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1. Introduction 
Agriculture remains foundational to global food security. Horticultural crops, tomato (Solanum 

lycopersicum), potato (S. tuberosum), pepper (Capsicum spp.), and maize (Zea mays) suffer 20–40% 

annual yield losses due to phytopathogens [1], [2]. Diseases like early/late blight, bacterial spot, and 

northern maize leaf blight destabilize supply chains, especially where diagnostic infrastructure is limited 

[3], [4], [5]. Manual inspection is subjective and infeasible at scale due to illumination shifts and subtle 

symptoms [6]. Deep learning, particularly CNNs, enables automated diagnosis with more than 90% 

accuracy [7], [8], [9]. Modern architectures such as DenseNet, EfficientNet, and MobileNet achieve 

more than 97% accuracy while enabling deployment on resource-constrained devices [10], [11], [12], 

[13]. In parallel, attention mechanisms have been introduced to enhance feature representation by 
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 Early detection of plant leaf diseases is critical for minimizing crop losses 

and supporting precision agriculture. While Convolutional Neural 

Networks (CNNs) have demonstrated high accuracy in image-based 

diagnosis, conventional architectures may not optimally balance spatial 

localization and channel-wise feature refinement, particularly in multi-crop 

classification settings. This study proposes a redundancy-aware dual-

attention architecture, termed ATSA-DenseNet, which integrates the 

spatial branch of the Convolutional Block Attention Module (CBAM-

Spatial) with Efficient Channel Attention (ECA) within a DenseNet121 

backbone. Unlike prior dual-attention frameworks that retain full CBAM 

and introduce channel-level redundancy, the proposed design isolates 

complementary spatial and channel mechanisms to improve 

representational efficiency without increasing computational complexity. 

The framework is evaluated on controlled multi-crop PlantVillage-derived 

datasets comprising tomato, potato, pepper, and maize. Across both 3-crop 

and 4-crop configuration, ATSA-DenseNet consistently outperforms 

baseline DenseNet121 and single-attention variants, achieving 99.94% 

accuracy and 0.9994 macro-F1 on the 4-crop setting while maintaining a 

lightweight footprint (6.96M parameters, 2.87G FLOPs). Grad-CAM 

visualizations indicate improved localization of disease-relevant regions 

compared to the baseline. While results are obtained under controlled 

imaging conditions, the findings demonstrate that redundancy-aware dual-

attention enhances feature discrimination efficiency in multi-class 

agricultural classification tasks. Future work will extend validation to real-

field datasets with natural variability.  
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guiding models to focus on disease-relevant regions [14], [15]. For instance, CBAM improves spatial 

localization in plant disease detection tasks [16], [17], [18], while Efficient Channel Attention (ECA) 

provides lightweight channel-wise refinement with minimal computational overhead [19], [20].  

Table 1 provides a clearer overview of recent developments in attention-based approaches for plant 

disease detection. The comparison highlights the attention mechanisms, model architectures, datasets, 

target crops and diseases, and evaluation performance reported in previous research. This synthesis 

provides a concise view of current methodological trends and helps identify research gaps that motivate 

the proposed approach. 

Table 1.  Comparative Summary of Recent Studies on Attention Mechanisms for Plant Disease Detection. 

Ref. Base Model Attention 
Mechanism 

Application 
Domain / 
Dataset 

Accuracy Key Findings 

[1] 

MobileNet 

(Depthwise 

Separable CNN) 

Augmented 

Attention Layer 

Public Rice 

Disease dataset (4 

classes) 

94.65% 

Attention enables efficient, mobile-

compatible lesion detection. 

[18] 

Inception + 

ResNeXt 

Hybrid 

CBAM-based 

Ternary Parallel 

Attention 

Apple leaf diseases 

images 

98.71% 

Multi-scale attention ensures robust 

lesion detection. 

[31] DenseNet121 

CBAM + 

Squeeze-and-

Excitation (SE) 

Grapevine dataset 

(3 classes: blister 

mite, downy 

mildew, healthy) 

96.36% 

Dual-attention optimizes 

DenseNet121. 

[32] 

ResNet-based 

CNN 

Spatial–channel 

hybrid attention 

Tomato & pepper 

leaf disease dataset 

99% 

Attention enables robust lesion 

localization. 

[16] MobileNetV2 

CBAM 

(Channel + 

Spatial) 

Citrus 

Huanglongbing 

dataset (3 severity 

levels, 6008 

images) 

98.75% 

CBAM enhances fine-grained 

features and lightweight model 

accuracy. 

[28] YOLOv5 

Hybrid 

Attention: 

CBAM + ECA 

UAV imagery of 

Chinese fir 

seedlings; tiny-

bud detection 

Precision 

95.55%, 

Recall 

95.84%, F1-

Score 96.54% 

Attention boosts small-target 

accuracy by suppressing background 

interference. 

[23] DenseNet121 CBAM 

PlantVillage: 

Tomato, Potato, 

Pepper, Maize (10 

disease classes) 

98.88% (4-

crop), 

98.23% (3-

crop) 

CBAM optimizes feature 

discrimination for multi-crop 

classification. 

[33] 

DenseNet 

(enhanced) 

Attention 

Mechanism 

Date Fruit 

Dataset (10 

varieties) 

98.05% 

Attention surpasses CNNs in 

robustness. 

[34] 

Dilated 

DenseNet 

Attention 

Module + 

Weighted 

Feature Fusion 

Mendeley 

Medicinal Leaf 

Dataset (6 disease 

classes, 3838 

images) 

90.69% 

Dilated attention enhances subtle 

texture classification. 

[35] 

Lightweight 

ResNet-style 

CNN (20 layers) 

CBAM, SE, 

Self-Attention, 

Dual-Attention 

PlantVillage 

Tomato (10 

classes) 

CBAM 

99.69%, SA 

99.34% 

CBAM achieves an optimal 

accuracy-efficiency balance. 

This 

work 

ATSA-

DenseNet 

(CBAM-Spatial 

+ ECA) 

Redundancy-

aware dual-

attention 

(decoupled 

CBAM) 

Multi-crop 

PlantVillage 

dataset (Tomato, 

Potato, Pepper, 

Maize) 

- 

Introduces a redundancy-aware 

dual-attention design combining 

CBAM spatial attention with ECA, 

reducing redundant channel 

operations while preserving 

complementary feature refinement 

across multiple crop species. 
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Despite these advances, several limitations remain. First, many existing dual-attention frameworks 

combine full CBAM with additional channel attention mechanisms such as ECA, which may introduce 

redundant channel refinement and unnecessary computational overhead [21], [22], [23]. Second, most 

studies evaluate attention-enhanced models on single-crop datasets or without systematically isolating 

the contribution of attention modules under controlled backbone comparisons [24], [25]. Furthermore, 

prior works often employ either heavyweight detection architectures (e.g., YOLO-based models) [26], 

[27] or do not consider multi-crop generalization, limiting their applicability in practical agricultural 

settings [28], [29], [30]. 

To address these limitations, we propose ATSA-DenseNet, a redundancy-aware dual-attention 

framework that explicitly decouples CBAM by retaining only its spatial branch while integrating 

Efficient Channel Attention (ECA) for channel-wise feature recalibration. This design eliminates 

redundant channel operations while preserving complementary spatial and channel feature refinement 

pathways. By embedding ECA modules after each dense block and applying CBAM-Spatial at the final 

feature stage, the proposed architecture enhances feature discrimination without increasing model 

complexity [36]. 

Unlike prior studies that primarily emphasize accuracy improvements, this work focuses on 

representational efficiency, architectural minimalism, and systematic ablation under identical training 

conditions across multiple crop species. DenseNet121 is adopted as the backbone due to its dense 

connectivity [31], [37]  which promotes feature reuse and stabilizes gradient propagation across diverse 

lesion patterns [38]. We evaluate the proposed model on two benchmark configurations: a 3-crop dataset 

(tomato, potato, pepper) and an extended 4-crop dataset that additionally includes maize. Experimental 

results show that the proposed model achieves 99.94% accuracy and a macro F1-score of 0.9994, 

outperforming baseline and single-attention variants without increasing the number of parameters or 

FLOPs [39], [40]. Comparative evaluation against MobileNetV2 [41], ResNet50 [32], and 

EfficientNetB0 [42] further demonstrates the proposed architecture's competitiveness. Grad-CAM 

visualizations indicate improved localization of disease-relevant regions [43], [44] while the lightweight 

design (6.96M parameters and 2.87G FLOPs) supports deployment in resource-constrained agricultural 

environments. 

The main contributions of this work are summarized as follows: 

• A lightweight redundancy-aware dual-attention architecture that integrates CBAM-Spatial and 

ECA to jointly improve spatial localization and channel-wise feature discrimination for multi-crop 

plant disease detection. 

• Systematic cross-crop evaluation, demonstrating consistent performance across four agronomically 

distinct crop species with diverse disease characteristics. 

• Efficiency-preserving performance improvement, where the proposed architecture achieves 99.94% 

accuracy and a macro F1-score of 0.9994 while maintaining identical parameter count and FLOPs 

compared to the baseline model. 

• Interpretable and deployable model design, where Grad-CAM visualization provides qualitative 

insight into model attention behavior, and the lightweight architecture (6.96M parameters, 2.87G 

FLOPs) supports potential deployment on edge devices in agricultural monitoring systems. 

 

These contributions collectively show that redundancy-aware dual-attention can improve feature 

discrimination efficiency in multi-crop plant disease classification while maintaining a lightweight, 

computationally efficient architecture. 

2. Method 

2.1. Dataset and Preprocessing 
We utilize PlantVillage-derived datasets (Table 2) consisting of two configurations: (1) a 3-crop 

dataset including tomato, potato, and pepper (8 classes; 9,127 images), and (2) a 4-crop dataset that 

additionally includes maize (10 classes; 11,274 images). The data were partitioned using stratified random 
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sampling into 70% training, 15% validation, and 15% testing subsets to preserve class distribution. No 

image overlap was allowed between training, validation, and test sets. Images were resized to 224×224×3 

and normalized m using ImageNet statistics. Training augmentations included random rotation (±20°), 

horizontal flipping (p=0.5), shear (±10°), and color jitter (brightness ±0.3, contrast ±0.2). Validation and 

test images were resized and normalized only. The dataset distribution was further analyzed to provide 

descriptive statistics across classes. The number of images per class ranges from 152 (minimum) to 1909 

(maximum), with a mean of 1127.4, median of 1000.0, and standard deviation of 469.907839664096. 

This indicates a moderately imbalanced class distribution across the dataset. 

Table 2.  Dataset Configuration and Data Partitioning. 

Dataset Crops Classes Train Validation Test Total Images 
3-crop Tomato, Potato, Pepper 8 6.387 1.370 1.370 9.127 

4-crop Tomato, Potato, Pepper, Maize 10 7.890 1.692 1.692 11.274 

2.2. Proposed ATSA-DenseNet Architecture 
We propose ATSA-DenseNet, a lightweight dual-attention variant of DenseNet121 for efficient 

multi-crop plant disease classification. Our model integrates Efficient Channel Attention (ECA) and the 

spatial branch of CBAM to jointly refine channel and spatial features without redundancy. We insert 

ECA modules after each of the four dense blocks to capture cross-channel dependencies via lightweight 

1D convolutions on global average-pooled features. While the original ECA uses an adaptive kernel size 

based on channel count, we adopt a fixed kernel size of 3, empirically found to yield comparable 

performance with a simpler implementation and consistent behavior across dense blocks. To avoid 

overlap with ECA, we exclude CBAM’s channel attention and retain only its spatial module, placed once 

at the end of the feature extractor (after norm5). It suppresses background clutter by generating a spatial 

map from concatenated channel-wise average- and max-pooled features via a 7×7 convolution and 

sigmoid. 

Formally, for input 𝑋𝑋 ∈ ℝ𝐶𝐶×𝐻𝐻×𝑊𝑊: 

𝑋𝑋spatial = 𝑋𝑋⊗ 𝜎𝜎(𝑓𝑓7𝑥𝑥7([AvgPool𝑐𝑐(𝑋𝑋); MaxPool𝑐𝑐(𝑋𝑋)]))  (1) 

and each ECA module produces: 

𝑋𝑋channel = 𝑋𝑋⊗ 𝜎𝜎(Conv1D3(GAP(𝑋𝑋))),  (2) 

where ⊗denotes broadcasting multiplication. 

As illustrated in Fig. 1, the proposed ATSA-DenseNet framework follows a seven-stage pipeline 

designed to ensure robustness, reproducibility, and interpretability. The process begins with dataset 

collection (A), followed by preprocessing and data augmentation (B), and splitting the dataset into 

training, validation, and test sets (C). Model variants are then constructed for ablation analysis (D), 

including the DenseNet121 baseline, ECA-enhanced, CBAM-Spatial, and the proposed dual-attention 

configuration integrating ECA and CBAM-Spatial.  All models are trained under identical optimization 

settings (E) using the Adam optimizer (learning rate = 1×10⁻⁴), StepLR scheduling (γ = 0.5 every 15 

epochs), and early stopping with a patience of 10 epochs. Grad-CAM is subsequently applied to visualize 

attention regions and provide qualitative interpretability (F). Finally, model performance is evaluated on 

the held-out test set (G). This pipeline ensures systematic comparison of architectural variants under 

identical training conditions. 

ATSA-DenseNet integrates ECA after each dense block and applies the spatial branch of CBAM 

after the Norm5 layer (Fig. 2). The CBAM-Spatial module generates spatial attention by applying 

channel-wise average and max pooling, concatenating the results, and processing them through a 7×7 

convolution followed by a sigmoid activation to produce a spatial attention map. The ECA module 

enhances channel relationships using a lightweight one-dimensional convolution across the channel 
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dimension with an adaptively determined kernel size. The resulting feature maps are then aggregated via 

global average pooling, regularized with dropout (rate = 0.5), and classified with a Softmax layer. 

 

Fig. 1. Overall workflow of the proposed ATSA-DenseNet framework for multi-crop plant disease classification. 

 

Fig. 2. Dual-Attention DenseNet121 Architecture Diagram. 

2.3. Training and Optimization Protocol 

All models were trained end-to-end under identical optimization settings to ensure fair comparison. 

We employed the Adam optimizer with β₁ = 0.9, β₂ = 0.999, and weight decay = 1×10⁻⁴. The initial 

learning rate was set to 1×10⁻⁴ and reduced by a factor of 0.5 every 15 epochs using StepLR scheduling. 

Training was conducted for a maximum of 25 epochs with a batch size of 16. Early stopping (patience = 

10) was applied based on validation loss to mitigate overfitting. A fixed random seed (42) was used to 

ensure reproducibility. All layers, including the ImageNet-pretrained DenseNet121 backbone and the 

inserted attention modules, are fine-tuned jointly throughout training. Ablation studies are performed 

on four DenseNet121 variants: baseline, +ECA, +CBAM-Spatial, and +ECA+CBAM-Spatial. We also 

benchmark MobileNetV2, ResNet50, and EfficientNetB0 under identical training conditions. 

2.4. Evaluation Metrics 

We evaluate model performance only on the held-out test set using the following methods [18]: 

• Accuracy, 

Accuracy = 𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹

   (3) 
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Proportion of correctly classified samples. 

• Per-class and macro-averaged F1-score, 

F1 = 2 × Precision×Recall

Precision+Recall

  (4) 

We report both per-class F1 and macro-averaged F1 (arithmetic mean across classes), which treats 

all classes equally, critical under class imbalance. 

• Precision and recall per class, 

Precisionχ = 𝑇𝑇𝑇𝑇χ

𝑇𝑇𝑇𝑇χ+𝐹𝐹𝐹𝐹χ
   (5) 

Reliability of positive predictions; critical for minimizing false alarms for specific diseases. 

• Recallχ = TPχ

TPχ+𝐹𝐹𝐹𝐹χ
  (6) 

For each class 𝑐𝑐, we compute a binary Precision-Recall curve by varying the decision threshold on 

the softmax output. The Area Under the PR Curve (AUC-PR) is then calculated via the trapezoidal rule 

or interpolated average precision : 

• AUC-PR𝑐𝑐 = ∫ Precision𝑐𝑐
1
0 (𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅)𝑑𝑑(𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅)  (7) 

To ensure biological plausibility, we perform Grad-CAM interpretability analysis to visualize lesion-

relevant regions driving predictions. 

3. Results and Discussion 

3.1. Results on the 4-Crop Dataset (10 Classes) 
We evaluate the proposed ATSA-DenseNet framework on a 4-crop plant disease dataset comprising 

tomato, potato, pepper, and maize, with 10 disease classes and 1,692 test images. All backbone 

architectures were trained under identical optimization settings to ensure a fair comparison. As reported 

in Table 3, the proposed ATSA-DenseNet configuration achieves the best performance, reaching 

99.94% accuracy and a macro-F1 score of 0.9994. Although the improvement over the baseline 

DenseNet121 (99.65%) is numerically modest, it is achieved without increasing parameters or FLOPs, 

indicating that the gain comes from architectural refinement rather than model scaling. Lightweight 

architectures such as MobileNetV2 and EfficientNet-B0 also demonstrate competitive results with 

substantially lower computational cost, highlighting their suitability for resource-constrained 

environments. However, DenseNet121 variants exhibit more stable convergence and stronger class 

discrimination, particularly for visually similar disease patterns, suggesting that dense connectivity 

provides more effective feature reuse for fine-grained plant disease classification. 

Table 3.  Performance comparison of dual-attention CNN architectures on the 4-crop plant disease 

dataset. 

Model Accuracy 
(%) 

F1 
(macro) Precision Recall Params 

(M) 
FLOPs 

(G) 
DenseNet121+CBAM-spatial+ECA 99.94 0.9994 0.9994 0.9994 6.96 2.87 

MobileNetV2+CBAM-spatial+ECA 99.82 0.9985 0.9982 0.9985 2.24 0.31 

EfficientNet-B0+CBAM-spatial+ECA 99.76 0.9981 0.9976 0.9981 4.02 0.40 

ResNet50+CBAM-spatial+ECA 99.70 0.9973 0.9970 0.9973 23.53 4.11 
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(a) 

 

(b) 

 

(c) 

 

(d) 

Fig. 3. Training and validation dynamics of four CNN architectures on the 4-crop dataset: (a) DenseNet121, (b) 

MobileNetV2, (c) EfficientNet-B0, and (d) ResNet50. Each panel shows training loss, validation accuracy, 

and validation F1-score across epochs for baseline, CBAM-Spatial, ECA, and dual-attention variants. 

The plots in Fig. 3 show training loss, validation accuracy, and validation F1-score across epochs, 

illustrating how attention mechanisms affect convergence stability and final performance. DenseNet121 

+ CBAM-Spatial + ECA exhibits the best results, surpassing 99.94% validation accuracy and F1-score, 

indicating the efficacy of combined spatial and channel attention in improving model stability and 

generalization for plant disease classification. 
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(a) (b) 

 

 

(c) (d) 

Fig. 4. Confusion Matrix: (a) DenseNet121, (b) MobileNetV2, (c) EfficientNet-B0, (d) ResNet50. 

As shown in Fig. 4 (a), its confusion matrix reveals near-perfect diagonal dominance, with minimal 

off-diagonal errors even for visually similar pathologies such as tomato early/late blight and potato 

early/late blight - a critical advantage for reliable agricultural diagnostics. 

Table 4.  5-Fold Cross-Validation Performance (Mean ± Std). 

Model  Accuracy (%) Std (%) F1-Macro Std F1 
DenseNet121 (Baseline) 99.83 ±0.15 0.9948 ±0.0056 

+ECA 99.82 
±0.11 

0.9965 ±0.0016 

+CBAM-spatial 99.80 
±0.09 

0.9968 ±0.0008 

ATSA-DenseNet (Proposed) 99.82 
±0.07 

0.9968 ±0.0021 

The dual-attention variants consistently converge faster and achieve higher performance. While the 

model achieved 99.94% accuracy on the held-out test set, cross-validation results show a mean accuracy 

of 99.82% ± 0.07 across folds (Table 4). The close agreement between these results and the held-out 

test accuracy indicates that the observed performance is stable and not dependent on a specific data split. 

Although slightly lower than the single split evaluation, the cross-validation results remain highly 

consistent, indicating robust model generalization across different data partitions. 

 To further investigate the generalization capability of the proposed model under real-world 

conditions, additional experiments were conducted on the PlantDoc dataset [45], which contains images 

captured in natural field environments with complex backgrounds, illumination variability, and 

occlusion. While the model demonstrates near-perfect performance under controlled conditions 

(99.94%) and stable performance across cross-validation (99.82 ± 0.07), a significant performance drop 

is observed under cross-dataset evaluation. However, fine-tuning on PlantDoc substantially improves 

performance, indicating strong transferability of the learned representations. A zero-shot evaluation was 
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first performed by directly applying the model trained on PlantVillage to the PlantDoc dataset without 

retraining. The results show (Table 5) a significant performance drop, with an accuracy of 12.50% and 

a macro-F1 score of 0.0936, indicating a substantial domain shift between controlled and real-world data 

distributions. To further assess whether the learned feature representations are transferable, a fine-tuning 

experiment was conducted using a subset of PlantDoc data. After fine-tuning, the model achieved a 

significantly improved accuracy of 60.29% and a macro-F1 score of 0.4968. This corresponds to an 

absolute improvement of +47.79% in accuracy and +0.4032 in macro-F1 score compared to the zero-

shot baseline. These results demonstrate that although the model trained on controlled datasets does 

not directly generalize to real-world conditions, the learned representations remain transferable and can 

be effectively adapted through fine-tuning. This finding highlights the importance of domain adaptation 

strategies when deploying deep learning models in practical agricultural environments. 

Table 5.  Cross-dataset adaptation results on PlantDoc. 

Model Training Setting Accuracy (%) F1-Macro 
ATSA-DenseNet (Zero-shot) PlantVillage only 12.50 0.0936 

ATSA-DenseNet (Fine-tuned) + PlantDoc 60.29 0.4968 

The substantial improvement after fine-tuning indicates that the proposed model captures 

transferable features, even under significant domain shift. The results also reveal that models trained 

solely on controlled datasets are insufficient for direct real-world deployment, emphasizing the need for 

domain adaptation and field data integration. 

3.2. Results on the 3-Crop Dataset (8 Classes) 
On the 3-crop dataset, the proposed ATSA-DenseNet achieves perfect classification performance, 

reaching 100% accuracy with a macro F1-score, precision, and recall of 1.0000 (Table 6). This result 

indicates near-perfect classification performance, with no misclassifications observed on the test set 

under controlled conditions. While such near-perfect performance should be interpreted cautiously 

given the controlled conditions of the dataset, the results indicate that the proposed attention integration 

enables highly discriminative feature representations for visually distinct plant disease patterns. 

Comparative evaluation across alternative backbones, including MobileNetV2, EfficientNet-B0, and 

ResNet50, equipped with the same dual-attention mechanism, further shows that DenseNet121 

consistently provides stronger class separation. Although lightweight architectures such as MobileNetV2 

achieve competitive performance with substantially lower FLOPs, ATSA-DenseNet maintains superior 

classification consistency while preserving a moderate computational footprint. This balance between 

predictive performance and computational efficiency supports its potential suitability for practical 

deployment in precision agriculture applications. 

Table 6.  Performance comparison of dual-attention CNN architectures on the 3-crop plant disease dataset. 

Model Accuracy 
(%) 

F1 
(macro) Precision Recall Params 

(M) 
FLOPs 

(G) 
DenseNet121+CBAM-Spatial+ECA 100 1.0000 1.0000 1.0000 6.96 2.87 

MobileNetV2+CBAM-spatial+ECA 99.93 0.9994 0.9993 0.9994 2.23 0.31 

EfficientNet-B0+CBAM-spatial+ECA 99.85 0.9985 0.9985 0.9987 4.02 0.40 

ResNet50+CBAM-spatial+ECA 99.78 0.9957 0.9978 0.9957 23.52 4.11 

3.3. Architecture Comparison 
To evaluate the robustness of the proposed architecture under increasing classification complexity, 

we compare the performance of ATSA-DenseNet across both 3-crop and 4-crop datasets. The 3-crop 

configuration contains eight disease classes, while the 4-crop dataset introduces additional crop diversity 

and two additional classes, resulting in a more challenging classification scenario. As summarized in 

Table 7, ATSA-DenseNet achieves 100.00% accuracy on the 3-crop dataset and 99.94% accuracy on the 

4-crop dataset. Although a slight decrease in performance is observed when the number of crops and 

disease classes increases, the overall accuracy remains consistently high. This indicates that the proposed 
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attention-based architecture maintains stable discriminative capability even as dataset complexity grows. 

The small performance difference between the two settings suggests that the dual-attention mechanism 

effectively enhances feature localization and channel-wise representation, allowing the network to 

capture disease patterns across different plant species. These results demonstrate that ATSA-DenseNet 

generalizes well across multiple crop types under controlled dataset conditions. 

Table 7.  Comparison of 3-Crop and 4-Crop Accuracies. 

Model 3-Crop 
Accuracy (%) 

4-Crop 
Accuracy (%) Notes 

DenseNet121 + CBAM-spatial + ECA 100.00 99.94 Best across all tasks 

MobileNetV2 + CBAM-spatial + ECA 99.93 99.82 

Largest drop when adding more 

classes 

EfficientNet-B0 + CBAM-spatial + ECA 99.85 99.76 Stable and consistent 

ResNet50 + CBAM-spatial + ECA 99.78 99.70 Slightly below DenseNet121 

MobileNetV2, despite being lightweight, exhibited the greatest performance drop when scaling from 

the 3-crop to the 4-crop dataset, indicating limited robustness under increased class complexity. This 

suggests that plant disease detection, particularly across diverse crops and visually similar pathologies, 

benefits from architectures with richer feature reuse mechanisms, such as DenseNet121. EfficientNet-

B0 and ResNet50 performed moderately but still lagged behind DenseNet121 in discriminating fine-

grained disease symptoms. These outcomes reaffirm prior findings that dense connectivity and strong 

representational capacity are critical for multi-crop disease prediction as task complexity grows. 

3.4. Ablation Study of Attention Modules 
To isolate the contribution of each attention component, we conducted an ablation study using 

DenseNet121 as the backbone under identical training conditions. Table 8 presents the ablation analysis 

of the proposed attention configuration using DenseNet121 as the backbone architecture. The baseline 

model achieves 99.65% accuracy, while the addition of ECA provides a modest improvement to 99.70%, 

indicating that channel-wise feature recalibration contributes positively to representation learning. 

Introducing CBAM-Spatial results in a larger performance gain (99.88%), suggesting that spatial 

localization plays a critical role in identifying disease patterns on leaf surfaces. When both mechanisms 

are integrated in the proposed ATSA-DenseNet architecture, the model achieves the highest 

performance (99.94% accuracy and 0.9994 macro F1-score) without increasing the number of parameters 

or computational cost. This result indicates that the spatial and channel attention mechanisms provide 

complementary benefits, improving feature discrimination while maintaining the lightweight 

characteristics of the DenseNet backbone. 

Table 8.  Ablation study of attention modules. 

Model Variant ECA CBAM-
Spatial 

Params 
(M) FLOPs (G) Accuracy 

(%) F1-Macro 

DenseNet121 (Baseline) x x 6.96 2.86 99.65 0.9949 

+ECA √ x 
6.96 2.87 

99.70 0.9976 

+CBAM-spatial x √ 6.96 2.86 
99.88 0.9989 

ATSA-DenseNet (Proposed) √ √ 6.96 2.87 
99.94 0.9994 

3.5. Visual Explainability (Grad-CAM) 
To provide qualitative interpretability of the learned representations, Gradient-weighted Class 

Activation Mapping (Grad-CAM) was employed to visualize the regions that contribute most strongly 

to the model’s predictions. Fig. 5. compares the Grad-CAM heatmaps produced by the baseline 

DenseNet121 and the proposed dual-attention variant. The baseline model tends to generate broader 

activation regions across the leaf surface, occasionally extending beyond the symptomatic areas. In 

contrast, the dual-attention model produces more localized activation patterns that concentrate around 

lesion-relevant regions. This behavior suggests improved spatial discrimination in the learned feature 
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representations. These visualizations provide qualitative evidence that the proposed attention integration 

guides the model toward more relevant regions under controlled dataset conditions. Similar activation 

patterns were observed across other evaluated architectures. However, these visualizations should be 

interpreted as qualitative indicators of model attention rather than definitive confirmation of biological 

lesion detection. 

 

Fig. 5. Grad-CAM visualizations for DenseNet121. 

3.6. Discussion of Findings 
The experimental results provide several important observations regarding the effectiveness of the 

proposed architecture. First, the DenseNet121 backbone integrated with dual-attention consistently 

achieves the highest accuracy across both 3-crop and 4-crop evaluation settings. This indicates that 

combining spatial localization with channel-wise feature recalibration improves the model’s ability to 

capture disease-relevant patterns. 

Table 9.  Comparison with recent studies on plant disease classification. 

Study Model Dataset Classes Accuracy (%) Notes 

[32] 

Resnet + Spatial– 

hybrid attention 

Tomato & 

pepper 

(PlantVillage) 
8 99 Attention improves lesion 

localization 

[16] 

MobileNetV2 + 

CBAM 
Tomato diseases 

(PlantVillage) 10 98.75 CBAM enhances fine-grained 

features  

[23] 

DenseNet121  + 

CBAM 
PlantVillage (3- 

& 4-crops) 8 / 10 98.23 / 98.88 CBAM improves feature 
discrimination 

[33] 

CNN + LBP 
Fusion 

Mixed crops 
(PlantVillage) 8 98.05 Hybrid texture features 

This 
Work 

Proposed ATSA-

DenseNet 
PlantVillage (3- 

& 4-crops) 

8 / 10 100.00 / 99.94 
Dual-attention improves feature 

localization and channel 

representation. 

Second, confusion matrix analysis shows strong class separation, particularly for visually similar 

diseases such as tomato early blight and late blight, suggesting improved discriminative feature learning. 

Third, the macro F1-scores indicate a balanced relationship between precision and recall, highlighting 

the model’s stable performance across multiple disease categories. Finally, while lightweight architectures 
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such as MobileNetV2 provide strong efficiency advantages, the DenseNet121-based configuration 

demonstrates more stable classification performance as the number of classes and crop diversity increases. 

These findings suggest that dense connectivity combined with attention-guided feature refinement can 

enhance representation learning for multi-crop disease classification tasks. The comparison indicates that 

the proposed dual-attention configuration achieves competitive performance relative to recent attention-

based approaches while maintaining a lightweight architectural design. 

3.7. Limitations and Future Work 

Although the proposed ATSA-DenseNet framework demonstrates strong performance across both 

3-crop and 4-crop datasets, several limitations should be acknowledged. First, the experiments are 

conducted on the PlantVillage dataset, which consists of images captured under relatively controlled 

conditions with homogeneous backgrounds. While this setting enables standardized benchmarking, real-

world agricultural environments typically involve more complex scenarios, including varying 

illumination, background clutter, occlusion, and overlapping leaves. Second, the current evaluation 

primarily focuses on classification performance under a fixed dataset configuration. Although the 

proposed dual-attention mechanism improves discriminative capability without increasing model 

complexity, further validation on cross-domain datasets or field-acquired images is necessary to fully 

assess generalization capability. The cross-dataset evaluation results further confirm that models trained 

on controlled datasets do not directly generalize to real-world environments. This highlights the 

necessity of incorporating field-acquired data and domain adaptation strategies for practical deployment. 

Finally, while the proposed architecture maintains a relatively lightweight footprint suitable for edge 

deployment, additional optimization techniques, such as model pruning, quantization, or hardware-

aware compression, can be investigated to further improve inference efficiency. These directions will be 

explored in future work to support scalable and real-time plant disease monitoring systems in precision 

agriculture. 

4. Conclusion 
This study introduces ATSA-DenseNet, a redundancy-aware dual-attention framework that 

integrates the spatial branch of CBAM with ECA within a DenseNet121 backbone for multi-crop plant 

disease classification. Unlike prior dual-attention approaches that retain full CBAM and potentially 

introduce channel-level redundancy, the proposed design isolates complementary spatial and channel 

mechanisms to enhance representational efficiency without increasing computational complexity. 

Experimental evaluation on controlled multi-crop PlantVillage-derived datasets demonstrates that the 

proposed architecture consistently outperforms baseline and single-attention variants. On the 4-crop 

configuration, ATSA-DenseNet achieves 99.94% accuracy and a macro-F1 score of 0.9994 while 

maintaining a lightweight footprint (6.96M parameters, 2.87G FLOPs). Cross-validation analysis further 

confirms stable performance with low variance, indicating that improvements are not dependent on a 

specific data split. While the near-perfect performance observed on the 3-crop dataset reflects strong 

intra-dataset generalization, the results should be interpreted within the context of controlled imaging 

conditions. Therefore, the contribution of this work lies not in claiming field-level robustness, but in 

demonstrating that redundancy-aware dual-attention improves feature discrimination efficiency under 

standardized multi-class evaluation. Grad-CAM analysis suggests that the proposed architecture 

promotes more localized activation on disease-relevant regions compared to the baseline, contributing 

to improved interpretability. These findings highlight the effectiveness of redundancy-aware dual-

attention integration for improving feature discrimination while maintaining computational efficiency 

in multi-crop disease detection. Future work will focus on enhancing generalization and deployment 

readiness under real-world agricultural conditions. 
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