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Abstract: Potato production is critically influenced by foliar diseases such as Early Blight and Late Blight, which continue to threaten global food security. Although visual inspection remains widely used, such assessments are subjective, time-consuming, and difficult to scale, creating a pressing need for automated and reliable diagnostic frameworks. In this study, the classification performance and computational efficiency of four state-of-the-art Convolutional Neural Network (CNN) architectures—the Residual Network with 50 layers (ResNet-50), Densely Connected Network with 169 layers (DenseNet-169), EfficientNetV2-B3, and InceptionV3—were systematically benchmarked for the identification of healthy potato leaves and those affected by Early Blight or Late Blight using the publicly available PlantVillage dataset. Accuracy, precision, recall, and F1 score were employed to characterize predictive performance, while parameter count and giga floating-point operations per second (GFLOPS) were used to assess computational efficiency. High-level classification capability was consistently achieved across all models, with overall accuracies ranging from 98% to 99%. DenseNet-169 achieved the highest classification accuracy at 99% with fewer than 13 million parameters, and EfficientNetV2-B3 attained 98% accuracy while exhibiting tsshe lowest GFLOPS requirement. The results indicate that architectures designed for parameter efficiency and feature reuse, such as DenseNet-169 and EfficientNetV2-B3, provide accuracy that is comparable to or surpasses that of less efficient baseline models while offering significant advantages in resource efficiency. These findings reinforce the strong potential of lightweight and high-performance CNN architectures to support scalable, real-time agricultural disease diagnostic systems, particularly in regions where computational resources and technical expertise may be limited. 

Keywords: Potato diseases; DL, Plant disease classification; Computational efficiency 1 Introduction

As the fourth most important food crop globally, potato (Solanum tuberosum) is a key component of global food security [1, 2]. Potatoes are a major source of nutrition for over one billion people, demonstrating the importance of producing and supplying potatoes reliably [3]. Nevertheless, potato production is constantly threatened by several phytopathological conditions, particularly fungal diseases such as Early Blight (Alternaria solani) and Late Blight (P hytophthora inf estans) [4]. These are very damaging diseases that are capable of causing significant losses in yield and economic losses in production, thereby disrupting a major part of the global food supply network [5]. 

The detection and control of potato diseases has traditionally been dependent on visual inspection by agronomists and growers [6, 7]. The manual approach is inherently problematic because it is subjective, labor-intensive, and also highly prone to human error [8, 9]. The quality of diagnosis is highly dependent on the expertise of the individual, lacks repeatability, and is especially unreliable during the early stages of infection, when symptoms may be ambiguous or easily mistaken for those associated with nutritional deficiencies [10, 11]. Misdiagnoses often lead to delays or improper episodes of fungicides that can increase costs and create a real threat to the environment [12, 13]. 

The significant constraints of traditional diagnostics in agriculture have highlighted an urgent need for automated, accurate, and scalable systems [14–16]. Paralleling this challenge, deep learning (DL), particularly CNNs, has achieved transformative success in other domains demanding high-stakes pattern recognition. This validation is
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exceptionally strong in medical diagnostics, where CNNs have demonstrated a robust ability to discriminate subtle pathologies across diverse and complex modalities [17], from neurological tumors in brain scans to malignancies in breast [18–20] and lung imagery [21]. This proven capacity to autonomously learn and extract hierarchical, discriminative features from such varied visual data is now converging with computer vision to create a new paradigm in precision agriculture. These architectures are consequently becoming the foundation for automated plant disease classification, providing the robust tools needed for accurate diagnosis from complex agricultural imagery, such as in potato leaves [22, 23]. 

Informed by this technological basis, the current study builds and evaluates a DL system for the classification of three key potato leaf classes, namely healthy, Early Blight, and Late Blight, using the public PlantVillage dataset. 

This study undertakes a systematic comparative study of four leading and diverse Convolutional Neural Network (CNN) architectures: Residual Network with 50 layers (ResNet-50), Densely Connected Network with 169 layers (DenseNet-169), EfficientNetV2-B3, and InceptionV3. The performance of these models is analyzed using standard performance metrics, providing information regarding potential effectiveness for real-world use at scale in agriculture. 

The key contributions of this study are briefly summarized as follows:

• A robust DL framework is developed for the three-class classification of potato leaf diseases (healthy, Early Blight, and Late Blight) utilizing the public PlantVillage dataset. 

• A comprehensive benchmark analysis is conducted, comparing the performance of four distinct and influential CNN architectures: ResNet-50, DenseNet-169, EfficientNetV2-B3, and InceptionV3. 

• The models are rigorously evaluated using a suite of metrics, including accuracy, precision, recall, and F1

score, to identify the most effective architecture for this specific diagnostic task. 

• This research provides a comparative assessment that aids in selecting computationally efficient and accurate models, thereby supporting the development of accessible diagnostic tools for sustainable agriculture. 

2 Related Work

Wang and Su [24] presented a detailed review covering DL applications throughout the potato production chain and grouped these uses into key areas like crop health management, yield prediction, and resource management. Their work examined various models, including CNNs and Recurrent Neural Networks and detailed their roles in tasks from pest detection to price forecasting. It was concluded that while DL offers major benefits for improving efficiency and productivity, major challenges remain about the availability of diverse datasets and the practical deployment of these technologies in real agricultural settings. Selvi et al. [25] developed CropViT, a computationally very efficient Vision Transformer architecture designed specifically for high-throughput plant disease diagnosis. Their experimental work involved a direct comparison of CropViT against a conventional CNN model on the PlantVillage dataset, with a focus on nine different plant species. The results indicated that CropViT achieved an average accuracy of 98.64% and significantly outperformed the traditional CNN. This highlights the strong potential of transformer-based approaches in agricultural diagnostics. 

Dutta et al. [26] developed a specialized CNN architecture for automatically detecting and classifying potato blight diseases in their early stages. The proposed model was compared against common architectures like ResNet-50, VGG16, and GoogLeNet using a dataset consisting of healthy, Early Blight, and Late Blight samples. Their findings showed that the custom CNN model reached an accuracy of 98%. This demonstrates the value of tailored DL

solutions for specific tasks in agricultural phytopathology. Bajpai et al. [27] proposed an architectural augmentation to the Swin Transformer model to improve the detection accuracy of potato leaf diseases, specifically Early Blight and Late Blight. Their modification involved adding a custom sequential head module consisting of linear, ReLU, and dropout layers to the standard Swin Transformer to improve feature representation and reduce overfitting. When evaluated on a custom dataset, the improved model achieved 99.38% accuracy. This confirmed the effectiveness of architectural refinements in boosting generalization performance for agricultural computer vision applications. 

Zhang et al. [28] introduced an optimized VGG16 architecture, called VGG16S, to address both computational efficiency and diagnostic accuracy in potato disease detection. The optimization strategy involved replacing dense layers with global average pooling, integrating the Convolutional Block Attention Module, and using the leaky ReLU

activation function. This multi-part approach reduced the model’s parameter complexity to just one-tenth of the original VGG16 while still reaching an accuracy of 97.87%. This shows that lightweight, optimized architectures can offer major benefits in both accuracy and efficiency. Sharma and Sharma [29] explored using Recurrent Neural Networks for classifying healthy and diseased potato leaves from the PlantVillage dataset, which breaks from common CNN-based methods. Their proposed architecture used Long Short-Term Memory units for feature extraction and was compared against CNN and Feedforward Neural Network models. The experimental results demonstrated that the Recurrent Neural Networ model reached an accuracy of 92.7%. This suggests that Recurrent Neural Network architectures, with their capacity for temporal sequence processing, can offer a competitive advantage in image-based classification tasks. 

Zoralio˘glu and Polat [30] conducted a comparative analysis to examine the important role of data augmentation 19
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and class balancing in potato disease detection. They evaluated three different architectures (i.e., a custom 5-layer CNN, EfficientNetB2, and ConvNeXtSmall) on both the original (imbalanced) and balanced (augmented) versions of the PlantVillage dataset. Their findings highlighted the important relationship between data distribution and model performance: The custom CNN performed best on imbalanced data, while EfficientNetB2 achieved 99.89%

accuracy on the balanced data. This clearly indicates the necessity of data balancing strategies for reaching the full potential of advanced DL models. 

3 Materials and Methods

3.1 Dataset and Data Preprocessing

The PlantVillage dataset, a large public dataset created for classifying plant diseases via plant leaf images [31], 

was used for this study. For this study, only the potato leaf subset was selected, which consists of three classes: two disease classes (Early Blight and Late Blight) and one healthy leaf class. Figure 1 shows examples of the visual characteristics of leaves in each class which this study intended for the models to identify. 

Figure 1. Sample images of potato leaves for healthy, Early Blight, and late Blight Classes To ensure a complete and unbiased assessment of the models, the data was carefully separated into three distinct subsets of data: 70% for training, 15% for validation, and 15% for the final evaluation of the models. The distribution of images in the different subsets of data (with the count of samples for each class listed for training, validation, and testing) can be seen in Table 1 . This means the models are trained on the majority of the data, optimized on a separate validation dataset, and then finally tested on completely separate data. 

Table 1. Distribution of classes across data splits

Class

Train (70%)

Validation (15%)

Test (15%)

Total

Early Blight

700

150

150

1000

Healthy

106

22

24

152

Late Blight

700

150

150

1000

Total

1506

322

324

2152

As the first necessary step, a consistent standardized data preprocessing pipeline was set up. All images were resized to a consistent 224 × 224 pixel size, based on the input size dimensions of the pre-trained networks used in this work. Pixel values for images were standardized to floating-point numbers in the range of [0, 1], which is a common practice to stabilize and speed up convergence during training. To reduce the chances of overfitting and maximize model generalizability, a data augmentation approach was used only for the purpose of training the dataset. 

Data augmentation in this study entailed the random application of transformations, including horizontal flipping, rotations, and zooming, for training images dynamically during training to generate an artificial pictorial variety for the training dataset—without changing validation or testing datasets [32, 33]. 

3.2 Model Architecture

This study comparatively evaluates four distinct CNN architectures, each representing significant advancements in DL for computer vision tasks. These models were selected for their diverse structural philosophies and proven performance across various image recognition benchmarks. 

The ResNet architecture, particularly ResNet-50, 

presented the concept of residual learning to solve the issue of degradation associated with training extremely 20

deep networks. The core idea concerns the use of identity shortcut connections (i.e., skip connections) that allow gradients to skip one or multiple layers. This permits the network to learn a residual function with respect to the inputs from the earlier layers, which supports easier optimization and enables deeper networks to be built without losing performance to vanishing gradients. The architecture of ResNet-50 includes an initial convolution layer, a max-pooling layer, aggregated stacked residual blocks that contain 1 × 1, 3 × 3, and 1 × 1 convolutions, a global average pooling layer and lastly a fully connected classification layer [34]. 

The Densely Connected Convolutional Network (DenseNet) displays maximum information flow between layers with a unique connectivity model that connects every layer directly to every other layer in a deep feed-forward manner (represented here with 169 layers). DenseNet connects feature maps from all previous layers together at each layer, while ResNets take a weighted sum of features (the skipped connections), which allows feature reuse and utilizes deeper neural networks. Thus, dense connectivity results in models that are often smaller and contain fewer parameters than similarly deep ResNets, while also alleviating the vanishing gradient problem. Each layer outputs features which are concatenated to all previous layers at specific depths in the network, referred to as “dense blocks,” 

followed by layers that perform batch normalization and average pooling, with the intention of reducing the feature map size, referred to as “transition layers” [35]. 

EfficientNetV2 is the next version of EfficientNets designed to address not only accuracy and parameter efficiency but also improved training speed. It is based on the compound scaling mechanism in the original EfficientNet that uniformly scales the depth, width, and resolution of the network, and it has a few additions, such as Fused-MBConv blocks (fusing the depthwise and 1 × 1 convolutions into one regular convolution in the initial layers) and a progressive training scheme that adjusts image size and regularization during training. EfficientNetV2-B3 is a configuration of EfficientNetV2 that attempts to achieve a strong trade-off between cost and performance in a variety of applications where speed and accuracy matter [36]. 

The InceptionV3 structure is a member of the GoogLeNet family and is noted for its distinctive Inception module. 

The purpose of this module is to allow learning from multiple scales at once in a deliberate attempt to achieve parallelism within a single layer. Inception achieves this parallelism by using convolutional filters of different sizes (1 × 1, 3 × 3, and 5 × 5) operating in parallel, along with max pooling. The InceptionV3 model made improvements such as factorizing larger convolutions into smaller convolutions (e.g., replacing a 5 × 5 convolution with two 3 × 3

convolutions) and using asymmetric convolution configurations (e.g., using a 1 × n convolution followed by an n ×

1 convolution) with the intent of reducing computational cost while preserving the representational capacity of the model. InceptionV3 also introduced the use of batch normalization and label smoothing regularization to enhance stability during training and maximize generalization [37]. 

3.3 Transfer Learning

In order to improve model convergence and prediction ability, the transfer learning approach was used in this study. 

The selected CNN architectures (ResNet-50, DenseNet-169, EfficientNetV2-B3, and InceptionV3) were initialized with weights trained on the large-scale ImageNet dataset. This takes advantage of the rich, hierarchical features learned from millions of varied images, producing strong inductive bias for the target task. For each pre-trained model, the original final classification layer, typically for the 1000 classes in ImageNet, was removed and replaced with a new fully connected dense layer specific to the three-class taxonomy of the potato leaf disease classification problem (healthy, Early Blight, and Late Blight). 

A fine-tuning protocol consisting of two stages was implemented in the training procedure. In the first stage, the parameters of the pre-trained feature extraction backbone were frozen, and only the newly added classification layer was trained. This allows the classifier to become accustomed to the features generated by the frozen backbone. 

In stage three, the whole network was trained end-to-end, frequently with a lower learning rate, which refined and specialized the pre-trained features for the specifics of the potato leaf dataset. This approach, combined with data augmentation applied to the training set, helped generalize the model and lessen the risk of overfitting. 

3.4 Experimental Design and Training Protocol

To facilitate a fair and straightforward comparison of the DL architectures selected for this study, a structured experimental protocol was developed. All models were implemented in the Python programming environment using the TensorFlow framework. Both training and inference were completed on a high-performance computer workstation with an NVIDIA GeForce RTX 5090 GPU (32 GB VRAM). All experiments in this study were conducted using the same training procedure to create consistency. The Adam optimization algorithm was used to optimize the model’s parameters. Then, for the fine-tuning (i.e., the second part of the training where the entire network is retrained), the learning rate remained at 1 × 10−4. A mini-batch size of 16 was utilized in all training. It was also predetermined to run for a maximum of 100 epochs. 

To counteract overfitting and encourage generalizability, the criterion of early stopping was incorporated. This criterion observed the validation loss at the end of each epoch to stop training if it had not improved after 10 epochs 21

(patience = 10). When training was completed (whether at the maximum allowable epochs or because of early stopping), the model’s weights from the epoch with the lowest validation loss were saved for final evaluation on the held-out test dataset. 

3.5 Performance Evaluation Metrics

The performance of each of the DL models was evaluated on the independent test dataset. A full complement of standard performance metrics was used for evaluation. Accuracy is the key performance measure and reflects the overall ratio of correctly classified examples compared to the total number of examples in the test set. It provides an overall measure of predictive accuracy. 

To better understand the class-level performance of the model and potential issues arising from class imbalance, precision, recall, and F1 score were also included in the evaluation. Precision indicates the proportion of positive predictions that are truly positive, also referred to as the positive predictive value. Recall is sometimes called sensitivity, or the true positive rate, and indicates the overall ability of the model to capture all actual positive examples that belong to the class. The F1 score is a measure that indicates the harmonic mean of precision and recall and is valuable for class imbalance scenarios. The mathematical definitions of these metrics are provided below. 

T P + T N

Accuracy =

(1)

T P + T N + F P + F N

T P

Precision =

(2)

T P + F P

T P

Recall =

(3)

T P + F N

P recision × Recall

F1 score = 2 ×

(4)

P recision + Recall

where, T P , T N , F P and F N denote true positive, true negative, false positive, and false negative, respectively. 

For the multi-class classification problem solved in this project, all metrics were calculated separately for each class (healthy, Early Blight, and Late Blight) and subsequently macro-averaged to generate an overall performance score for the model where all classes were weighted equally irrespective of their sample size. 

4 Results and Discussion

The experimental stage aimed to facilitate a comprehensive assessment of the four learning models, in particular evaluating their performance on the unseen potato leaf disease test dataset. A comprehensive assessment was conducted involving the extraction of quantitative results that represented standard classification performance measures as well as complexity measures. The four primary evaluation measures of accuracy, precision, recall, and F1 score were put in place to ensure an unbiased and reasonable assessment of each model’s generalization ability. In conjunction, each of the model’s computational complexities was documented by measuring its parameters (Params) and giga floating-point operations per second (GFLOPS). The summarized findings, which inform this report and analysis, are organized in Table 2. 

Table 2. Performance evaluation results of deep learning models

Inference

Models

Accuracy

Precision

Recall

F1 score

Params

GFLOPS

Time

(ms)

ResNet-50

0.98

0.96

0.96

0.96

23.51 M

8.26

6,5754

DenseNet-169

0.99

0.99

0.99

0.99

12.49 M

6.72

10,121

EfficientNetV2-B3

0.98

0.95

0.98

0.96

12.83 M

3.04

4,0404

InceptionV3

0.98

0.9750

0.9750

0.9750

21.79 M

5.67

6,0674

Note: GFLOPS, giga floating-point operations per second; ResNet-50, Residual Network with 50 layers; DenseNet-169, Densely Connected Network with 169 layers. 

Of the architectures examined, ResNet-50 provided a strong baseline, reaching a baseline accuracy of 98%. 

The precision, recall, and F1 score were all measured consistently to be 96%, demonstrating that deep Residual Networks possess strong extractive properties. However, this model is the most demanding in terms of computational 22
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complexity, with 8.26 GFLOPS of computation and 23.51 million parameters, resulting in an inference time of 6.58

ms. InceptionV3 achieved a comparable accuracy of 98%, along with precision, recall, and F1 score of 97.50%, respectively. This model was situated midway in terms of complexity with 21.79 million parameters, 5.67 GFLOPS

of computation, and an inference time of 6.07 ms. 

DenseNet-169 was the highest-performing model on the basis of pure classification capability, with an impressive accuracy of 99% and consistent performance across all metrics: precision = 99%, recall = 99%, and F1 score = 99%. 

The breakdown of performance relative to the three categories in the classification task is expressed in the confusion matrix in Figure 2, for example. Notably, this best-in-class performance came with very low compute requirements, utilizing only 12.49 million parameters and 6.72 GFLOPS of computation. However, despite its parameter efficiency, it recorded the highest latency with an inference time of 10.12 ms, likely due to the complex memory access patterns of dense connections compared to the ResNet-50 baseline. 

Figure 2. Confusion matrix showing the classification results of the Densely Connected Network with 169 layers model on the test dataset

EfficientNetV2-B3 exhibited high diagnostic performance with a 98% accuracy. It achieved a precision of 95%, a recall of 98%, and an F1 score of 96%. However, EfficientNetV2-B3’s most prominent feature is its overall computational efficiency; it required only 3.04 GFLOPS and achieved the fastest inference speed of 4.04 ms, making it the most computationally feasible model tested. In addition, EfficientNetV2-B3 achieved a low parameter count of 12.83 million, which is comparable to DenseNet-169. Overall, the accuracy combined with the efficiency of EfficientNetV2-B3 is certainly an attractive option for resource-scarce environments. 

The four models were all compared and showed relatively high classification performance for this task with final accuracies between 98% and 99%. The most major difference was efficiency. DenseNet-169 demonstrated the highest overall accuracy while providing significantly fewer parameters and GFLOPS than the ResNet-50 and InceptionV3

models. While EfficientNetV2-B3 achieved similar performance in terms of a 98% accuracy, it displayed superior computational performance with a relatively low GFLOPS requirement and the lowest inference latency among all evaluated architectures. Results revealed that the DenseNet and EfficientNet family of architectures could classify potato disease images with state-of-the-art accuracy while minimizing computational resources in a way that exceeds the performance of the established baseline models. The relatively high classification accuracy and computational efficiency of DenseNet-169 and EfficientNetV2-B3 demonstrate that they could be well-suited for practical use in an agricultural context. 

While the experimental results underscore the potential of these CNN architectures, particularly the efficiency-accuracy balance of EfficientNetV2-B3, several limitations warrant attention. A primary constraint is the reliance on the PlantVillage dataset, which comprises images captured in controlled settings with homogenous backgrounds. 

23

Consequently, the models’ robustness against the visual complexity of real-world agricultural environments characterized by variable lighting, shadowing, and cluttered backgrounds remains to be fully validated. Furthermore, although the inference times reported in this study highlight the relative efficiency of the models, these metrics were derived from a high-performance workstation equipped with an NVIDIA GeForce RTX 5090. In practical agricultural scenarios, deployment often targets low-power hardware. Therefore, future research will focus on bridging this gap by evaluating model latency and energy consumption on resource-constrained edge devices, such as the Raspberry Pi or Jetson Nano, to ensure viability for in-field deployment. Additionally, expanding the diagnostic scope beyond the current three classes to encompass a broader spectrum of potato pathologies will be a critical step toward developing a comprehensive decision support system for farmers. Furthermore, exploring Vision Transformers and hybrid CNN-Transformer architectures represents a significant avenue for future research. Investigating these advanced models could further enhance classification performance, particularly in handling the high variability and complex patterns inherent in field-acquired agricultural imagery. 

5 Conclusion

This study evaluated four CNN architectures, i.e., ResNet-50, DenseNet-169, EfficientNetV2-B3, and InceptionV3, to investigate the feasibility of automated classification of potato leaf diseases using images from the PlantVillage dataset. Through the experimental results, this study confirmed the diagnostic ability of all models, which yielded test accuracies between 98% and 99%. 

DenseNet-169 did produce the best-performing model at a 99% test

accuracy, though all models performed well. Results show that recent architectures such as DenseNet-169 and especially EfficientNetV2-B3 performed diagnostically well using far fewer parameters and a lower computational load (GFLOPS) in comparison to ResNet-50 and InceptionV3. These results suggest that efficient yet highly accurate models could serve as beneficial and effective alternatives for automated plant disease diagnosis. Efficient models present opportunities suitable for field use in resource-constrained agriculture to facilitate diagnosis and support sustainable agriculture. Future work may involve field execution, and if successful, the potential for the development of a broadly available, accessible decision support tool for farmers. 
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Abstract: Potato production is critically influenced by foliar diseases such as Early Blight and Late Blight, which
continue to threaten global food security. Although visual inspection remains widely used, such assessments are
subjective, time-consuming, and difficult to scale, creating a pressing need for automated and reliable diagnostic
frameworks. 1In this study, the classification performance and computational efficiency of four state-of-the-art
Convolutional Neural Network (CNN) architectures—the Residual Network with 50 layers (ResNet-50), Densely
Connected Network with 169 layers (DenseNet-169), EfficientNetV2-B3, and InceptionV3—were systematically
benchmarked for the identification of healthy potato leaves and those affected by Early Blight or Late Blight using
the publicly available PlantVillage dataset. Accuracy, precision, recall, and F1 score were employed to characterize
predictive performance, while parameter count and giga floating-point operations per second (GFLOPS) were used
to assess computational efficiency. High-level classification capability was consistently achieved across all models,
with overall accuracies ranging from 98% to 99%. DenseNet-169 achieved the highest classification accuracy at
99% with fewer than 13 million parameters, and EfficientNetV2-B3 attained 98% accuracy while exhibiting tsshe
lowest GFLOPS requirement. The results indicate that architectures designed for parameter efficiency and feature
reuse, such as DenseNet-169 and EfficientNetV2-B3, provide accuracy that is comparable to or surpasses that of less
efficient baseline models while offering significant advantages in resource efficiency. These findings reinforce the
strong potential of lightweight and high-performance CNN architectures to support scalable, real-time agricultural
disease diagnostic systems, particularly in regions where computational resources and technical expertise may be
limited.

Keywords: Potato diseases; DL, Plant disease classification; Computational efficiency

1 Introduction

As the fourth most important food crop globally, potato (Solanum tuberosum) is a key component of global
food security [1, 2]. Potatoes are a major source of nutrition for over one billion people, demonstrating the importance
of producing and supplying potatoes reliably [3]. Nevertheless, potato production is constantly threatened by several
phytopathological conditions, particularly fungal diseases such as Early Blight (Alternaria solani) and Late Blight
(Phytophthora in festans) [4]. These are very damaging diseases that are capable of causing significant losses
in yield and economic losses in production, thereby disrupting a major part of the global food supply network [5].
The detection and control of potato diseases has traditionally been dependent on visual inspection by agronomists
and growers [6, 7]. The manual approach is inherently problematic because it is subjective, labor-intensive, and also
highly prone to human error [8, 9]. The quality of diagnosis is highly dependent on the expertise of the individual,
lacks repeatability, and is especially unreliable during the early stages of infection, when symptoms may be ambiguous
or easily mistaken for those associated with nutritional deficiencies [10, 11]. Misdiagnoses often lead to delays or
improper episodes of fungicides that can increase costs and create a real threat to the environment [12, 13].

The significant constraints of traditional diagnostics in agriculture have highlighted an urgent need for automated,
accurate, and scalable systems [14-16]. Paralleling this challenge, deep learning (DL), particularly CNNs, has
achieved transformative success in other domains demanding high-stakes pattern recognition. This validation is
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