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Abstract: The study proposes a fusion architecture for tomato disease classification that combines two complementary 

backbones—EfficientNet‑B0 and MobileNetV2—via feature concatenation and a hierarchical fusion head. Each 

branch applies global pooling, dropout, and fully connected layers before feature aggregation; the concatenated 

representation is then processed by the fusion head to produce the final prediction. Evaluation on an independent test 

set (n = 1000) shows that the fusion model reduces loss and improves overall accuracy relative to individual backbones, 

effectively correcting many systematic errors made by MobileNetV2 while achieving performance comparable to 

EfficientNet‑B0. Paired statistical testing using McNemar's test indicates the reduction in misclassifications is 

practically significant, suggesting the improvements are not attributable to random variation. The concatenation-based 

aggregation preserves full channel-wise information from both backbones, enabling the fusion head to learn cross-

channel interactions and selectively reweight complementary signals to mitigate the weaknesses of each backbone. 

These findings support the use of feature‑level fusion to enhance the robustness and accuracy of plant disease 
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classification systems. 
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1. INTRODUCTION 

Tomato (Solanum lycopersicum) is consumed worldwide due to its rich nutritional content, 

including vitamins B and E and β‑carotene [1]. Euromonitor International reports that tomatoes 

are processed into a variety of products, including paste, soups, pizza, and ketchup [2]. Given their 

substantial contributions to food security and health, tomatoes are a vital agricultural commodity. 

The Food and Agriculture Organization of the United Nations (2025), with major processing by 

Our World in Data, reports that in 2025, global tomato production was dominated by China with 

70.12 million tons, followed by India with 20.43 million tonnes [3]. 

Plant disease outbreaks are one of the factors affecting tomato production, alongside agronomic 

factors such as farm management, soil type and fertility, and climate change. According to Ref. 

[4], tomato diseases primarily attack the leaves. Diseases such as leaf spot, leaf blight, and viral 

infections can reduce photosynthetic capacity, stunt growth, and even cause plant mortality. 

Moreover, tomato diseases can spread rapidly and cause substantial yield losses. Acute, 

widespread outbreaks can reduce tomato production by 20–30%. These production declines have 

serious economic consequences [5], including reduced farmers' incomes, threats to food security, 

and potentially higher consumer prices. 

Early and accurate diagnosis of tomato diseases is crucial for mitigating their negative impacts and 

ensuring sustainable production. The main challenges for early detection are farmers' limited 

knowledge and restricted access to information due to resource constraints, as well as the high 

diversity of disease types. These challenges often result in delayed intervention, leading to further 

disease spread and irreversible crop damage before effective measures can be implemented. 

Diagnosis is typically performed by observing the affected plant parts and then subjectively 

assessing the disease. This approach is often slow, inaccurate, and inefficient, making it 

challenging to implement on a large scale in agricultural management. 

The advancement of computational technologies has introduced a new paradigm for addressing 

these challenges. In general, there are two approaches to diagnosing tomato diseases: machine 

learning (ML) and deep learning (DL). Several ML methods have been reported to deliver strong 

classification results, such as Support Vector Machine (SVM) [5], [6], Random Forest (RF)[7], 
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and K-Nearest Neighbor (KNN) [8]. Although ML methods can provide good classification 

performance, they require preprocessing of leaf images and manual feature extraction. Deep 

learning overcomes the limitations of traditional, domain-expert-dependent feature engineering by 

automatically learning features from raw image data. 

DL methods offer greater flexibility regarding input images because the feature-extraction step 

can be bypassed. Convolutional Neural Network (CNN)-based models dominate this approach. 

The following studies have applied pretrained CNN models such as VGG [9], [10], [11], [12], 

ResNet[13], [14], [15], [16], AlexNet [17], [18], [19], DenseNet [20], [21], [22], [23], Inception 

[24], [25], [26], Xception [27], [28], [29], EfficientNet‑B0 [30], [31], [32] and MobileNet [33], 

[34]. These studies indicate that convolutional mechanisms have been widely used to detect tomato 

diseases. 

This study focuses specifically on lightweight architectures: EfficientNet‑B0 and MobileNetV2, 

because they offer favorable trade-offs between accuracy, parameter count, and inference cost, 

making them suitable for real-world deployment on edge devices and in resource-constrained 

farming environments. We propose a novel fusion model that extracts features in parallel from 

both EfficientNet‑B0 and MobileNetV2 backbones and then concatenates the resulting feature 

streams. The rationale for model fusion and concatenation is threefold: 

• Complementary representations: different backbones emphasize different inductive biases. 

Parallel extraction enables the model to capture complementary, multi-scale, and texture-

oriented features that a single backbone might miss. 

• Richer feature space via concatenation: concatenation preserves the complete set of 

features from both backbones, ensuring a comprehensive representation. By concatenating 

feature maps, the fusion head receives a higher-dimensional, information-rich 

representation that downstream layers can selectively exploit to form stronger, 

discriminative patterns. 

• Practical and flexible aggregation: concatenation is simple and parameter-efficient as an 

operation (no learnable blending weights required initially), and attention mechanisms to 

learn optimal combinations without losing raw features at the merge point. 

By addressing these aspects, our fusion model aims to achieve superior diagnostic accuracy and 

robustness, particularly in challenging real-world agricultural settings. 

Contributions of this study include: (1) a fusion architecture that combines backbone models in 

parallel for feature extraction, (2) feature aggregation from two heterogeneous backbones using 
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concatenation, and (3) a comprehensive evaluation comparing backbone performance and fused 

model performance. We hypothesize that this fusion approach will enrich image representations 

and improve classification performance while remaining practical for deployment because the 

chosen backbones are lightweight. 

 

2. RELATED WORKS 

In research on tomato disease classification, both machine learning (ML) and deep learning (DL) 

approaches have been widely investigated. ML methods offer greater transparency into which 

hand-crafted features drive classification decisions, but they require an explicit feature-extraction 

stage before model training. For example, Ref. [5] extracted a comprehensive set of statistical and 

texture descriptors, including contrast, energy, correlation, mean, homogeneity, entropy, variance, 

standard deviation, root mean square, skewness, and kurtosis, and found that SVM achieved the 

highest per-class accuracy among the compared ML classifiers. Similarly, Ref. [6] reported 

superior SVM performance when features derived from the Gray-Level Co-Occurrence Matrix 

(GLCM) and Scale-Invariant Feature Transform (SIFT) were used. In contrast, Ref. [7] showed 

that Random Forest (RF) produced competitive results using KAZE key point descriptors, while 

Ref. [8] observed that K-Nearest Neighbors (KNN) reached an accuracy of 97%, albeit with the 

caveat that KNN is an instance-based (lazy) learner and therefore does not yield a compact, 

generalized model representation. Together, these studies indicate that although ML pipelines can 

deliver strong accuracy, their reliance on manual feature design and the variation in best-

performing algorithms motivate the exploration of end-to-end DL methods and hybrid strategies 

for more robust, deployable solutions, especially for large-scale, automated agricultural 

applications. 

The application of pre-trained deep learning models, combined with transfer learning, has been 

widely investigated for tomato disease classification. Several studies highlight the strengths of 

particular architectures. VGG-19 was employed in Ref. [9], achieving 92.5% accuracy. Ref. [10] 

also used VGG-19 but incorporated HSV-space image segmentation as preprocessing; freezing the 

convolutional layers during training yielded an accuracy of 99.72%. A VGG-16 variant with 

transfer learning yielded 95.71% accuracy in Ref. [11].  

Pretrained ResNet models have likewise been applied: Ref. [13] reported ResNet-50 

delivering >99% accuracy across three dataset-split scenarios (70:30, 80:20, and 90:10). 

ResNet-101 was evaluated in Ref. [14] with hyperparameter tuning (learning rate, batch size, and 
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number of epochs) and produced high accuracy. Ref. [15] compared multiple ResNet variants 

(ResNet-18, ResNet-34, ResNet-50, ResNet-101, ResNet-152, Res2NeXt-50, and Res2Net-50d) 

and found Res2NeXt-50 to be the best performer in terms of classification accuracy. 

The performance of alternative backbone architectures—such as AlexNet, DenseNet, Inception, 

Xception, EfficientNet, and MobileNet—has also been extensively investigated for tomato disease 

classification. AlexNet, augmented with hand-crafted descriptors such as Histogram of Oriented 

Gradients (HOG) and Local Binary Patterns (LBP), demonstrated improvements in Ref. [17], and 

further gains were reported in Ref. [18] through hyperparameter tuning of the AlexNet backbone. 

DenseNet variants have also shown strong performance: hyperparameter optimization via Particle 

Swarm Optimization (PSO) yielded the best results in Ref. 18, and DenseNet201 achieved 98.70% 

accuracy in Ref. [21].  

Inception-family and related architectures were also successful. Ref. [24] proposed a multi-kernel 

Inception extension, Ref. [25] fine-tuned InceptionV3 with favorable outcomes, and Ref. [26] 

integrated InceptionV4 into an AlexNet hybrid. In several studies, Inception variants were 

employed both as pre-trained feature extractors, where the convolutional base produces deep 

representations that are pooled and fed to lightweight classifiers, and as end-to-end fine-tuned 

backbones, with the choice depending on dataset size and overfitting risk. Pretrained Xception 

models achieved 82.89%[27], 85.84% [28], and 90% [29] in different studies. Xception has been 

used either as a fixed feature extractor (extracting high-level convolutional features for 

downstream classifiers) or as a fine-tuned backbone, often providing improved representational 

capacity for texture-rich leaf imagery. 

A comprehensive survey of EfficientNet variants (B0–B7) in Ref. [30] identified EfficientNet-B5 

as the best performer; other works report high accuracy with EfficientNet-B0 and B1[31], [32]. 

EfficientNet employs a compound scaling strategy that jointly balances network depth, width, and 

input resolution, combined with MBConv blocks and squeeze-and-excitation modules to achieve 

high representational power per parameter. These design choices make EfficientNet particularly 

effective as a pre-trained feature extractor and as a fine-tuned backbone for leaf disease 

classification, offering strong multi-scale texture modeling while remaining computationally 

efficient. For practical trade-offs, B0/B1 are recommended for resource-constrained or real-time 

deployments, while B5 frequently provides the best accuracy-to-cost balance on larger datasets. 

For further background and implementation guidance on compound scaling (EfficientNet) [35]. 

Finally, MobileNet demonstrated an excellent efficiency–accuracy trade-off, achieving 



6 

MOLA, DJAHI, KARNYOTO, AMOS PAH, KLEDEN, KENLOPO, PARDAMEAN 

approximately 98% accuracy with very few parameters [33], [34]. In particular, MobileNetV2 

introduces inverted residuals and linear bottlenecks in combination with depthwise-separable 

convolutions, enabling preserved information flow, reduced parameter count, and low 

computational cost, properties that make it especially suitable as a lightweight backbone or pre-

trained feature extractor for edge and mobile deployments. In fusion frameworks, MobileNetV2 

can provide complementary, low-latency feature streams that pair well with larger backbones for 

multi-scale ensemble or attention-based fusion, enabling high overall accuracy with reduced 

inference time and memory footprint. 

 

3. PRELIMINARIES 

3.1 Research Methodology 

3.1.1 EfficientNet-B0 Model 

EfficientNet-B0 is built on a compact, performance-oriented design that combines mobile inverted 

bottleneck convolution (MBConv) blocks with squeeze-and-excitation (SE) modules to achieve 

high representational power with a low parameter and FLOPs budget; this construction preserves 

both channel and spatial sensitivity while remaining computationally efficient for downstream 

fine-tuning. The model's defining methodological contribution is compound scaling. This 

principled rule jointly scales network depth, width, and input resolution using a set of optimized 

coefficients rather than adjusting any single dimension in isolation. Compound scaling enables a 

family of models (with B0 as the baseline) to achieve consistently improved accuracy per 

additional computational cost compared with naïve scaling strategies [35]. 

The MBConv block is the principal computational unit in EfficientNet: it consists of a 1 × 1 

pointwise convolution for channel expansion, a 𝑘 × 𝑘  depthwise convolution for spatial 

processing at low FLOPs, an integrated SE module for channel reweighting, and a final 1 × 1  

projection to restore the output channel dimensionality. When the input and output spatial sizes 

match, and the stride is 1, a residual skip connection is employed. MBConv's inverted-bottleneck 

pattern increases representational capacity during the expansion phase, while depthwise 

convolution maintains computational efficiency. The projection and skip preserve low-level 

information flow. The strategic combination of these elements within the MBConv block enables 

EfficientNet-B0 to achieve a remarkable balance between high representational power and 

computational efficiency, making it suitable for tasks that require both accuracy and deployability. 

The SE module performs channel-wise recalibration by first aggregating each channel via global 
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average pooling, then passing the resulting vector through a small bottleneck consisting of two 

fully connected layers with a non-linearity and a sigmoid output to generate per-channel attention 

weights. These weights scale the input feature maps so that informative channels are emphasized 

and less relevant channels are suppressed. SE thus captures global channel dependencies and 

enhances discriminative power with a modest increase in parameter count. MBConv blocks are 

organized into multiple sequential stages, and some blocks within a stage perform spatial 

downsampling (stride = 2) to reduce the spatial resolution progressively. This staged design creates 

a hierarchical feature representation: early stages capture local, high-resolution details; 

intermediate stages aggregate mid-level patterns; and later stages encode high-level semantic 

features with large effective receptive fields. The controlled allocation of block repeats and channel 

widths across stages balances representational richness and computational cost. 

3.1.2 MobileNetV2  

MobileNetV2 is based on the inverted residual architecture with a linear bottleneck. Each residual 

module first expands the channel dimension to enable rich nonlinear feature extraction via 

depthwise separable convolutions, then projects back to a low-dimensional linear bottleneck to 

avoid information loss through non-linearities. This arrangement retains the benefits of residual 

connectivity while minimizing computational cost and preserving the integrity of essential 

low‑dimensional manifolds. The architecture was designed explicitly for resource-constrained 

environments, offering a favorable trade-off between latency and representational power. 

Architecturally, MobileNetV2 combines depthwise separable convolutions, an adjustable width 

multiplier, and compact bottleneck blocks to produce lightweight, fast encoders that maintain 

stable gradient flow and robust low‑level feature preservation. The linear bottleneck mitigates 

feature collapse that can occur when activations are low-dimensional, while the inverted residual 

skip connections facilitate optimization and promote feature reuse across layers. These properties 

yield features that are compact, locally descriptive, and stable under quantization or other 

deployment optimizations. 

3.1.3 Proposed Fusion Model 

We propose a parallel fusion architecture (Figure 1) that processes the same input image with two 

complementary convolutional backbones: EfficientNet B0 and MobileNetV2, whose high-level 

feature tensors are aligned via lightweight projection layers, then concatenated element-wise to 

form a unified embedding for downstream classification or dense prediction heads. The parallel 

design preserves the independent inductive biases of each backbone, allowing the network to learn 
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modality-specific feature transforms, while the average aggregation enforces an information-

balanced representation. This fusion scheme targets a practical trade-off: it retains rich semantic 

channel interactions from EfficientNet-B0 while preserving the spatially sensitive, low-cost 

representations characteristic of MobileNetV2, producing a model that is both discriminative and 

deployable. 

 

Figure 1. Proposed Fusion Model 

When used as one arm of a fusion backbone, EfficientNet-B0 provides high-capacity, channel-rich 

representations that complement lighter, more linear encoders. Its learned inductive biases, 

concentrated receptive field aggregation, channel attention via SE, and systematic scale handling 

make its feature outputs well-suited for downstream fusion strategies that require informative, 

multi-scale embeddings. Conversely, MobileNetV2 serves as a complementary encoder, supplying 

concise, linearly preserved features that stabilize and regularize the fused representation. Its 

inductive bias toward retaining low‑dimensional manifold structure and providing efficient spatial 

detail blends well with the richer, channel‑attended embeddings from EfficientNet‑B0. In practice, 

MobileNetV2's low computational footprint allows designers to allocate more capacity to the 

complementary backbone or to the fusion mechanism itself without exceeding resource constraints, 

thereby improving the overall scalability and deployability of the fused model. 

Global average pooling (GAP) is adopted as the spatial aggregation mechanism because it 

substantially reduces the number of trainable parameters relative to fully connected classifiers, 

while establishing a direct correspondence between spatial feature maps and class logits. GAP 
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enhances generalization and interpretability while mitigating overfitting. Dropout is incorporated 

as a stochastic regularizer to curb co-adaptation in the terminal classifier and to temper the 

increased capacity introduced by the dual backbones. Empirically, dropout promotes balanced 

contributions from each pathway and improves resilience to label noise and distributional shifts. 

Together, GAP and dropout are critical for managing the increased complexity of a dual-backbone 

fusion model, ensuring that the combined features yield a generalized, robust classifier rather than 

overfitting to the training data. 

We adopt feature concatenation as the fusion strategy to integrate the representations from the 

backbones, maintaining the complementary information captured by each backbone without 

scaling bias. Concatenation merges the feature vectors along the channel dimension, allowing the 

fused representation to retain all distinctive characteristics captured independently by each 

backbone. This technique avoids any implicit assumption of linearity or equal contribution, 

providing flexibility for subsequent layers to learn complex, nonlinear interactions across the 

combined features. The rationale behind concatenation lies in preserving maximal information 

diversity, enabling richer feature expressiveness compared to element-wise operations. 

Technically, concatenation avoids magnitude distortion or bias towards any backbone, as it does 

not involve direct arithmetic combination that might alter activation scales. This design choice 

supports stable training dynamics and helps in effectively leveraging the complementary strengths 

of both EfficientNet-B0 and MobileNetV2. 

3.2 Evaluation Method 

In the performance evaluation, the principal metrics employed are accuracy, precision, recall 

(sensitivity), and the F1-score, all of which are derived from the confusion-matrix elements: true 

positive (TP), true negative (TN), false positive (FP), and false negative (FN). Mathematically, 

accuracy is defined as 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑘 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
  (1) 

For a given class 𝑘, precision and recall are defined as 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑘 =  
𝑇𝑃𝑘

𝑇𝑃𝑘+𝐹𝑃𝑘
 (2) 

 𝑅𝑒𝑐𝑎𝑙𝑙𝑘 =  
𝑇𝑃𝑘

𝑇𝑃𝑘+𝐹𝑁𝑘
 (3) 

respectively, and the class F1-score is the harmonic mean of precision and recall 

 𝐹1 − Score𝑘 =  
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑘 × 𝑅𝑒𝑐𝑎𝑙𝑙𝑘

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑘+𝑅𝑒𝑐𝑎𝑙𝑙𝑘
 (4) 
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4. MAIN RESULTS 

4.1 Dataset 

The study uses the Tomato Leaf Disease Detection dataset [36], which comprises 10,000 tomato 

leaf images annotated across 10 classes: Mosaic virus, Target spot, Bacterial spot, Tomato Yellow 

leaf curl virus, Late blight, Leaf mold, Early blight, Two-spotted spider mite, Septoria leaf spot, 

and Healthy. A balanced dataset ensures reliable performance metrics and a true assessment of the 

classifier's generalization across all disease types, preventing skew from class imbalance. Each 

class contains 1,000 images, yielding a balanced class distribution. The dataset was partitioned 

into training (80%, 8,000 images), validation (10%, 1,000 images), and test (10%, 1,000 images) 

subsets. Representative examples for each class are shown in Figure 2. The training set was used 

to fit model parameters, the validation set to monitor learning and tune hyperparameters to mitigate 

overfitting, and the test set to evaluate final model performance.  

4.2 Training 

All models were trained using the Adam optimizer with a learning rate of 0.0001, a batch size of 

32, and a dropout rate of 0.3 applied to the fully connected heads. Both backbones were initialized 

with ImageNet-pretrained weights and fine-tuned for up to 20 epochs; the fusion strategy was the 

concatenation of the two head outputs (Table 1). 

 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

 

(e) 

 

(f) 

 

(g) 

 

(h) 

 

(i) 

 

(j) 

Figure 2.  Example images of each class: (a) Mosaic virus, (b) Target spot, (c) Bacterial spot, (d) 

Tomato Yellow leaf curl virus, (e) Late blight, (f) Leaf mold, (g) Early blight, (h) Septoria leaf 

spot, (i) Two-spotted spider mite, (j) Tomato Healthy 
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Table 1.  Hyperparameter 

Hyperparameter Value 

Learning rate 0.0001 

Epoch 20 

Optimizer Adam 

Dropout rate 0.3 

Batch size 32 

Pretrained weight ImageNet 

Fusion strategy Concatenation 

The training curves (Figure 3) for the proposed fusion model exhibit a rapid initial reduction in 

training loss, followed by a smooth progression toward convergence, with validation metrics 

closely tracking the training trajectory throughout most epochs. This behavior indicates effective 

optimization and stable learning dynamics, suggesting that the fusion architecture successfully 

integrated complementary representations from the constituent backbones without inducing 

significant generalization gaps. Minor fluctuations observed in the validation trace are limited in 

magnitude. They are consistent with expected sampling variability or occasional noisy examples 

in the validation set rather than clear signals of systematic overfitting. 

These results suggest that the current hyperparameter choices and fusion strategy yield a model 

that generalizes well to held-out data, although targeted measures could further enhance robustness. 

Specifically, employing early stopping based on smoothed validation loss, augmenting borderline 

cases, and validating on an external dataset would strengthen claims of generalizability. 

 

Figure 3. Training and validation curves for the proposed fusion model, showing rapid 

convergence of training loss/accuracy and stable validation performance, indicative of effective 

feature integration and good generalization 
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4.3 Model Performances 

4.3.1 EfficientNet-B0 backbone performance 

The classification results (Table 2) indicate that the proposed model achieved robust performance 

across all tomato disease categories, with an overall accuracy of 97.9%. Class-wise precision 

ranged from 94.90% (Early blight) to 99.01% (Mosaic virus and Healthy). In comparison, recall 

ranged from 92.0% (Late blight) to 100% across several classes, including Bacterial spot, Yellow 

leaf curl virus, Mosaic virus, and Healthy. Corresponding F1-scores were similarly high, reaching 

99.5% for Mosaic virus and Healthy, and comparatively lower for Early blight (93.94%) and Late 

blight (95.34%). Macro-average and weighted-average metrics were approximately 97.9%, 

reflecting consistent performance across classes and balanced predictive behavior relative to the 

label distribution. Collectively, these findings demonstrate the model's strong discriminative 

capability for tomato disease detection. Although targeted improvements in sensitivity for Early 

blight and Late blight may further enhance diagnostic reliability in cases with similar visual 

manifestations, the model's current performance is notable. Overall, EfficientNet-B0 demonstrates 

strong accuracy in tomato disease classification, establishing a strong baseline for the fusion model. 

Table 2. EfficientNet-B0 backbone classification report 

Class Precision Recall F1-Score 

Bacterial spot 0.9709 1 0.9852 

Early blight 0.949 0.93 0.9394 

Late blight 0.9892 0.92 0.9534 

Leaf mold 0.9899 0.98 0.9849 

Septoria leaf spot 0.99 0.99 0.99 

Two-spotted spider mite 0.9802 0.99 0.9851 

Target spot 0.9608 0.98 0.9703 

Yellow leaf curl virus 0.9804 1 0.9901 

Mosaic virus 0.9901 1 0.995 

Healthy 0.9901 1 0.995 

accuracy 0.979 0.979 0.979 

macro avg 0.9791 0.979 0.9788 

weighted avg 0.9791 0.979 0.9788 

 

The normalized confusion matrix (Figure 4) for the EfficientNet-B0 backbone demonstrates 

predominantly strong diagonal values, indicating excellent per‑class discrimination and overall 

model robustness on the test set; several classes (e.g., Bacterial spot, Yellow leaf curl virus, Mosaic 
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virus, and Healthy) exhibit near‑perfect recall, while most others exceed 0.98. Notably, albeit 

limited, confusions occur between visually similar conditions: Early blight shows a diagonal value 

of approximately 0.93 with small proportions (~2% and ~4%) misclassified as Bacterial spot and 

Target spot, respectively, and Late blight has a diagonal near 0.92 with modest misclassification 

toward Early blight and minor spillover to Leaf mold and Yellow leaf curl virus. These patterns 

suggest the model reliably separates distinct disease phenotypes but encounters challenges with 

borderline or visually overlapping presentations. Taken together, the results demonstrate the strong 

discriminative capability of EfficientNet-B0 for tomato disease identification on the current dataset. 

 

Figure 4.  Confusion matrix of EfficientNet-B0 backbone 

4.3.2 MobileNetV2 backbone performance 

The MobileNetV2 backbone model achieved an overall accuracy of 95.3%, with consistent macro- 

and weighted-average scores (approximately 95.3% for precision, recall, and F1), indicating 

balanced and discriminative performance across disease categories. Several classes attained 

near‑perfect metrics. For instance, Mosaic virus and healthy samples achieved 100% recall and an 

F1 score of 99.01%, while Yellow leaf curl virus achieved 98.99% precision and an F1 score of 

98.49%, reflecting the model's capacity to identify conditions with distinctive visual signatures. 
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Nevertheless, certain classes require further attention: Tomato Early blight showed a relatively low 

recall (85.0%) despite high precision (93.41%; F1 = 89.01%), whereas Tomato Target spot 

presented lower precision (87.85%) but high recall (94.0%; F1 = 90.82%), suggesting a tendency 

toward false negatives for Early blight and ambiguity/false positives for Target spot; Tomato 

Septoria leaf spot displayed high recall (96.0%) but moderate precision (90.57%; F1 = 93.20%). 

These error patterns likely stem from visual similarity among lesion types, class imbalance, and 

intra‑class variability (Table 3). 

Table 3.   MobileNetV2 backbone classification report 

Class Precision Recall F1-Score 

Bacterial spot 0.9697 0.96 0.9648 

Early blight 0.9341 0.85 0.8901 

Late blight 0.9688 0.93 0.949 

Leaf mold 0.9596 0.95 0.9548 

Septoria leaf spot 0.9057 0.96 0.932 

Two-spotted spider mite 0.9697 0.96 0.9648 

Target spot 0.8785 0.94 0.9082 

Yellow leaf curl virus 0.9899 0.98 0.9849 

Mosaic virus 0.9804 1 0.9901 

Healthy 0.9804 1 0.9901 

accuracy 0.953 0.953 0.953 

macro avg 0.9537 0.953 0.9529 

weighted avg 0.9537 0.953 0.9529 

The provided normalized confusion matrix for the MobileNetV2 backbone demonstrates robust 

per‑class classification performance, with most diagonal entries approaching 1.00, indicating 

near‑perfect accuracy for classes such as Bacterial spot, Yellow leaf curl virus, Mosaic virus, and 

Healthy. Minor confusions are observed (Figure 5): Early blight shows a diagonal value of 

approximately 0.93 with roughly 2% of instances misclassified as Bacterial spot and 4% as Target 

spot; Late blight presents a diagonal near 0.92 with about 5% of samples misattributed to Early 

blight; Leaf mold and Septoria leaf spot retain very high diagonal values (~0.98–0.99) with 

negligible leakage (e.g., Septoria leaf spot → Healthy ≈1%); and Two-spotted spider mites exhibits 

a diagonal around 0.99 with approximately 1% confusion toward Mosaic virus. 
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Figure 5.  Confusion matrix of MobileNetV2 backbone 

 

4.3.3 Fusion model performance 

The fusion model achieved an overall accuracy of 98.2%, with macro- and weighted-average 

precision, recall, and F1‑score converging at approximately 98.22%, indicating consistently high 

performance across classes (Table 4). Per‑class results further underscore this robustness: Bacterial 

spot, Mosaic virus, and Healthy achieved perfect recall (1.00) with F1‑scores ≥ 0.985, while Leaf 

mold and Yellow leaf curl virus exhibited precision and F1 values close to 0.99, reflecting strong 

discriminability. A slightly lower recall for Early blight (0.94) and modestly reduced precision for 

Target spot (0.9515) indicate isolated false negatives and false positives, respectively; yet, both 

classes retain high F1‑scores (≥ 0.959), suggesting a limited practical impact on overall 

performance. Collectively, these metrics demonstrate the effectiveness of the fusion strategy in 

delivering balance and high-fidelity classification. 
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Table 4.   Fusion model classification report 

Class Precision Recall F1-Score 

Bacterial spot 0.9804 1 0.9901 

Early blight 0.9792 0.94 0.9592 

Late blight 0.9898 0.97 0.9798 

Leaf mold 0.99 0.99 0.99 

Septoria leaf spot 1 0.97 0.9848 

Two-spotted spider mite 0.98 0.98 0.98 

Target spot 0.9515 0.98 0.9655 

Yellow leaf curl virus 0.99 0.99 0.99 

Mosaic virus 0.9709 1 0.9852 

Healthy 0.9901 1 0.995 

accuracy 0.982 0.982 0.982 

macro avg 0.9822 0.982 0.982 

weighted avg 0.9822 0.982 0.982 

 

The normalized confusion matrix for the fusion model (Figure 6) demonstrates near-perfect class 

discrimination, with dominant diagonal entries equal to 1.00 for Bacterial spot, Mosaic virus, 

Yellow leaf curl virus and Healthy, and majority of remaining classes exhibiting true-positive rates 

between 0.92 and 0.99; Early blight shows a reduced true-positive rate (~0.93) with small 

proportions of instances misclassified as Bacterial spot and Target spot, while Late blight (≈0.92) 

presents limited confusion primarily toward Early blight and marginally toward Yellow leaf curl 

virus. Leaf mold, Septoria leaf spot, Two-spotted spider mites, and Target spot each retain high 

per-class fidelity (≈0.98–0.99), with only trace off-diagonal leakage to visually related classes (e.g., 

Leaf mold → Tomato mosaic virus; Septoria leaf spot → healthy; Spider mites → Tomato mosaic 

virus; Target spot ← Septoria leaf spot). The localized, and anatomically plausible pattern of errors 

suggests that residual misclassifications are driven by intrinsic lesion-level ambiguity and intra-

class variability rather than by systematic model bias. 
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Figure 6.  Confusion matrix of the fusion model 

Table 5 shows that the fusion model achieved the highest performance, with an accuracy of 98.2% 

(982 correct, 18 incorrect), outperforming EfficientNet-B0 (97.9% (979 correct, 21 incorrect)) and 

MobileNetV2 (95.3% (953 correct, 47 incorrect)).  

Table 5.   Model accuracy comparison. 

Model Accuracy 
Data Test 

Correctly classified Misclassified Total 

EfficientNet-B0 97.9 979 21 1000 

MobileNetV2 95.3 953 47 1000 

Fusion model 98.2 982 18 1000 

The absolute difference between the fusion model and EfficientNet-B0 is slight (0.3 percentage 

points; a reduction of 3 misclassifications, ≈14.3% relative reduction), whereas the improvement 

relative to MobileNetV2 is more pronounced (2.9 percentage points; a reduction of 29 

misclassifications, ≈61.7% relative reduction). These results indicate that the fusion approach 

provides a consistent improvement in overall accuracy and error reduction compared with single-
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backbone models, most notably against MobileNetV2. At the same time, the advantage over 

EfficientNet-B0 is modest (Table 6). 

Table 6.   Misclassified by EfficientNet-B0 and MobileNetV2 but correctly predicted by the 

fusion model. 

Model Misclassified (by model) Correctly classified by the Fusion model 

EfficientNet-B0 21 11 

MobileNetV2 47 33 

Based on Tables 7 and 8, the McNemar's paired test (n = 1000) showed no statistically significant 

difference between the fusion model and EfficientNet-B0 (b = 11, c = 8; 𝑥𝑐𝑜𝑛𝑡
2 = 0.21, 𝑝𝑒𝑥𝑎𝑐𝑡 = 

0.648), indicating comparable classification performance. In contrast, the fusion model 

significantly outperformed MobileNetV2 (b = 33, c = 4; 𝑥𝑐𝑜𝑛𝑡
2  = 21.19, 𝑝𝑒𝑥𝑎𝑐𝑡  = 4.2×10⁻⁶), 

demonstrating that the fusion approach corrected substantially more MobileNetV2 errors (two-

sided exact test, 𝛼 = 0.05). These statistical findings formally confirm that, while the fusion 

model achieves performance on par with the high-performing EfficientNet-B0, its primary strength 

lies in systematically overcoming the limitations of the more lightweight MobileNetV2, making it 

a robust and efficient solution for practical deployment. 

Table 7.   2 × 2 contingency table of paired classification outcomes for Fusion vs EfficientNet-

B0 on the test set (n = 1000). 

 

The fusion model 

misclassified 

The fusion model 

correctly classified 

Total  

EfficientNet-B0 misclassified 10 11 21 

EfficientNet-B0 correctly classified 8 971 979 

Total 18 982 1000 

 

Table 8.   2 × 2 contingency table of paired classification outcomes for Fusion vs MobileNetV2 

on the test set (n = 1000). 

 

The fusion model 

misclassified 

The fusion model 

correctly classified 

Total  

MobileNetV2 misclassified 14 33 47 

MobileNetV2 correctly classified 4 949 953 

Total 18 982 1000 
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4.3.3 Visualization 

Grad‑CAM [37] visualizations (Table 9) indicate that the model frequently localizes to 

lesion‑specific features for classes characterized by distinct, high‑contrast symptoms. For instance, 

Target spot and Early blight show strong, concentrated activations in concentric necrotic rings; 

Septoria leaf spot presents multiple spatially distributed saliency peaks aligned with small spot 

lesions; and Late blight yields broad, contiguous activations that follow extensive necrotic or 

water‑soaked regions. Bacterial Spot and Leaf mold likewise produce heatmaps that correlate with 

discrete speckles or patchy-textured areas on the lamina. These lesion‑driven localizations 

demonstrate the model's ability to exploit class‑specific visual signatures when lesions are 

sufficiently salient and spatially well‑defined. 

Concurrently, Grad‑CAM also reveals systematic reliance on structural or positional cues in cases 

with diffuse, low‑contrast, or morphology‑dominant symptoms. For viral and diffuse conditions 

(e.g., Mosaic virus and Yellow leaf curl virus), activations often extend to mosaic‑like chlorotic 

regions or shift toward leaf margins and petioles; healthy leaves elicit more diffuse laminar 

attention rather than focal hotspots; and subtle, low‑contrast damage, such as Two‑spotted spider 

mites feeding, yields comparatively dispersed saliency. These patterns imply a dual behavior of 

the classifier: robust lesion‑focused discrimination where visual pathology is prominent, and 

compensatory use of leaf shape, venation, or framing as proxies where lesions are less localized 

or less contrastive. Together, these findings highlight both the model's capacity to capture 

diagnostically relevant visual cues and its tendency to leverage morphological/contextual 

correlates, with direct implications for per‑class interpretability and case‑level reliability of 

automated diagnoses. 
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Table 9. Grad-CAM visualization   

Class 
Original 

Images 

Grad-CAM 

Images 
Class 

Original 

Images 

Grad-CAM 

Images 

Tomato 

Mosaic 

virus    
  

Leaf mold 

  

Target spot 

  

Early blight 

  

Bacterial 

spot 

  

Septoria 

leaf spot 

  

Yellow leaf 

curl virus 

  

Late blight 

  

Healthy 

  

Two-

spotted 

spider mite 

  

 

CONCLUSION 

The fusion architecture leverages the complementary strengths of its constituent backbones to 

produce more robust classification. EfficientNet-B0 provides compact yet expressive visual 

representations that capture higher-resolution features and complex structural patterns. At the same 

time, MobileNetV2 supplies lightweight, texture- and contrast-sensitive features that can be 

especially informative for subtle lesions. By concatenating features, the model preserves complete 

channel-wise information from both backbones, allowing downstream fusion layers to learn 

optimal cross-channel interactions and reweight or suppress signals as needed, rather than 
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discarding them through early averaging or reduction. This design enables the fusion head to 

correct errors introduced by one backbone using complementary signals from the other backbone. 

Paired statistical testing (McNemar's test) corroborates these observations: the fusion model's 

overall accuracy was comparable to that of EfficientNet-B0, while it significantly reduced the 

misclassifications made by MobileNetV2, indicating that the observed gains reflect a genuine 

correction of systematic errors rather than random sample variation. 

For future work, we recommend: dataset curation and augmentation, and external validation and 

systematic testing on additional, independent datasets (including datasets with different acquisition 

conditions, geographic origins, or disease prevalence) to assess generalization and robustness to 

domain shift.  
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