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 The efficiency of deep learning (DL) models in detecting plant diseases is 

frequently evaluated on controlled datasets, with little attention paid to data-

partitioning techniques that impact generalization in real-world scenarios. 

This study examines the effects of three data split ratios (80:10:10, 70:15:15, 

and 50:25:25) on the generalizability of four convolutional neural network 

(CNN) architectures, DenseNet121, ResNet50, InceptionV3, and VGG16, for 

grape leaf disease classification across four classes of Black Rot, Esca (Black 

Measles), Leaf Blight, and Healthy. In addition to the standard performance 

metrics, we include external validation using an independent Kaggle dataset 

(9,027 images) to assess true generalizability, complementing the primary 

PlantVillage dataset (3,251 images). Results indicate that split ratio 

significantly affects model performance, with DenseNet121 showing 

outstanding stability across all splits and superior external test accuracy (up to 

99.6%), while InceptionV3 demonstrates extreme instability, and ResNet50 

shows noticeable variation. Explainable artificial intelligence (XAI) via 

gradient-weighted class activation mapping (Grad-CAM) reveals that 

DenseNet121 and ResNet50 focus on pathologically significant leaf regions 

rather than spurious background correlations. This study offers a framework 

for assessing DL models in agriculture, highlighting that no single split ratio 

universally optimizes performance and emphasizing external validation for 

deploying trustworthy solutions. 
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1. INTRODUCTION 

Early detection of crop diseases is critical for food security and agricultural sustainability [1], [2]. 

Grape diseases such as black rot, leaf blight, and esca (black measles) can cause severe crop losses if not 

promptly managed [3], [4]. Conventional detection methods, such as visual inspection and laboratory diagnosis 

are inefficient and unsuitable for large-scale monitoring [5]. While image analysis technologies offer more 

efficient alternatives [6], traditional approaches remain constrained by expert reliance and high costs, and 

remote sensing faces environmental and equipment challenges [7]. 

Deep learning (DL), particularly convolutional neural networks (CNNs), has enabled significant 

advances in diagnostic applications and smart agriculture [8]−[10], offering solutions for precision farming, 

pest control [11], [12], and disease detection [13], [14]. For grape disease identification, CNNs automate the 

analysis of leaf images to detect diseases such as black rot, powdery mildew, and downy mildew, providing a 
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scalable alternative to manual inspection [15], [16]. However, their widespread adoption is constrained by three 

key challenges including lack of interpretability (the black-box problem), high computational demands, and 

reliance on large datasets [17]. Explainable artificial intelligence (XAI) addresses the interpretability gap by 

offering visual insights into model decisions, thereby enhancing trust and usability in agricultural applications 

[18], [19]. 

A substantial body of work has applied CNN architectures such as DenseNet121, ResNet50, VGG16, 

InceptionV3, EfficientNet, Xception, and MobileNet to plant leaf disease detection [20]−[28] and plant 

classification [29]−[33] generally reporting strong accuracies, for example, 90.12-99.5% across banana and 

black gram leaf disease using an attention-enhanced DenseNet variant [20], 99.8% using transfer-learned 

ResNet50 [21], 97.22−98.75% across rice and wheat using an improved VGG16 [22], up to 98.82% across 

twelve pretrained networks on chilli leaf data [23], and up to 100% using a combination of CNN and  

vision-transformer models on grape leaf data [15]. Despite this range of strong results, a consistent pattern 

emerges across these studies, where nearly all rely on a single, fixed data-partitioning ratio, most commonly 

80% training/10% validation/10% testing [20]−[23], [25], [27], [29], with a few alternatives such as 70:15:15 

[15], 75% training: 25% testing split [24], and 60% training: 40% testing [30], but none testing more than one 

split ratio within the same study. External validation on an independent dataset is similarly rare, most studies 

evaluate only on held-out partitions of the same source dataset [15], [20]−[26]. When external testing is 

attempted, its scope is often minimal, one study, for instance, validated a single model variant on just one 

external eggplant disease image [19]. XAI techniques such as gradient-weighted class activation mapping 

(Grad-CAM) and LIME are used in only a subset of this literature [19], [20], [27], and even where present, 

they are applied in isolation, without examining whether interpretability itself is sensitive to data partitioning 

or to which architecture is used. 

Despite these advances, three critical gaps remain. First, the effect of data-split ratio on model 

generalizability is unexamined: because every reviewed study fixes a single partitioning scheme, it is unclear 

whether reported accuracies would hold under a different split, or whether some architectures are more 

sensitive to this choice than others. Second, external validation on a genuinely independent dataset is rarely 

performed, and even more rarely at a scale sufficient to draw reliable conclusions about real-world 

generalization [19]. Third, no reviewed study connects explainability analysis to data-partitioning or  

cross-architecture comparison, leaving open whether a model's disease-region localization, and not just its 

accuracy, degrades under distribution shift. Unlike prior studies that rely on fixed split ratios, this work 

systematically compares three split ratios (80:10:10, 70:15:15, and 50:25:25); validates each configuration on 

an independent external Kaggle dataset; and integrates Grad-CAM interpretability analysis across both split 

ratios and architectures to offer insight into real-world generalization. 

The main contributions for this study are as follows: 

− Unlike prior grape-disease studies that evaluate a single fixed split ratio, this work is the first to 

systematically quantify how split-ratio choice affects generalizability across four widely used CNN 

architectures, ResNet50, DenseNet121, VGG16, and InceptionV3, using repeated multi-run training 

(three split ratios × three runs × four models, 36 sessions in total) to ensure statistical reliability rather 

than relying on single-run results. 

− This study also provides one of the few genuinely independent external validations in this domain, using 

a separate Kaggle grape-disease dataset distinct in source and distribution from the PlantVillage training 

data, establishing a stronger standard for cross-domain generalization than the single-dataset or  

single-image external tests common in prior work [19]. 

− This is the first study in this domain to link Grad-CAM interpretability directly to split-ratio and 

architecture choice, revealing that classification accuracy and interpretability quality do not always align, 

for instance, DenseNet121 achieves the highest external accuracy while still showing incomplete  

Grad-CAM coverage on healthy-leaf regions, and InceptionV3's high internal validation accuracy is not 

matched by either external generalization or reliable feature localization. Together, these findings show 

that DenseNet121 achieves the highest and most stable external test accuracy (up to 0.996) across all 

three split ratios, offering practical, evidence-based guidance for architecture selection under real-world 

uncertainty about data partitioning. 

 

 

2. METHOD 

This study proposes a multi-stage framework for grape leaf disease classification and interpretability 

analysis, encompassing data preprocessing, model training under multiple split ratios, external validation, and 

Grad-CAM-based explainability. The overall workflow is illustrated in Figure 1. The study begins with the 

dataset unit, followed by data preprocessing, which includes cleaning, resizing, normalizing, and using 

augmentation techniques, such as rotation, flipping, and scaling. A key factor in developing a robust DL model 
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for plant disease detection is partitioning the data into training, validation, and test sets. Common split ratios, 

such as 80:10:10, may lead to over-optimistic performance, especially if the test set does not truly represent 

real-world variability. 

 

 

 
 

Figure 1. Proposed framework for grape leaf disease classification, illustrating the workflow from data 

preprocessing to model training, external validation, and Grad-CAM interpretability 

 

 

2.1.  Datasets 

A comprehensive experimental framework was designed to systematically investigate the impact of 

different data split ratios on the generalizability of the model. The proposed framework evaluates the model's 

performance not only on a standard internal test set but also on a fully independent external dataset. This study 

utilized two distinct datasets to ensure a thorough evaluation. The primary dataset was the PlantVillage dataset, 

which is a comprehensive open-source collection featuring 54,305 images of 14 different crop species, 

including grapes, apples, strawberries, and tomatoes [34]. The other one is the Kaggle grape disease dataset 

(external test dataset), which is used to evaluate the generalization performance of the models [35].  

This study focused on grape leaves, and the primary dataset included four categories: three for grape 

leaf diseases (Black Rot, Black Measles, and Leaf Blight) and one for Healthy leaves. A total of 3,251 photos 

are studied, including 944 Black Rot, 1,107 Black Measles, 861 Leaf Blight, and 339 Healthy leaf images, to 

ensure a balanced dataset for effective model training and evaluation, Figure 2 shows a sample of healthy and 

infected grape leaves from the used dataset. Specifically, Figure 2(a) shows a healthy grape leaf with uniform 

green coloration and no visible lesions. Figure 2(b) illustrates Black Rot, characterized by circular brown 

lesions with darkened margins. Figure 2(c) depicts Esca (Black Measles), showing the characteristic interveinal 

chlorosis (tiger-stripe pattern) with necrotic spots. Figure 2(d) presents Leaf Blight, exhibiting irregular brown 

patches with yellowing margins. The primary dataset was partitioned using three different split ratios, and then 

four CNN architectures were tested and trained for grape leaf disease recognition and classification based on 

the transfer learning approach. Every trained model was further evaluated using an external test dataset. Finally, 

the classification results of the utilized models (ResNet50, DenseNet121, VGG16, and InceptionV3) were 

interpreted using the efficient XAI method (Grad-CAM) by generating heatmaps (HMs) for the corresponding 

models. 

The external dataset is sourced from Kaggle and contains 9,027 images with a different distribution: 

Black Rot (2360), Esca (2400), Healthy (2115), and Leaf Blight (2152). This dataset was used exclusively for 

final testing and was never used during training or validation, simulating a real-world scenario. To confirm the 

independence of the two datasets, the primary PlantVillage grape subset [34] and the external Kaggle grape 

disease dataset [35] were obtained from distinct sources with non-overlapping upload histories and differing 

class distributions, for example a healthy class count of 339 in PlantVillage versus 2115 in the external set. 

In previous DL studies, models were typically trained using only the training and validation sets. 

However, this study adopted a different strategy, in which the data were split randomly into three parts using 

three split ratios: (80% training, 10% validation, and 10% testing), (70% training, 15% validation, and 15% 

testing), (50% training, 25% validation, and 25% testing) in splits 1, 2, and 3, respectively. The training set is 
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used to train the model and optimize its parameters, whereas the validation set helps with hyperparameter 

adjustment and overall model performance evaluation [15], [36]. It is essential to include a test dataset, because 

it offers a separate assessment of the model. It guarantees that the outcomes are representative of actual 

circumstances and removes bias caused by overfitting the training data. This approach increases the reliability 

of the outcomes and offers more accurate information on how well the model performs on unseen data. The 

split ratios used in the PlantVillage dataset for training, testing, and validation are listed in Table 1. 

 

 

    

(a) (b) (c) (d) 

 

Figure 2. Samples of healthy and infected grape leaves from the PlantVillage dataset: (a) healthy grape leaf, 

(b) Black Rot, (c) Esca (Black Measles), and (d) Leaf Blight 

 

 

Table 1. Grape crop datasets and their counts in different splits 

Class name 
Test % Validation % Train % 

Total (100%) 
10% 15% 25% 10% 15% 25% 80% 70% 50% 

Healthy 34 51 84 34 51 84 271 237 171 339 

Black Rot 94 142 236 94 142 236 756 660 472 944 
Black Measles (Esca) 111 166 276 111 166 276 885 775 555 1107 

Leaf Blight 86 129 215 86 129 215 689 603 431 861 

 

 

2.2.  Data preprocessing 

Preprocessing is a crucial step in obtaining raw data for DL models; it maximizes the efficiency and 

attains the best accuracy. For consistency, all images from both the datasets were preprocessed. First, irrelevant 

plant leaf data were filtered and manually fixed for any mislabeled data. CNN models often expect images of 

a specific size. For example, ResNet50, DenseNet121, and VGG16 frequently employ input images of 

224×224 pixels. The InceptionV3 model required an input size of 299×299 pixels. The images in the utilized 

datasets were 256×256 pixels; therefore, they were resized to meet these requirements using TensorFlow's 

Keras library. This step is critical for consistency, because convolutional operations rely on uniform image 

sizes. In addition, the pixel values in the images typically range from 0 to 255. Nevertheless, models tend to 

perform better when the pixel values are scaled between (0 and 1) or (−1 and 1). 

To achieve this, pixel values were normalized to the [0, 1] range by dividing each pixel value by 255. 

The formula for normalization is given as shown in (1): 

 

Normalized value =  
Pixel value

255
 (1) 

 

Data augmentation is a fundamental technique in DL, particularly for image-classification tasks. It 

manipulates training datasets to make them larger and more diverse through a range of transformations such 

as rotation, flipping, cropping, scaling, and brightness and contrast adjustments [27], [37]. This technique is 

crucial for training CNN and other DL models. This reduces overfitting by exposing the model to a wider range 

of image variations. Therefore, the model is encouraged to learn generalizable features rather than memorize 

specific details of the training data. Real-world variations, such as changing backgrounds, lighting, and 

orientations, were simulated to achieve this [15]. 

 

2.3.  Experimental design 

The primary dataset was divided into three subsets using three split ratios (80% training, 10% 

validation, 10% testing), (70% training, 15% validation, 15% testing), and (50% training, 25% validation, 25% 

testing). To ensure statistical reliability, each model-split combination was trained three times using random 

seeds (42, 123, 2024), resulting in 36 independent training sessions (4 models×3 splits×3 runs). Stratified 

random splitting was used to maintain class distribution across all subsets. 
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2.4.  Training configuration 

All experiments were conducted on an RTX 3060 GPU with 6 GB memory using CUDA 11.3 and 

PyTorch 1.12. Unified hyperparameters included the Adam optimizer (𝑙𝑟 = 0.001 with ReduceLROnPlateau 

scheduler, 𝑓𝑎𝑐𝑡𝑜𝑟 = 0.1, 𝑝𝑎𝑡𝑖𝑒𝑛𝑐𝑒 = 3), batch size of 32, maximum 50 epochs, and early stopping with 

patience of 6 epochs. Adam was selected for its adaptive learning-rate properties, which reduce the need for 

manual learning-rate tuning across four architecturally distinct models; early stopping was employed to prevent 

overfitting. Extensive data augmentation was applied only to training sets including random rotation (±30°), 

horizontal/vertical flipping, and color jitter (𝑏𝑟𝑖𝑔ℎ𝑡𝑛𝑒𝑠𝑠 = 0.2, 𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡 = 0.2). These augmentation 

parameters were chosen to simulate real-world variations in lighting, orientation, and image quality that the 

models may encounter during field deployment.  

In addition to hyperparameter tuning, each pretrained architecture required specific modifications to 

its final classification layers to adapt it to the four-class grape disease task. Table 2 summarizes these 

architecture-specific modifications, including parameter counts, the layers altered, and which layers were 

frozen during training. As shown in Table 2, VGG16's convolutional layers were frozen during fine-tuning, 

owing to its substantially larger parameter count (~138M) relative to the other three architectures; freezing 

these layers reduced training time and overfitting risk while still leveraging its ImageNet-pretrained features. 

The remaining three models, ResNet50, DenseNet121, and InceptionV3, were fully fine-tuned given their 

comparatively lower parameter counts and their architectural properties (skip connections and dense 

connectivity, respectively) that support stable gradient flow even without layer freezing. InceptionV3's 

auxiliary classifier was retained and adjusted alongside its primary classifier, a design choice known to improve 

gradient flow and regularization during training.  

By iteratively adjusting the calculated gradients and model parameters, the training process spanned 

up to 50 epochs, balancing the risks of underfitting and overfitting. During evaluation, gradient tracking was 

disabled to reduce memory consumption and improve computational efficiency. 

 

 

Table 2. Summary of architecture modifications for transfer learning 

Model 
Parameters (post-

modification) 
Final layer modification Frozen layers 

Input 
size 

Output 
classes 

ResNet50 ~23.5M Final fully connected layer replaced, 

mapping 2048-dim features to 4 

output classes 

None (fully fine-tuned) 224×224 4 

DenseNet121 ~6.96M Classifier layer replaced; final feature 

output obtained via global average 

pooling (no separate FC layer) 

None (fully fine-tuned) 224×224 4 

VGG16 ~134.28M Final classifier layer replaced Convolutional feature-

extraction layers frozen 
224×224 4 

InceptionV3 ~24.35M Both primary and auxiliary classifier 
heads replaced 

None (fully fine-tuned) 299×299 4 

 

 

2.5.  Performance metrics and model explanation techniques 

This study compared the effectiveness of grape disease recognition models using two types of 

measures: accuracy-related indicators and computational efficiency metrics. The accuracy-related metrics 

included the precision, recall, and F1-score. In terms of accuracy, the fraction of true predictions is evaluated, 

whereas precision focuses on the capacity of the model to eliminate false positives. Recall highlights the ability 

of the model to recognize all the positives. Additionally, the F1-score strikes a compromise between precision 

and recall by considering both false-positive and false-negative results. As a result, accuracy, recall, and  

F1-score offer helpful insights into the categorization performance. Precision focuses on reducing false 

positives. The mathematical expressions for these metrics are defined as (2)-(5): 

 

Accuracy =  
Number of correct predictions

Total number of predictions
 (2) 

 

Precision =  
Number of True positives

True positives+ False positives
 (3) 

 

Recall =  
Number of True positives

True positives+ False negatives
 (4) 

 

F1 =  
2×Precision×Recall

Precision+Recall
 (5) 
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To examine the learning process of the models and identify overfitting or underfitting, training and 

validation losses were also computed. Additionally, the unique performance of each disease type was examined 

using a confusion matrix. The sklearn.metrics module, which offers an effective way to compute the accuracy, 

precision, recall, and F1-score based on predicted and true labels, was used to calculate these metrics. On the 

other hand, computational efficiency metrics, such as inference time, throughput, and parameter count, quantify 

the model's performance in real-time. The throughput is the number of images processed per second, whereas 

the inference time is the speed of the model when analyzing a single image. Furthermore, the size of the model 

and the number of parameters are important considerations. 

They help in determining the computational requirements and viability of deployment on devices with 

limited resources, such as smartphones or IoT devices. These metrics were measured by counting the number 

of predicted images and the amount of time required to analyze a dataset. The evaluation criteria were chosen 

to provide a comprehensive analysis of the ability of the model to effectively identify grape diseases. 

Grad-CAM was utilized to enhance the decision-making process of the CNN models. This improves 

model interpretability and fosters confidence in AI-driven grape disease classification [38], [39]. In addition, 

it determines the gradients of each model output for a target class and weighs the feature maps of the last 

convolutional layer. Grad-CAM creates heat maps that overlay the original image. Therefore, areas that 

discriminate based on class and increasing transparency in the decision-making process should be  

highlighted [40]. 

 

2.6.  Statistical analysis 

Paired t-tests compared external test accuracies across the three split ratios (𝑛 =3 per model 

comparison, 𝑑𝑓 =2). A significance level of (𝛼 =0.05) was used to determine statistical significance. 

Normality of paired differences was confirmed via Shapiro-Wilk (𝑝 >0.05 for all pairs), confirming that the 

assumption of normality was not violated. To account for multiple comparisons, a conservative  

Bonferroni-corrected threshold of (𝛼 =0.05/6=0.0083) was applied across the six pairwise comparisons; results 

below this threshold were considered significant, and those between 0.0083 and 0.05 are reported as suggestive. 

The 95% confidence intervals (CIs) were calculated using the standard formula (𝐶𝐼 = 𝑚𝑒𝑎𝑛 ± 𝑡(0.025,  

𝑑𝑓)× (
𝑆𝐷

√𝑛
)) with critical 𝑡 =4.303. 

 

 

3. RESULTS AND DISCUSSION 

In this section, we compare the DL models ResNet50, DenseNet121, VGG16, and InceptionV3 

utilized for grape disease diagnosis using the PlantVillage dataset. The models were trained on the primary 

dataset for different splits in three runs. The models were assessed according to the validation accuracy, training 

and validation loss, F1-score, and recall. The training was automatically stopped early by defining a patience 

of 6. Figure 3 shows validation accuracy across three training runs for each model and split configuration. 

DenseNet121 consistently exceeded 0.98 validation accuracy across all splits with minimal run-to-run variation 

as displayed in Figure 3(a). ResNet50 performed comparably well but showed occasional instability, 

particularly at 80:10:10 as shown in Figure 3(b). InceptionV3 exhibited the highest variability, with some runs 

approaching 1.0 while others started as low as 0.5428 as demonstrated in Figure 3(c). While VGG16 showed 

the most consistent but lowest peak performance (0.92−0.97) across all splits as shown in Figure 3(d). 

Figure 4 summarizes average and standard-deviation performance across validation, test, and external 

test sets for all models and splits. Figures 4(a) and (b) show the average and standard deviation of validation 

accuracy, respectively, with DenseNet121 achieving the highest average (0.976–0.981) and lowest variability 

across splits. Figures 4(c) and (d) present the average and standard deviation of test accuracy, where 

InceptionV3 exhibits the highest variability among all models. Figures 4(e) and (f) report the average and 

standard deviation of external test accuracy for all models across split ratios. DenseNet121 achieved the highest 

and most stable performance across all three evaluation stages (validation: 0.976−0.981; test: 0.985−0.988; 

external accuracy: 0.988−0.991) with low standard deviations (0.002−0.013), consistent with its dense 

connectivity property, which promotes feature reuse and gradient flow [41]. ResNet50 showed strong internal 

performance (validation 0.955−0.972) but a notable external-generalization drop at 70:15:15 (mean 0.963, SD 

0.047), suggesting its residual connections benefit intra-domain performance more than cross-domain stability.  

On the other hand, InceptionV3 showed the opposite pattern, strong validation accuracy 

(0.965−0.971) but poor external generalization (0.459−0.679, SD 0.079−0.179), consistent with architectural 

overfitting, where its parallel filter banks (1×1, 3×3, 5×5 convolutions) were designed for large-scale datasets 

such as ImageNet (1.2M images) and appear to learn features that transfer poorly to a smaller, domain-specific 

dataset. VGG16 generalized consistently but at a lower ceiling (validation: 0.954−0.960, SD<0.003; test: 

0.949−0.970, SD<0.019; external accuracy: 0.929−0.937, SD<0.020), reflecting its simpler sequential 

architecture without residual or dense connections. DenseNet121's stability across splits stems from its dense 
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connectivity, which lets later layers reuse early-layer features directly rather than re-learning them. This 

effectively regularizes the network [41], so even though it has ~7M parameters, its effective capacity relative 

to training data stays favorable even at the smallest split, at 50:25:25 (1625 training images), it still achieves 

0.988−0.991 external accuracy as shown in Figure 4(e). InceptionV3 shows the opposite pattern for a related 

reason; its parallel filter banks (~24M parameters) were designed for ImageNet-scale data, giving it far more 

capacity than a few thousand grape images warrant. At smaller splits, this mismatch worsens, since the model 

must fit roughly three times DenseNet121's parameters on the same reduced data, increasing the risk of 

memorizing source-domain artifacts instead of generalizable disease features. 

 

 

  

(a) 

 

(b) 

 

  

(c) (d) 

 

Figure 3. Validation accuracy across three training runs for each CNN model and split configuration; 

(a) DenseNet121, (b) ResNet50, (c) InceptionV3, and (d) VGG16 

 

 

DenseNet121's mean external accuracy across the three split ratios was 0.990 (95% CI: [0.985, 

0.995]), reflecting its low variance across split ratios, with its best single-split performance reaching 0.996 at 

80:10:10 as listed in Table 3. Statistical comparisons confirmed a significant difference between DenseNet121 

and VGG16 (𝑝 = 0.003), which survived Bonferroni correction (𝛼 = 0.0083); differences among the 

remaining model pairs (𝑝 = 0.023–0.041) did not survive correction and are reported as suggestive rather than 

conclusive, where differences between DenseNet121 and InceptionV3 (𝑝 = 0.023), ResNet50 and VGG16 

(𝑝 = 0.041), ResNet50 and InceptionV3 (𝑝 = 0.030), and VGG16 and InceptionV3 (𝑝 = 0.030). While the 

difference between DenseNet121 and ResNet50 was not significant (𝑝 = 0.325), indicating comparable 

generalization capability despite DenseNet121's higher mean accuracy. No split ratio consistently dominated 

across all four architectures, though 50:25:25 produced comparable or improved generalization for 

DenseNet121 and ResNet50, underscoring the value of a sufficiently large validation and test allocation for 

reliable model evaluation. 
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(a) (b) 

 

  
(c) (d) 

 

  
(e) (f) 

 

Figure 4. Performance comparison across models and split ratios: (a) average validation accuracy,  

(b) standard deviation of validation accuracy, (c) average test accuracy, (d) standard deviation of test 

accuracy, (e) average external test accuracy, and (f) standard deviation of external test accuracy 

 

 

The confusion matrices at each model's best-performing split, selected based on the highest external 

test accuracy achieved in three rounds on the Kaggle Grape Disease Dataset, (DenseNet121: 80:10:10, 99.6%; 

ResNet50: 50:25:25, 99.3%; VGG16: 70:15:15, 95.3%; InceptionV3: 70:15:15, 93.1%) are illustrated in  

Figure 5. Figure 5(a) shows DenseNet121's confusion matrix at its best-performing split (80:10:10), with the 

fewest total misclassifications (36/9027, 0.39%) and no errors in the Healthy class. Figure 5(b) presents 

ResNet50 (50:25:25), with with total misclassifications of (67/9027, 0.74%) and modest confusion between 

Healthy and Black Rot classes. Figure 5(c) shows VGG16 (70:15:15), where errors are concentrated in 

Healthy-leaf misclassification (237/2115, 11.2%), suggesting difficulty distinguishing pathological symptoms 

from minor physical damage. Figure 5(d) presents InceptionV3 (70:15:15), showing the most systematic error 

pattern, frequently confusing Black Rot with Esca (413/2360, 17.5%), consistent with over-reliance on  

color-based features rather than lesion morphology. 
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(a) (b) 

 

  
(c) (d) 

 

Figure 5. Confusion matrices for each model at their optimal split based on external test performance:  

(a) DenseNet121 (80:10:10): 99.6% accuracy, near-perfect classification, (b) ResNet50 (50:25:25): 99.3% 

accuracy, strong performance, (c) VGG16 (70:15:15): 95.3% accuracy, healthy leaf misclassifications, and 

(d) InceptionV3 (70:15:15): 93.1% accuracy, substantial Black Rot misclassifications 

 

 

The performance metrics of DenseNet121, ResNet50, VGG16, and InceptionV3 on the external test 

dataset are summarized in Table 3. DenseNet121 achieved the highest accuracy (99.60%) and lowest loss 

(0.0197), while ResNet50 offered the fastest inference (0.004222 s) and highest throughput  

(236.85 images/sec) at a marginal 0.34% accuracy cost, representing a 20% throughput advantage over 

DenseNet121.This positions ResNet50 as preferable for real-time or high-throughput deployment such as  

real-time drone surveillance, and DenseNet121 as preferable where accuracy and model footprint (27.8 MB) 

are the priority such as mobile apps for on-device inference. On the other hand, VGG16 and InceptionV3 

offered no compelling efficiency or accuracy advantage over either architecture, with VGG16's large parameter 

count (134.3M and 524 MB) and InceptionV3's weaker external accuracy (93.13%) and slowest inference 

(0.011168 s) limiting their practical deployment value. 

 

 

Table 3. Comparison results for CNN models on external dataset 

Model Loss Accuracy Precision Recall 
F1-

score 

Inference 

time (sec) 

Throughput 

(images/sec) 

Total 

parameters 

Model size 

(KB) 

ResNet50 0.0235 0.9926 0.9926 0.9926 0.9926 0.004222 236.85 23,516,228 92,176 
DenseNet121 0.0197 0.9960 0.9960 0.9960 0.9960 0.005065 197.44 6,957,956 27,783 

VGG16 0.1267 0.9531 0.9547 0.9531 0.9530 0.006269 159.52 134,276,932 524,532 

InceptionV3 0.1990 0.9313 0.9445 0.9313 0.9325 0.011168 89.54 24,354,536 95,484 

 

 

3.1.  Model interpretability 

Figure 6 shows Grad-CAM heatmaps across all four disease classes. DenseNet121 and ResNet50 are 

the top-performing models by consistently localizing disease-relevant regions, aligning well with known 

disease symptoms [10], [17], [42]. In contrast, VGG16 frequently attended to irrelevant background regions 
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rather than leaf-specific features, indicating weaker disease-specific feature capture. Similarly, InceptionV3 

showed the least reliable localization, particularly misaligning focus for Black Rot and Healthy classes, 

consistent with its confusion-matrix errors and supporting the interpretation that its poor external generalization 

reflects genuine feature-learning limitations rather than only dataset-specific noise. 

 

 

 
 

Figure 6. Grad-CAM heatmaps of model focus areas 

 

 

This study was systematically compared with related work in terms of technique, data split strategy, 

XAI use, and external validation as shown in Table 4. Unlike most prior studies, which use a single fixed split 

ratio and rarely validate externally [20], [21], [23], [30], this work evaluates three split ratios per architecture 

and validates all four models on a fully independent external dataset, while additionally applying Grad-CAM 

interpretability analysis across both splits and architectures. 

 

 

Table 4. Comparison of the proposed study with other state-of-arts methods 

Reference Techniques used 
Accuracy 

(%) 
Data split 

ratio 
Crop 

XAI 
method 

External 

dataset 

testing 

Dataset 
size 

[20] DenseNet201 Plus 90.12 

99.5 

80:10:10 Banana 

Black gram 

Grad-

CAM++ 

No 1289 

1007 

[21] ResNet50 99.8 80:10:10 38 plant 
categories 

No No 70295 

[22] VGG16 97.22 

98.75 

80:10:10 Rice 

Wheat 

No Yes 120/80 

(Training) 
50 (Ext. 

testing) 

[23] SECNN 99.28 80:10:10 Fruit No No 5100 

[27] EfficientNetV2B2 98.96 80:10:10 Tomato Grad-CAM 
LIME 

No 10000 
 

[30] Decision tree classifiers 

Random forests classifier 

90 

94 

60:40 Tomato No No 500 

This work DenseNet121 

ResNet50 

VGG16 
InceptionV3 

99.60 

99.26 

95.31 

93.13 

80:10:10 

50:25:25 

70:15:15 
70:15:15 

Grape Grad-CAM Yes 3251 

(training) 

9027 (Ext. 

testing) 
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3.2.  Limitations 

This study has several limitations. The PlantVillage dataset's controlled imaging conditions may not 

fully reflect field variability, and some domain shift is expected between the training and external test 

distributions. The analysis is limited to four grape disease classes, and reported inference times are  

hardware-specific (RTX 3060) and may vary across deployment platforms. Additionally, while three runs per 

split-model combination provide an initial basis for statistical comparison, a larger number of runs would 

improve the robustness of the reported CIs and significance tests. 

 

 

4. CONCLUSION 

This study evaluated three data split ratios (80:10:10, 70:15:15, 50:25:25) across four CNN 

architectures for grape leaf disease classification, training on PlantVillage and validating externally on an 

independent Kaggle dataset. Two implications stand out. First, external validation is essential, several models 

performed well internally but generalized quite differently on the independent dataset, exposing overfitting that 

internal metrics alone missed. Second, split-ratio sensitivity is architecture-dependent, not universal; some 

architectures generalized consistently regardless of partitioning, while others varied substantially, meaning 

split-robustness should be evaluated alongside accuracy when selecting a model. For deployment, architecture 

choice should follow operational priority, where the most stable, accurate architecture suits accuracy-critical, 

resource-constrained applications, while the fastest architecture suits throughput-critical, real-time 

applications. 

Future work should test these patterns under field-realistic conditions including variable lighting, 

occlusion, and mixed infections, and should extend the approach to other crops to check whether  

architecture-dependent split sensitivity generalizes. Calibration analysis will also be incorporated to evaluate 

the reliability of prediction confidence, alongside uncertainty estimation to support decision-making in 

agricultural contexts where misclassification costs are high. Additionally, future work will benchmark 

performance against vision transformers (ViT, Swin Transformer) and foundation models fine-tuned for 

agricultural applications. For mobile deployment specifically, lightweight should be defined against explicit 

constraints, a target model size and inference latency for a stated device class, rather than used as a general 

descriptor. 
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