. 

This exceptional performance demonstrates that the model consistently ranks true class 
instances higher than non-target ones, even in cases where final predictions may occasionally 
be incorrect. It confirms the model's high discriminative ability across all disease types. 

The macro-average AUC (equal weighting of all classes) and the micro-average AUC 
(instance-weighted average) were both approximately 1.00, emphasizing EDANet’s outstand-
ing ability to distinguish between classes with near-perfect ranking precision. These results 
complement the confusion matrix findings and reinforce the model’s robustness and gener-
alization strength in real-world diagnostic scenarios. 

 

Figure 5. ROC curves for each class along with micro- and macro-average AUCs. 

5. Conclusions 

The objective of this study was to design a lightweight yet accurate model for tomato 
leaf disease recognition that could be deployed on CPU-only environments. To this end, we 
proposed EDANet, which integrates depthwise separable convolutions with channel and spa-
tial attention mechanisms. The model achieved competitive performance while maintaining 
only 104,043 trainable parameters and the fastest inference speed among compared baselines, 
demonstrating its suitability for real-time applications in resource-constrained settings.  

While EDANet shows promising results, this work has certain limitations. Evaluation 
was restricted to the PlantVillage tomato dataset, which, although widely used, represents 
controlled conditions rather than field environments. In addition, the study was limited to 
static images, without considering temporal dynamics that may provide richer diagnostic cues.  

Future work will address these limitations by extending EDANet to other crops and 
multi-disease scenarios, validating performance on larger and more diverse real-world da-
tasets, and exploring its integration with temporal or video-based monitoring systems for 
precision agriculture. 
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