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ABSTRACT 
Plant disease detection is critical for sustainable agriculture and food 

security. While deep learning models achieve high accuracy in leaf 

disease classification, their black box nature poses limitations for trust 

and adoption among agricultural practitioners. This study presents a 

comparative evaluation of three convolutional neural network 

architectures (ConvNeXt-Tiny, MobileNetV2, and VGG16) for 

classifying potato, maize, and pepper leaf diseases, with emphasis on 

explainability through Gradient-weighted Class Activation Mapping 

(Grad-CAM). The experimental results demonstrate that ConvNeXt-Tiny 

achieves 99-100% accuracy across all plant species, MobileNetV2 attains 

97-100% accuracy with lower computational requirements, and VGG16 

yields 97-99.5% accuracy. Grad-CAM visualizations reveal that modern 

architectures precisely focus on lesion regions, whereas older models 

occasionally attend to irrelevant features such as leaf veins and edges. 

Misclassification analysis identifies shadows and natural leaf patterns as 

primary error sources. This research demonstrates that explainable 

artificial intelligence is not merely complementary but essential for 

developing trustworthy agricultural decision support systems. 

 

Keywords: Explainable artificial intelligence, Grad-CAM, Plant disease classification, Agricultural decision support 

 

 

1. Introduction 
 

Agriculture serves as the foundation of global food security and sustainable development. Plant diseases cause significant yield 

losses worldwide, and this challenge is further intensified by climate change dynamics (Savary et al. 2019). Environmental stress 

factors, including water scarcity, temperature fluctuations, and expanding pest distributions, pose serious threats to agricultural 

production systems. Consequently, early disease detection and accurate classification have become increasingly vital for farmers 

and agricultural experts (Ferentinos 2018). 

 

Recent advances in artificial intelligence (AI), particularly deep learning-based image processing techniques, have shown 

promising potential for classifying plant leaf diseases (Liakos et al. 2018; Benos et al. 2021). Deep learning architectures can 

model nonlinear relationships that surpass the limitations of classical statistical methods, thereby achieving superior accuracy 

rates (Breiman 2001; Ryo & Rillig 2017). However, these high-performance systems possess a critical limitation: a lack of 

interpretability. This phenomenon, known as the "black box problem," creates trust issues, particularly in domains such as 

agriculture, where decisions have direct economic and social consequences (Rudin 2019; Rudin et al. 2022). 

 

Explainable Artificial Intelligence (XAI) addresses this challenge by ensuring that models not only provide high accuracy but 

also reveal which features and data elements influence their decisions (Doshi-Velez & Kim 2017; Adadi & Berrada 2018). In 

agricultural applications where end users are farmers and agronomists, model interpretability becomes critically important. 

Researchers have reported that agricultural practitioners experience difficulty trusting unexplained black box models (Barbedo 

2016; Meske & Bunde 2020). 

 

Visualization-based explanation methods are among the most common XAI applications in agriculture. Grad-CAM is widely 

used for visualizing the CNN decision mechanism. Grad-CAM explains the rationale behind classifications by showing through 

heatmaps which leaf regions the model focuses on during prediction (Selvaraju et al. 2017). While Grad-CAM has been applied 

in agricultural image classification studies, it has typically been implemented on single models (Lin et al. 2019; Kundu et al. 

2021). Recent research has demonstrated that XAI methods in smart agriculture contexts enhance model decision interpretability 
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beyond mere accuracy scores and provide transparency in leaf disease classification (Wei et al. 2022; Quach et al. 2023). 

Similarly, Ryo (2022) and Gardezi et al. (2023) emphasized that explainable artificial intelligence methods play an important 

role in increasing user trust and adoption of agricultural decision support systems. 

 

In agricultural applications, Kundu et al. (2021) showed that Grad-CAM revealed relevant features extracted by their Custom-

Net model when classifying pearl millet leaf diseases, and that transfer learning improved feature extraction. Kundu et al. (2022) 

performed feature visualization using Grad-CAM on their MaizeNet model for maize leaf disease detection and severity 

estimation, demonstrating that the model correctly focused on disease regions, achieving 98.50% accuracy. In a study by Wei et 

al. (2022), despite achieving high accuracy on the PlantVillage dataset, Grad-CAM visualizations revealed that in some classes 

the model focused on leaf edges or background features rather than disease symptoms, highlighting that misfocus can lead to 

prediction errors. 

 

Additionally, methods such as SHAP (Lundberg & Lee 2017) and LIME (Ribeiro et al. 2016) have been applied in the literature. 

However, while these methods provide strong explanations, particularly for tabular and numerical data, they are not as intuitive 

as Grad-CAM in terms of visualization for image-based classifications such as leaf diseases. While SHAP and LIME produce 

superpixel-based explanations in image classification, Grad-CAM provides more direct and visually comprehensible 

explanations through heatmaps (Linardatos et al. 2020). For this reason, Grad-CAM has been more frequently preferred in 

agricultural image classification studies in recent years, particularly for explaining CNN-based models. 

 

XAI is also observed to be on the rise in artificial intelligence research generally. Ryo (2022), examining the increase in published 

articles between 2011-2021, demonstrated a dramatic increase in XAI and interpretable machine learning topics, especially after 

2018. This indicates a growing need for explainability not only in agricultural applications but also in diverse fields such as 

medicine, climate science, and autonomous systems (Başağaoğlu et al. 2022). 

 

When evaluated in terms of CNN architectures, the literature reveals examination of different models from an explainability 

perspective. VGG16 (Simonyan & Zisserman 2015), despite being an older architecture, remains a classic model still used for 

comparison purposes. MobileNetV2 (Sandler et al. 2018) stands out particularly for its applicability in field conditions due to 

low hardware requirements. ConvNeXt, a modern CNN developed with inspiration from transformer architectures, has attracted 

attention in recent years with its high accuracy capacity (Liu et al. 2022). However, comparative examination of these three 

models in the same datasets within an XAI context has remained limited in the literature. 

 

Recent studies have made significant contributions to XAI applications in plant disease classification; however, several gaps 

remain. Natarajan et al. (2024) achieved 99.95% accuracy using a fine-tuned deep CNN with Grad-CAM on the PlantVillage 

dataset, but their analysis was limited to a single architecture without comparative evaluation across different model types. 

Similarly, Karim et al. (2024) deployed a modified MobileNetV3Large model with Grad-CAM for real-time grape leaf disease 

detection, demonstrating the potential of lightweight architectures for edge deployment; however, their study focused on a single 

crop and a single model. Alhammad et al. (2025) applied Grad-CAM for potato leaf disease classification but did not provide 

quantitative metrics for evaluating attention map accuracy. The present study addresses these gaps by: (1) providing a systematic 

comparison of three architecturally distinct CNN models (modern high-performance, lightweight deployable, and classical 

baseline) within a unified XAI framework, (2) including both qualitative Grad-CAM visualizations and quantitative IoU-based 

metrics for objective assessment of attention accuracy, (3) analyzing misclassification patterns to identify model-specific 

attention biases, and (4) examining multiple crop species to assess cross-dataset generalizability. 

 

This study aims to comparatively examine different CNN architectures and explain their decision mechanisms through the Grad-

CAM methodology. For this purpose, three different models were selected: ConvNeXt, MobileNetV2, and VGG16. The original 

contribution of this study involves going beyond comparing quantitative performance metrics (e.g. accuracy, F1-score) to explain 

the decision mechanisms of these three models through Grad-CAM visualizations. Secondly, it discusses the results in the context 

of agricultural decision support systems. 

 

2. Material and Methods 
 

2.1. Dataset 

 

This study utilized the PlantVillage segmented dataset, one of the most widely used open data sources for plant leaf disease 

classification (Hughes & Salathé 2015). The dataset contains 8479 samples from three plant species (maize, potato, and pepper), 

encompassing both healthy specimens and various disease classes. The distribution of samples by plant is presented in Table 1. 

Each class receives balanced representation, enabling comparison of learning tendencies across different classes for the models. 
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Table 1- Number of samples for maize, potato, and pepper plants in the PlantVillage segmented dataset 

 
Plant Sample size 

Maize 3852 

Potato 2152 

Pepper 2475 

Total 8479 

 

The data was segmented into three distinct subsets: training (70%), validation (15%), and test (15%). The partitioning process 

utilised a random but deterministic selection method, with a seed value of 42. This ensured reproducibility and consistency. 

Additionally, selecting the segmented version of the dataset clarified the leaf-background distinction, facilitating models to focus 

solely on biologically meaningful regions. This aspect strengthens the interpretability of explainable artificial intelligence (XAI) 

techniques. 

 

2.2. Preprocessing 

 

The images were resized to 224×224 pixels and normalized using mean-standard deviation values from the ImageNet dataset. 

This approach enables more effective use of pre-trained weights during transfer learning (Krizhevsky et al. 2012). Data 

augmentation was applied during training to enhance model generalization capacity: processes including random rotation, 

horizontal flipping, brightness variation, and mild blurring simulated image diversity that could be encountered in field 

conditions. Consequently, models were designed to produce more stable results not only on dataset-specific samples but also in 

real-world conditions. 

 

2.3. Deep learning architectures 

 

Three CNN architectures representing different generations were used: 

 

 ConvNeXt-Tiny: A modern architecture combining transformer design principles with CNN structure (Liu et al. 2022). Beyond 

providing high accuracy, it enables the evaluation of contemporary architectures' decision mechanisms in explainability analyses. 

 

 MobileNetV2: An architecture suitable for field use on mobile devices, capable of operating with low computational cost 

thanks to depthwise separable convolutions (Sandler et al. 2018). This ensures the study has implications not only at the 

laboratory scale but also for practical agricultural applications. 

 

 VGG16: VGG16, although considered an older architecture, was deliberately selected as a classical baseline. In addition to 

providing a comparison with earlier literature, it also serves an educational and interpretability purpose. Because many end-users 

of agricultural decision-support systems (e.g., farmers and agronomists) may not have a technical background in deep learning, 

using a simpler and older architecture allows clearer visualization of Grad-CAM attention differences. This makes it easier to 

demonstrate how modern architectures focus more accurately on disease regions compared to traditional networks. 

 

Therefore, the selected models represent three complementary categories: modern high-performance (ConvNeXt), lightweight 

deployable (MobileNet), and classical baseline (VGG16), enabling both technical and practical evaluation. 

 

All models were initialized with pre-trained weights on ImageNet, and output layers were reconfigured according to appropriate 

class numbers for each plant species. 

 

2.4. Training strategy 

 

Models were trained using 5-fold cross-validation (K-Fold CV). This approach tests whether models demonstrate stable 

performance across different subsets without depending on a single data split. Training hyperparameters include: Epochs: 30, 

Batch size: 32, Optimization: Adam, Learning rate: 0.0001, Loss function: CrossEntropyLoss. 

 

Early stopping (patience=3) was applied to prevent overfitting, terminating training when validation loss ceased improving. Best 

validation weights were saved for each fold, and the "BEST" model was determined. The final test phase adopted an ensemble 

approach combining all fold results, with final test scores reported accordingly. Statistical significance between models was 

determined using paired t-tests on the test accuracy scores from all five folds (α=0.05). 

 

2.5. Evaluation metrics 

 

Performance evaluation used accuracy and weighted F1-score as primary metrics. Additionally, confusion matrices were 

calculated and visualized to analyze the effects of class imbalances (Sokolova & Lapalme 2009). This enabled detailed 

examination of model strengths and weaknesses in each class. 

2.6. Explainable artificial intelligence analysis 
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Gradient-weighted Class Activation Mapping (Grad-CAM) was applied to enhance model decision transparency (Selvaraju et 

al. 2017). Grad-CAM tests whether decision mechanisms are biologically meaningful by visualizing regions that models focus 

on during classification through heatmaps. 

 

A bidirectional strategy was adopted: 

 

- Correct classifications: Examining which leaf regions models observe to make correct decisions, evaluating focus on lesion 

areas. 

 

- Misclassifications: Analysis of visual biases (shadows, vein structures, light reflections, etc.) leading to decision errors. 

This method evaluated not only accuracy scores but also the reliability of decision processes. 

 

2.7. Quantitative evaluation of Grad-CAM explanations 

 

To complement the qualitative Grad-CAM visualizations, a quantitative explainability analysis was conducted. 

 

Since the PlantVillage segmented dataset does not provide ground-truth lesion masks, a proxy lesion mask was automatically 

generated. 

 

First, a leaf mask was extracted by separating the leaf region from the dark background using grayscale thresholding and 

morphological operations. Then, potential lesion regions were estimated within the leaf by detecting color anomalies in the 

CIELAB color space. Pixels with the highest color deviation (top 10%) were considered proxy lesion areas. 

 

Grad-CAM heatmaps were binarized and compared with these proxy lesion masks. The overlap between the attention regions 

and lesion areas was measured using Intersection-over-Union (IoU). Additionally, mean activation intensity inside and outside 

the lesion regions was computed. 

 

This approach enabled an objective and reproducible comparison of the attention behavior of different CNN architectures. 

 

2.8. Implementation environment 

 

All experiments were conducted on Google Colab with GPU (Tesla T4) support. Modeling was performed using PyTorch 

(Paszke et al. 2019), while Scikit-learn (Pedregosa et al. 2011), Matplotlib (Hunter 2007), and Seaborn (Waskom 2021) libraries 

were used for data processing and visualizations. The PyTorch-Grad-Cam (Gildenblat 2021) library was utilized for 

explainability analyses. 

 

3. Results 
 

In this study, disease classification was performed on potato, maize, and pepper leaves using ConvNeXt-Tiny, MobileNetV2, 

and VGG16 deep learning architectures. The decision mechanisms of the models were analyzed through Grad-CAM 

visualizations. 

 

3.1. Classification performance 

 

The classification performance of the models across five-fold cross-validation is given in Table 2 and Table 3.  

 
Table 2- F1 values of three different CNN models in classifying potato, maize, and pepper leaf diseases 

 

Dataset Model Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean Std p-value* 

Maize 

ConvNeXt-Tiny 0.990 0.980 0.979 0.984 0.988 0.984 0.005 - 

MobileNetV2 0.983 0.988 0.976 0.985 0.981 0.983 0.004 0.6010 

VGG16 0.976 0.983 0.963 0.970 0.976 0.974 0.007 0.0375** 

Pepper 

ConvNeXt-Tiny 1.000 1.000 0.997 0.997 0.997 0.998 0.001 - 

MobileNetV2 0.997 1.000 1.000 0.989 0.997 0.997 0.004 0.4382 

VGG16 0.995 0.995 0.995 0.987 0.997 0.994 0.004 0.0599 

Potato 

ConvNeXt-Tiny 1.000 1.000 1.000 1.000 1.000 1.000 0.000 - 

MobileNetV2 1.000 1.000 0.997 1.000 1.000 0.999 0.001 0.3739 

VGG16 1.000 1.000 0.991 1.000 1.000 0.998 0.004 0.3739 

 

*: Paired t-test compared to ConvNeXt-Tiny (=0.05, two-tailed), **: Statistically significant difference (P<0.05) 
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Table 3- Accuracy (%) of three different CNN models in classifying potato, maize, and pepper leaf diseases 

 

Dataset Model Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean Std p-value* 

Maize 

ConvNeXt-Tiny 98.969 97.938 97.938 98.454 98.797 98.419 0.477 - 

MobileNetV2 98.282 98.797 97.595 98.454 98.110 98.247 0.445 0.5826 

VGG16 97.595 98.282 96.392 97.079 97.595 97.388 0.702 0.0415** 

Pepper 

ConvNeXt-Tiny 100.000 100.000 99.733 99.733 99.733 99.840 0.146 - 

MobileNetV2 99.733 100.000 100.000 98.930 99.733 99.679 0.439 0.4261 

VGG16 99.465 99.465 99.465 98.663 99.733 99.358 0.406 0.0533 

Potato 

ConvNeXt-Tiny 100.000 100.000 100.000 100.000 100.000 100.000 0.000 - 

MobileNetV2 100.000 100.000 99.691 100.000 100.000 99.938 0.138 0.3739 

VGG16 100.000 100.000 99.074 100.000 100.000 99.815 0.414 0.3739 

 
*: Paired t-test compared to ConvNeXt-Tiny (=0.05, two-tailed), **: Statistically significant difference (P<0.05) 

 

As shown in Table 2 and Table 3, to ensure statistical reliability and to evaluate model stability, 5-fold cross-validation results 

are reported individually for each fold. In addition to the average performance, the standard deviation values are also presented. 

The low variance across folds indicates that the proposed models exhibit stable and consistent performance rather than achieving 

high accuracy due to a favorable single Split. 

 

The obtained results reveal that modern deep learning architectures achieve high success in detecting plant leaf diseases. The 

ConvNeXt-Tiny model exhibited the highest performance across all three plant species. It achieved 98.42% accuracy in the 

maize dataset, 100% accuracy in potato, and 99.84% accuracy in the pepper datasets. Paired t-tests revealed statistically 

significant differences between ConvNeXt-Tiny and VGG16 for maize (P<0.05) but there is no significant difference between 

ConvNeXt-Tiny and MobileNetV2. 

 

For potato classification, all three models performed exceptionally well (≥99.81%), with no statistically significant differences 

between ConvNeXt-Tiny and the others. Similarly, in pepper classification, all three models achieved perfect accuracy 

(≥99.35%), showing no significant difference (P>0.05).  

 

3.2. Class-Based performance analysis 

 

When examining detailed class-based performance metrics, models were found to demonstrate varying success levels across 

different disease types. 

 

3.2.1. Maize leaf diseases 

 

The maize dataset contains four different classes: Cercospora leaf spot, Common rust, Northern Leaf Blight, and healthy. To 

better analyse the learning dynamics of the models, the training and validation loss and accuracy values were recorded for each 

epoch during the training process of maize. Based on these values, learning curves were generated to visualize the convergence 

behaviour of the models. In addition, class-wise ROC-AUC curves were computed on the test set to evaluate the discriminative 

performance. According to Figure 1, allow the assessment of model stability, detection of potential overfitting, and examination 

of the effectiveness of the early stopping strategy. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

 

Figure 1- Learning dynamics of maize: (a) learning curves of ConvNeXt-Tiny , (b) ROC curves of ConvNeXt-Tiny, (c) 

learning curves of MobileNetV2, (d) ROC curves of MobileNetV2, (e) learning curves of VGG16, (f) ROC curves of VGG16 

 

In the ConvNeXt-Tiny model, precision, recall, and F1-score values ranged from 0.99-1.00 across all classes (Table 4). 

 
Table 4- Performance metrics of the ConvNeXt-Tiny model for maize plant disease classification 

 

Classes Precision Recall F1-Score 

Maize - Cercospora leaf spot 1.00 1.00 1.00 

Maize - Common rust 1.00 0.99 1.00 

Maize - Northern Leaf Blight 0.99 1.00 1.00 

Maize - Healthy 1.00 1.00 1.00 

 

Confusion matrix analysis revealed that only one Common rust sample was misclassified as Northern Leaf Blight (Fig. 2a). 
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(a) 

 
(b) 

 
(c) 

 
Figure 2- Confusion matrix results of three different CNN models for the maize plant: (a) ConvNeXt-Tiny, (b) MobileNetV2, 

(c) VGG16. Each row represents the actual class, while each column represents the predicted class 

 

In the MobileNetV2 model, the precision of 0.92 and recall of 0.91 in the Cercospora leaf spot class remained lower compared 

to other classes (Table 5). Examination of the confusion matrix revealed that 7 out of 78 Cercospora samples were misclassified 

as Northern Leaf Blight, and additionally, 6 Northern Leaf Blight samples were predicted as Cercospora (Fig. 2b). This situation 

may have resulted from both disease types displaying similar visual symptoms. 

 
Table 5- Performance metrics of the MobileNetV2 model for maize plant disease classification 

 
Classes Precision Recall F1-Score 

Maize - Cercospora leaf spot 0.92 0.91 0.92 

Maize - Common rust 1.00 0.99 1.00 

Maize - Northern Leaf Blight 0.95 0.96 0.95 

Maize – Healthy 1.00 1.00 1.00 

 

A similar pattern was observed in the VGG16 model (Table 6). In the Cercospora class, precision was 0.95 and recall was 0.95, 

with 3 samples incorrectly predicted as Northern Leaf Blight. Additionally, confusion matrix examination revealed that 4 

Common rust samples were classified as Northern Leaf Blight, while 3 Northern Leaf Blight samples were classified as 

Cercospora (Fig. 2c). 

 
Table 6- Performance metrics of the VGG16 model for maize plant disease classification 

 

Classes Precision Recall F1-Score 

Maize - Cercospora leaf spot 0.95 0.95 0.95 

Maize - Common rust 0.99 0.97 0.98 

Maize - Northern Leaf Blight 0.95 0.97 0.96 

Maize - Healthy 0.99 1.00 0.99 

 

3.2.2. Potato leaf diseases 

 

The potato dataset contains three classes: Early blight, Late blight, and healthy. In ConvNeXt-Tiny and MobileNetV2 models, 

precision, recall, and F1-score values were 1.00 across all classes (Table 7). 

 
Table 7- Performance metrics of ConvNeXt-Tiny and MobileNetV2 models for potato plant disease classification 

 

Classes Precision Recall F1-Score 

Potato - Early blight 1.00 1.00 1.00 

Potato - Late blight 1.00 1.00 1.00 

Potato - Healthy 1.00 1.00 1.00 

 

Analysis of the confusion matrix revealed that the ConvNeXt-Tiny and MobileNetV2 models achieved perfect classification 

with no misclassifications for potato diseases (Fig. 3a, 3b). This finding indicates that potato leaf diseases possess more visually 

discriminative characteristics. 
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(a) 

 
(b) 

 
(c) 

 

Figure 3- Confusion matrix results of three different CNN models for potato plant: (a) ConvNeXt-Tiny, (b) MobileNetV2, (c) 

VGG16. Each row represents the actual class, while each column represents the predicted class 

 

In the VGG16 model, precision, recall, and F1-score values ranged between 0.99 and 1.00 across all classes (Table 8). 

 
Table 8- Performance metrics of the VGG16 model for potato plant disease classification 

 

Classes Precision Recall F1-Score 

Potato - Early blight 0.99 1.00 0.99 

Potato - Late blight 1.00 0.99 0.99 

Potato - Healthy 1.00 1.00 1.00 

 

Analysis of the confusion matrix revealed that the VGG16 model misclassified 2 out of 150 Late blight instances as Early blight 

(Fig. 3c).  

 

3.2.3. Pepper leaf diseases 

 

The pepper dataset comprises two classes: Bacterial spot and healthy. In the ConvNeXt-Tiny and VGG16 models, precision, 

recall, and F1-score values were 1.00 across all classes (Table 9). 

 
Table 9- Performance metrics of ConvNeXt-Tiny and VGG16 models for pepper plant disease classification 

 

Classes Precision Recall F1-Score 

Pepper - Bacterial spot 1.00 1.00 1.00 

Pepper - Healthy 1.00 1.00 1.00 

 

Analysis of the confusion matrix revealed that the ConvNeXt-Tiny and VGG16 models achieved perfect performance in pepper 

classification, with all samples correctly predicted (Fig. 4a, 4c).  

 

 
(a) 

 
(b) 

 
(c) 

 
Figure 4- Confusion matrix results of three different CNN models for pepper plant: (a) ConvNeXt-Tiny, (b) MobileNetV2, (c) 

VGG16. Each row represents the actual class, while each column represents the predicted class 

 

In the MobileNetV2 model, precision, recall, and F1-score values ranged between 0.99 and 1.00 across all classes (Table 10). 
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Table 10- MobileNetV2 model performance metrics for pepper plant disease classification 

 

Classes Precision Recall F1-Score 

Pepper - Bacterial_spot 1.00 0.99 1.00 

Pepper- Healthy 1.00 1.00 1.00 

 

Analysis of the confusion matrix revealed that the MobileNetV2 model misclassified only one Bacterial spot instance as healthy 

(Fig. 4b).  

 

3.3. Explainability analysis through Grad-CAM visualizations 

 

Grad-CAM visualizations were conducted for each model to provide transparency in model decision-making. These analyses 

elucidate the specific leaf regions on which the models focus during classification and allow for the evaluation of whether 

biologically meaningful decision mechanisms are utilized. 

 

The Grad-CAM heat maps for correctly classified samples of maize, potato, and pepper leaves are presented in Figures 5, 6, and 

7, respectively. 

 

3.3.1. Maize leaf diseases 

 

In the classification of Northern Leaf Blight disease in maize leaves, the ConvNeXt-Tiny and MobileNetV2 models demonstrated 

clear focus on lesion regions. Particularly for Northern Leaf Blight disease, regions containing long elliptical lesions were 

prominently highlighted with high activation values in the heat maps (Fig. 5). 

 

In contrast, the VGG16 model exhibited smaller and more fragmented attention regions. This indicates that VGG16 focuses on 

more localized and specific leaf features (e.g., small necrotic spots, vein structures). However, this localized focus does not fully 

capture the overall spread of the disease in some cases (Fig. 5). 

 
 

Figure 5- Grad-CAM visualizations for correct classifications of maize leaf disease. From left to right: original image, 

ConvNeXt-Tiny, MobileNetV2, and VGG16 heat maps. Red regions represent areas where the model exhibits the highest 

activation 

 

3.3.2. Potato leaf diseases 

 

For potato Early and Late Blight diseases, all models generated highly successful heat maps. The ConvNeXt-Tiny model most 

precisely delineated the boundaries of disease lesions and attributed high activation values to regions containing necrotic tissues 

(Fig. 6). 
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Figure 6- Grad-CAM visualizations for correct classifications of potato Early Blight leaf disease. From left to right: original 

image, ConvNeXt-Tiny, MobileNetV2, and VGG16 heat maps. Red regions represent areas where the model exhibits the 

highest activation 

 

MobileNetV2 also focused on diseased regions; however, the attention distribution encompassed a broader area (Fig. 6). This 

suggests that the model gathers information about tissues surrounding the diseased regions as well. 

 

Although the VGG16 model partially attended to leaf edges and vein structures in some samples, disease symptoms were 

generally detected successfully (Fig. 6). 

 

3.3.3. Pepper bacterial spot disease 

 

The ConvNeXt-Tiny model demonstrated precise and focused attention on regions containing disease lesions. In the heat maps, 

it was observed that the red-yellow color tones perfectly corresponded to leaf regions exhibiting bacterial spot symptoms (Fig. 

7). This indicates that the model focuses on biologically correct regions when detecting the disease. 

 

The MobileNetV2 model successfully detected lesion regions similarly to ConvNeXt-Tiny; however, the attention distribution 

spread over a broader area and exhibited a more diffuse pattern. Nevertheless, diseased regions remained at the center of the heat 

map (Fig. 7). 

 

The VGG16 model exhibited a narrower and more focal attention. In some samples, it was observed that the heat map 

concentrated only on the lesion center but failed to fully encompass the disease spread area (Fig. 7). Furthermore, the VGG16 

model was found to partially attend to leaf edges, suggesting that the model also focuses on certain structural features. 
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Figure 7- Grad-CAM visualizations for correct classifications of pepper bacterial spot disease. From left to right: original 

image, ConvNeXt-Tiny, MobileNetV2, and VGG16 heat maps. Red regions represent areas where the model exhibits the 

highest activation. 

 

3.4. Grad-CAM analysis of misclassifications 

 

Analysis of misclassifications is critically important for understanding which visual features models are overly sensitive to and 

what types of biases affect them. Grad-CAM heat maps of misclassified samples for maize, potato, and pepper leaves are shown 

in Figures 8, 9, and 10, respectively. 

 

3.4.1. Maize misclassifications 

 

The most frequently confused disease pairs in the dataset are between Cercospora leaf spot and Northern Leaf Blight. In the first 

example of Figure 8, Northern Leaf Blight disease was misclassified as Common Rust by VGG16. Upon examination of the 

Grad-CAM heat map, it is observed that the model focused on small necrotic spots and color changes at the leaf edge. These 

regions, which show visual similarity to the characteristic small rust-colored pustules of Common Rust disease, led to the model's 

error. 

 

In the second example, Cercospora leaf spot disease was predicted as Northern Leaf Blight (Fig. 8). The VGG16 heat map 

focused on longitudinally extending regions of the leaf. For long, elliptical lesion forms can be observed in both disease types, 

the model is believed to have been influenced by this morphological similarity. 
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Figure 8- Grad-CAM visualizations for misclassifications of maize leaf diseases. Examples where models confuse disease types 

exhibiting similar visual symptoms 

 

3.4.2. Potato misclassifications 

 

Misclassifications in the potato dataset are quite limited. Figure 9 shows that the VGG16 model incorrectly predicted 2 Late 

Blight samples as Early Blight. Grad-CAM analysis revealed that the heat map in these samples focused on leaf edges and 

chlorotic (yellowing) regions. Since similar chlorosis symptoms can be observed in both disease types, the VGG16 model likely 

erred due to this visual similarity. 

 

 
 

Figure 9- Grad-CAM visualizations for misclassifications of potato leaf diseases. Examples where Late Blight was incorrectly 

predicted as Early Blight 

 

3.4.3. Pepper misclassifications 

 

In the first row of Figure 10, a healthy pepper leaf is misclassified as bacterial spot by all three models. Upon examination of the 

Grad-CAM analysis, it is observed that the VGG16 model's heat map concentrated on the leaf center and vein structures. This 

finding indicates that the model may have interpreted the natural vein pattern and texture of the leaf as disease lesions. 
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In the second row, another healthy leaf is misclassified (Fig. 10). The heat maps of the MobileNetV2 and VGG16 models are 

distributed over large areas and focused on the general texture of the leaf surface. This suggests that the factor leading to false 

positives by the models may be visual similarities arising from specific lighting conditions or pigmentation variations on the 

leaf. 

 

 
 

Figure 10- Grad-CAM analysis of misclassifications in pepper leaves. First two rows: misclassification of healthy leaves as 

bacterial spot 

 

As presented in Figure 11, the Grad-CAM visualizations were further evaluated quantitatively using IoU computed with proxy 

lesion masks, demonstrating that the proposed models consistently concentrated on disease regions rather than background areas. 

 

 
 

Figure 11- Quantitative evaluation (IoU) of Grad-CAM localization performance using proxy lesion masks across datasets 

and CNN models 

 

Figure 11 summarizes the quantitative Grad-CAM evaluation results. All models demonstrated measurable overlap between 

attention maps and lesion regions. ConvNeXt-Tiny achieved the highest Dice and IoU scores, indicating more precise 

localization of symptomatic regions. MobileNetV2 showed moderate localization performance with lower overlap values, while 

VGG16 exhibited comparatively weaker spatial alignment. Lesion-size-based analysis further revealed that attention consistency 

increased for medium and large lesions, whereas very small lesions were more challenging for all models. These findings 

quantitatively confirm that the networks focus on biologically meaningful regions rather than background artifacts. 

 

4. Discussion 
 

This study compared the performance of three different CNN architectures (ConvNeXt-Tiny, MobileNetV2, VGG16) in 

classifying plant leaf diseases and evaluated the explainability of model decisions through Grad-CAM visualizations. The 
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findings revealed that not only high classification accuracy but also the interpretability of model decision mechanisms is critically 

important for agricultural decision support systems. 

 

4.1. Model generalizability and dataset limitations 

 

Although the models demonstrated high accuracy rates, the PlantVillage segmented dataset predominantly consists of images 

captured under controlled conditions with uniform backgrounds and low environmental complexity. Consequently, the 

classification task becomes considerably simpler compared to real field images. Therefore, the reported high performance should 

be interpreted as an upper-bound estimate rather than a reflection of actual field performance. Mohanty et al. (2016) achieved 

99.35% accuracy on the PlantVillage dataset collected in a controlled environment; however, when the same model was tested 

on images from real-world conditions, the accuracy dropped dramatically to 31.40%. Future validation on real field images 

containing complex backgrounds, varying lighting conditions, and occlusions would enable a more objective assessment of 

model generalizability (Ahmad et al. 2023). 

 

4.2. A Comparative evaluation of model performance 

 

The accuracy rates obtained in this study are consistent with similar studies in the literature and, in some cases, demonstrate even 

higher results. ConvNeXt-Tiny achieved 100% accuracy on the potato dataset. This demonstrates the effectiveness of integrating 

transformer-based design principles into CNN architectures. The ConvNeXt architecture proposed by Liu et al. (2022) combines 

modern components such as depthwise convolutions, layer normalization, and GELU activation with the classical CNN structure, 

providing both high accuracy and computational efficiency. 

 

The success rates of MobileNetV2 in the range of 98-100% validate the effectiveness of the inverted residual structure 

emphasized by Sandler et al. (2018). Particularly, achieving almost 100% accuracy on potato and pepper datasets demonstrates 

that this lightweight architecture possesses sufficient discriminative feature learning capacity even in complex disease 

classification tasks. This finding presents significant potential for mobile applications that can operate with low hardware 

requirements in field conditions. 

 

The performance of the VGG16 model in the range of 97-99% demonstrates that classical CNN architectures still constitute a 

strong foundation; however, it reveals that modern architectures surpass this model in terms of both accuracy and computational 

cost. Although the deep and regular structure proposed by Simonyan and Zisserman (2015) was groundbreaking in the field of 

image classification, it has fallen relatively behind compared to today's more complex architectures. 

 

The statistically significant performance advantage of ConvNeXt-Tiny in maize disease classification (P<0.001) can be attributed 

to its modern architectural components inspired by transformer designs (Liu et al. 2022). However, the lack of significant 

differences in potato and pepper datasets (P>0.05) suggests that these diseases may have more distinctive visual features, making 

them easier to classify even with lighter architectures.  

 

Importantly, while MobileNetV2 achieved comparable test accuracy to ConvNeXt-Tiny in some cases, Grad-CAM 

visualizations revealed different attention mechanisms, highlighting that performance metrics alone are insufficient for assessing 

model reliability. 

 

One of the findings of this study is that the balance between model complexity and explainability must be carefully managed. 

While ConvNeXt-Tiny provided the highest accuracy, MobileNetV2 demonstrated comparable performance with lower 

computational cost. Although VGG16 has a simpler structure than both models, it exhibited some weaknesses in Grad-CAM 

visualizations. 

 

These findings bring Breiman (2001) discussion of the "accuracy-interpretability tradeoff" back to the agenda. However, as 

observed in this study, modern deep learning architectures can provide satisfactory levels of explainability when used in 

conjunction with post-hoc explanation methods such as Grad-CAM, while achieving high accuracy. The capacity to model non-

linear relationships emphasized by Ryo and Rillig (2017) is the fundamental reason for the superiority of deep learning models 

in complex agricultural problems. 

 

4.3. Contribution of Grad-CAM visualizations to agricultural applications 

 

Grad-CAM analyses enabled the evaluation of whether the decision mechanisms are biologically meaningful, beyond models 

achieving high accuracy. One of the most important contributions of this study is demonstrating that three different architectures 

employ different attention strategies. Alhammad et al. (2025) used Grad-CAM in the classification of potato leaf diseases and 

emphasized the importance of interpretability. Our study validated this finding across three different models and provided a 

comparative analysis. 
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The ConvNeXt-Tiny model demonstrated the most precise and focused attention on disease lesions. This model was able to 

clearly delineate lesion boundaries and successfully differentiate between diseased and healthy tissues. It was observed that the 

Grad-CAM method proposed by Selvaraju et al. (2017), when used with modern architectures like ConvNeXt, produces sharper 

and more discriminative visualizations. This finding aligns with the principles of "transparency and trust" emphasized by 

Cartolano et al. (2024) in the context of smart agriculture. 

 

The broader and more diffuse attention distribution of the MobileNetV2 model suggests that the model also evaluates contextual 

information surrounding disease regions. This characteristic may be advantageous in some cases for detecting ambiguous 

symptoms in early stages of disease. However, an excessively broad attention area implies that the model may sometimes be 

influenced by regions not directly related to the disease. 

 

The local and focal attention strategy of the VGG16 model demonstrated that the model focuses on smaller and more specific 

features. However, this approach showed a tendency to fail to capture the overall spread of disease and to attend to regions not 

directly related to the disease, such as leaf edges and vein structures. This is consistent with the "misattention" problem also 

reported by Lin et al. (2019) and Wei et al. (2022). 

 

Grad-CAM visualizations provided extremely valuable information for understanding the causes of misclassifications. In cases 

where healthy leaves were misclassified as diseased, it was observed that models were overly sensitive to the natural vein pattern 

of the leaf, pigmentation variations, or shadow effects resulting from lighting conditions. This finding points to the problem of 

"spurious correlation," also emphasized by Kundu et al. (2021). 

 

It is reported that deep learning-based classification models struggle to distinguish diseases with morphologically similar lesion 

forms (Cercospora leaf spot and Northern Leaf Blight). This situation arises from the fact that these diseases have lesion 

structures with similar color, shape, and texture characteristics, limiting the discriminative power of the model. Indeed, the 

frequent confusion between Cercospora leaf spot and Northern Leaf Blight diseases has also been observed in deep transfer 

learning-based studies (Fraiwan et al. 2022). Similar findings were reported in a study on rice leaf diseases by Rahman et al. 

(2024), who additionally compared Grad-CAM++, Score-CAM, and SHAP methods and reported that Grad-CAM++ provides 

more sensitive visualizations. 

 

These results demonstrate that model evaluations based solely on accuracy scores are insufficient and that explainability analyses 

must be considered in the model improvement process. The "stop explaining black box models" approach emphasized by Rudin 

(2019) and Rudin et al. (2022) advocates that models to be used especially in critical agricultural decisions must provide both 

high accuracy and intrinsic interpretability. 

 

4.4. Integration potential into agricultural decision support systems 

 

The findings of this study provide important implications for the design of artificial intelligence systems to be used in plant 

disease detection. The demonstration by the ConvNeXt-Tiny model of both high accuracy and biologically meaningful attention 

mechanisms suggests that this model is an architecture that can be preferred in agricultural decision support systems. 

 

However, the low computational cost and high success of MobileNetV2 provide an indispensable advantage, especially for 

applications that can operate in resource-constrained environments (smartphones, field computers). It has been reported by Xu 

et al. (2025) that the integration of attention mechanisms with an improved lightweight architecture based on MobileNetV2 

achieves high accuracy in agricultural applications and can operate effectively on resource-constrained devices. 

 

The "user trust" factor emphasized by Sabrina et al. (2022) is the most critical point in the integration of explainable artificial 

intelligence into agricultural systems. For farmers and agricultural experts to see not only a disease label but also the visual 

findings on which this decision is based is of vital importance for the adoption and reliability of the system. Human-AI interaction 

studies conducted by Meske & Bunde (2020) have shown that transparency and interpretability are the most important factors 

increasing user trust. 

 

5. Conclusions 
 

This study achieved high accuracy rates in classifying potato, maize, and pepper leaf diseases using ConvNeXt-Tiny, 

MobileNetV2, and VGG16 architectures. However, the main contribution of the study is the systematic examination of the 

explainability of model decisions through Grad-CAM visualizations. 

 

The findings demonstrated that modern deep learning models are not only numerically successful but can also develop 

biologically meaningful decision mechanisms. While ConvNeXt-Tiny exhibited the strongest performance in terms of both 

accuracy and explainability, MobileNetV2 emerged as an ideal option for practical applications with low resource requirements. 

Although VGG16 still constitutes a strong foundation, it showed some limitations compared to modern architectures. 
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Grad-CAM analysis of misclassifications revealed the visual biases and weaknesses of models, providing valuable insights for 

future model improvements. These findings emphasize that explainable artificial intelligence in agricultural decision support 

systems is not an optional feature but a fundamental requirement. 

 

This study makes three important contributions: (1) demonstrating that ConvNeXt-Tiny achieves the highest performance across 

all datasets with 99.83-100% accuracy and that lesion-focused attention strategy is the most reliable in Grad-CAM analyses, (2) 

showing that MobileNetV2 with comparable performance (97.59-100%) and low computational cost is an ideal candidate for 

mobile agricultural applications, and (3) proving through Grad-CAM visualizations that high accuracy alone is insufficient for 

model reliability. Our findings emphasize that explainability in agricultural decision support systems is not optional but a 

fundamental requirement, and indicate that future studies should focus on generalization capacity in field conditions and the 

integration of multiple XAI methods. 
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