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Abstract−Chili leaf disease reduces yield and farmer income in Indonesia, yet automated diagnosis is typically evaluated using a 

single architecture or artificially balanced datasets that do not reflect field conditions. This study compared eight CNN architectures 

(ResNet50, ResNet101, EfficientNetB0, EfficientNetB3, MobileNetV2, MobileNetV3Large, VGG16, and DenseNet121) for six-

class chili leaf disease classification on an original dataset of 1,847 images, using on-the-fly augmentation only on the training 

subset. Each architecture was trained with a frozen feature-extraction transfer-learning protocol and class weighting across three 

random seeds (24 runs total) to assess robustness. MobileNetV3Large achieved the highest mean accuracy (98.80%) and was 

selected as the final model, reaching 98.92% accuracy, a macro-average F1-score of 98.09%, and a weighted-average F1-score of 

98.90%. A Friedman test confirmed that performance differences among the eight architectures were statistically significant (𝑥2= 

19.432, 𝑝 = 0.0069), with a Kendall's W of 0.9253 indicating strong ranking agreement across seeds. Grad-CAM visualization 

showed that the final model's predictions were consistently driven by symptomatic leaf regions rather than background artifacts. 

These results indicate that a lightweight, lower-parameter architecture can match or exceed deeper models under frozen feature 

extraction, offering a favorable performance-to-size trade-off for agricultural extension services. This study contributes a 

statistically validated benchmarking protocol enabling fair comparison across CNN design philosophies on a single, non-

synthetically-balanced dataset, a setting most prior chili leaf disease studies have not provided. 

Keywords: Chili Leaf Disease Classification; Frozen Feature Extraction; MobileNetV3Large; Class Weighting; Convolutional 

Neural Network 

1. INTRODUCTION 

Red chili (Capsicum annuum L.) is one of the important vegetable commodities in Indonesia, both for domestic 

consumption and for export. Chili plants can grow under various conditions, but are frequently attacked by various 

diseases that can reduce the quality and quantity of the harvest. Therefore, optimal plant care is an important factor in 

maintaining chili productivity. However, various types of chili disease cause economic losses for farmers[1]. 

The chili leaf disease identification method that is commonly used today is still carried out manually through 

visual observation by farmers. This approach is subjective, relatively time-consuming, and has low accuracy[2]. 

Therefore, an automatic system capable of detecting chili leaf disease is needed to support early disease management. 

A digital image-based approach is one of the effective solutions because it can identify disease based on the visual 

characteristics of the plant leaves . 

One of the technologies widely used in image classification is the Convolutional Neural Network (CNN). CNN 

has the ability to automatically extract visual features and recognize visual patterns in data with high accuracy[3]. 

Various CNN architectures have been developed with different characteristics, such as ResNet[4], EfficientNet[5], 

MobileNet, VGG[1], and DenseNet[6], each offering a different balance between accuracy and computational 

efficiency. CNN belongs to the deep learning branch of artificial intelligence and machine learning, in which multiple 

layers of representation are learned directly from data rather than engineered manually [7], [8]. 

In practice, one of the main challenges in plant disease image classification is the limited amount of data and 

imbalanced class distribution. This condition can reduce the accuracy of a model in recognizing objects. Another 

impact of an imbalanced dataset is a decrease in other model evaluation metrics, such as recall, precision, and F1-

score[9]. To overcome this problem, the transfer learning approach is an effective strategy because it allows the use 

of model weights that have already been trained on large-scale datasets such as ImageNet. This approach can 

accelerate the training process and improve accuracy even when the local dataset is limited[10]. In addition, a frozen 

feature extraction strategy was applied by retraining only the classification head, while a class weighting technique 

was used to handle the imbalanced class distribution in the original dataset. 

The selection of Frozen Feature Extraction over full fine-tuning or partial fine-tuning was a deliberate 

methodological decision rather than a simplification of the transfer-learning process. Fine-tuning updates a large 

number of parameters in the pretrained convolutional layers, which may be more susceptible to overfitting or 

representation distortion when applied to small target datasets, particularly through catastrophic forgetting, a condition 

in which previously learned feature representations lose their generalization ability because they are overwritten by 

gradients computed from a small target dataset [11]. With only 1,847 chili leaf images distributed across six 

imbalanced classes, fine-tuning risks damaging basic ImageNet features, such as edges, textures, and color gradients, 

that remain relevant for recognizing leaf disease patterns. Therefore, the convolutional layers were frozen and only 

the classification head was trained. This approach significantly reduces the number of parameters that need to be 

updated, lowers the risk of overfitting, accelerates training time, and is more suitable for environments with limited 
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computational resources. These considerations formed the basis for the architecture selection and experimental design 

of this study. 

Several prior studies have examined the application of various CNN architectures for plant disease 

classification, including chili leaf disease, providing important findings while also revealing limitations that motivate 

the present study. Khoirunnisa et al. [1] compared MobileNetV2 and VGG16 on a chili leaf disease dataset and found 

that MobileNetV2 outperformed VGG16; however, the study compared only two lightweight architectures and did 

not cover other CNN architecture families. Munir et al. [3]applied a MobileNet architecture to a local chili leaf disease 

dataset and obtained reasonably good accuracy, but did not provide a comparison model, making it difficult to 

determine whether the result stemmed from the architecture's advantage or from dataset characteristics. Setyadi et al.  

[4]applied transfer learning combined with data augmentation and obtained an accuracy of 97.18%, but this result 

depended on additional synthetic data and therefore does not reflect model performance on the original dataset without 

offline augmentation. Azhari and Husain [5] evaluated only the EfficientNet family without comparing it to other 

architecture families such as ResNet or DenseNet. Meanwhile, Khasanah and Fachrie [9] used DenseNet201 and 

obtained a training accuracy of 90%, but test accuracy dropped to 84%, indicating a model generalization problem. 

Ristanti [12] compared VGG16 and MobileNetV2 on a combined field and public dataset, showing that MobileNetV2 

achieved 92% accuracy while VGG16 achieved only 74%, but again involved only two architectures. Anggiratih et 

al. [13] applied EfficientNetB3 to rice leaf disease and obtained an accuracy of 79.53% under a small-dataset 

condition, showing that even modern architectures do not necessarily achieve optimal performance without an 

appropriate data-handling strategy. 

Although many studies have applied CNN for plant disease classification, most of them still use a single dataset 

and focus on only one or two specific CNN architectures. Research comparing various modern CNN architectures on 

an original dataset without offline augmentation or synthetic class balancing, under an imbalanced class distribution, 

is still relatively limited. Therefore, this study proposes a comparison of eight CNN architectures, namely ResNet50, 

ResNet101, EfficientNetB0, EfficientNetB3, MobileNetV2, MobileNetV3Large, VGG16, and DenseNet121, to 

classify six classes of chili leaf disease using a frozen feature extraction transfer learning approach on an original 

dataset of 1,847 images. 

Based on prior research, three research gaps form the focus of this study. First, CNN architecture comparisons 

in previous studies are generally limited to one or two architectures, and therefore do not provide a comprehensive 

picture of the performance of different CNN design philosophies under the same conditions. Second, studies reporting 

high accuracy generally rely on data augmentation or dataset merging to overcome limited data, rather than directly 

addressing class imbalance. Third, model generalization issues, such as the accuracy drop from training to test data or 

low performance on small datasets, are rarely analyzed in relation to the depth or capacity characteristics of the CNN 

architecture. To address these gaps, this study makes three main contributions: evaluating eight CNN architectures 

representing different design philosophies under a single, uniform Frozen Feature Extraction protocol; using the 

original dataset without offline augmentation or synthetic class balancing, applying on-the-fly augmentation only to 

the training subset, and handling class imbalance through class weighting rather than synthetic data addition; and 

analyzing the causes of low performance in some architectures based on overfitting and underfitting patterns, rather 

than final accuracy values alone. To the authors' knowledge, the combination of the Frozen Feature Extraction 

protocol, eight diverse CNN architectures, and an original, imbalanced chili leaf disease dataset has not been 

previously reported. 

In summary, the primary contribution of this study is not the introduction of a new CNN architecture, but rather 

a carefully controlled, multi-seed comparative benchmark that evaluates eight established CNN design philosophies 

under one consistent frozen feature-extraction protocol on a small, imbalanced, original chili leaf disease dataset. By 

combining this unified protocol with statistical significance testing and Grad-CAM-based qualitative verification, this 

study aims to provide a more reliable and reproducible reference point than prior single-architecture or single-

comparison studies, while acknowledging that, as an initial benchmarking effort on a single-source dataset, its findings 

are intended as a starting point for further validation rather than a definitive conclusion. 

2. RESEARCH METHODOLOGY 

2.1 Research Design 

This study employed a comparative experimental framework to evaluate the performance of eight convolutional neural 

network (CNN) architectures for six-class chili leaf disease classification. The research stages consisted of dataset 

preparation, stratified dataset splitting, image preprocessing, on-the-fly data augmentation, class imbalance handling, 

transfer learning, multi-seed comparative experiments, statistical analysis, final model selection, and interpretability 

analysis using Grad-CAM. The overall research workflow is presented in Figure 1. The dataset was first prepared and 

divided into training, validation, and independent test subsets. Data augmentation was applied only to the training 

subset, while class weighting was used to address the imbalanced class distribution. Eight CNN architectures were 

subsequently evaluated using three random seeds to reduce the influence of stochastic training factors. The architecture 

performances were then compared using quantitative evaluation metrics and statistical analysis. The highest accuracy 
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architecture was selected for final training and independent test evaluation, followed by Grad-CAM analysis to 

investigate the visual regions contributing to model predictions. 

 

Figure 1. Research stages of the proposed CNN-based chili leaf disease classification framework 

2.2 Dataset Preparation 

2.2.1 Dataset Source and Verification 

The dataset used in this study was obtained from the Mendeley Data repository and consisted of chili leaf images 

belonging to six classes: Bacterial Spot, Cercospora Leaf Spot, Curl Virus, Healthy Leaf, Nutrition Deficiency, and 

White spot. After dataset preparation and verification, 1,847 image files were included in the final experimental 

pipeline. 

2.2.2 Stratified Train–Validation–Test Split 

The dataset was divided into training, validation, and test subsets, consisting of 1,292, 277, and 278 images, 

respectively. The training subset represented approximately 69.95% of the dataset, while the validation and test 

subsets represented approximately 15.00% and 15.05%, respectively. The subsets were kept mutually exclusive to 

prevent data leakage between model optimization and final evaluation. The dataset was retained as the source dataset, 

while augmentation was performed dynamically during model training. Therefore, the reported dataset size refers to 

the number of original image files and does not include additional augmented images stored as separate files 

2.2.3 Image Preprocessing 

Each image was loaded and resized to 224×224 pixels with three color channels (RGB) using TensorFlow's 

image_dataset_from_directory utility, applied consistently to the training, validation, and test subsets. Pixel values 

were kept in their native 0–255 range and fed directly into the frozen pretrained backbone of each architecture without 

an additional explicit rescaling or architecture-specific normalization layer, consistent with the backbone operating in 

frozen inference mode (training=False) during feature extraction 

2.2.4 On-the-Fly Data Augmentation 

On-the-fly data augmentation was applied exclusively to the training subset using random rotation, random zoom, 

random brightness, and random contrast transformations. These transformations were used as a regularization strategy 

to improve model generalization. No augmentation was applied to the validation or test subsets to ensure that model 

performance was evaluated using unseen images under consistent conditions. The effectiveness of on-the-fly 

augmentation as a regularization strategy for CNN-based leaf/crack image classification with limited training data is 

consistent with recent findings [14]. 

2.3 Class Imbalance Handling 

The dataset exhibited an imbalanced distribution among the six disease classes. To reduce the potential bias toward 

majority classes, class weighting was incorporated into the training process. The class weight for each class was 

calculated using the balanced weighting formulation: 

𝑤𝑖  =  
𝑁

𝐾 × 𝑛𝑖
  (1) 
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where wᵢ is the weight assigned to class i, N is the total number of training samples, K is the number of classes, 

and nᵢ is the number of training samples belonging to class i. 
 This inverse-frequency weighting formulation follows the standard balanced class-weight scheme commonly 

used to correct class-conditional bias in imbalanced multi-class classification, and its effectiveness relative to 

alternative resampling strategies (e.g., SMOTE) has been empirically demonstrated for imbalanced classification tasks 

[15].The resulting class weights are presented in Table 1. 

Table 1. Class Distribution and Class Weights 

No Class Training Samples Class Weight 

1 Bacterial Spot 106 2.0314 

2 Cercospora Leaf Spot 123 1.7507 

3 Curl Virus 296 0.7275 

4 Healthy Leaf 320 0.6729 

5 Nutrition Deficiency 311 0.6924 

6 White Spot 136 1.5833 

Higher weights were assigned to minority classes, while lower weights were assigned to majority classes, 

confirming the intended inverse relationship between class frequency and assigned weight. The validity of the class-

weight calculation was assessed mathematically by verifying that minority classes consistently received larger weights 

than majority classes; no experiment without class weighting was conducted in this study, so its practical effectiveness 

relative to an unweighted baseline is not established empirically. Class weighting and data augmentation served 

different purposes in the experimental framework: class weighting was used to address class imbalance during 

optimization, whereas on-the-fly augmentation was applied to improve generalization and reduce overfitting. The 

practical effectiveness of class weighting within this setup was instead evaluated through class-level precision, recall, 

F1-score, and confusion matrix analysis. 

2.4 CNN Architectures and Experimental Protocol 

2.4.1 Eight CNN Architectures 

Eight representative CNN architectures were evaluated: ResNet50, ResNet101, EfficientNetB0, EfficientNetB3, 

MobileNetV2, MobileNetV3Large, VGG16, and DenseNet121. These architectures represent different CNN design 

approaches: VGG16 follows a plain sequential convolutional design and has been applied to Indonesian tomato-leaf 

disease classification [16]; ResNet50 and ResNet101 apply residual learning through identity skip connections and 

have been applied to rice-leaf disease classification in Indonesian studies [17]; DenseNet121 introduces dense 

connectivity, in which each layer receives the feature maps of all preceding layers, and has been applied to tomato 

leaf-mold identification[18]; EfficientNetB0 and EfficientNetB3 apply compound scaling, which jointly scales 

network depth, width, and input resolution, and have been applied to citrus leaf-disease classification [19]; 

MobileNetV2 uses depthwise separable convolutions with inverted residual bottlenecks, and together with 

MobileNetV3Large a lightweight, NAS-optimized CNN, has been benchmarked against ResNet50 for Indonesian 

batik motif classification [20]. 

2.4.2 Architectural Heterogeneity Rationale 

The architectures were intentionally heterogeneous in terms of network depth, parameter count, and internal feature 

extraction mechanisms. Therefore, this study did not aim to isolate the individual effect of network depth or width 

through a controlled architectural ablation experiment. Instead, the architectures were benchmarked as representative 

CNN models under a common experimental protocol. 

2.4.3 Frozen Feature Extraction Strategy 

To ensure a consistent comparison, all architectures were evaluated using the same dataset partitions, preprocessing 

strategy, augmentation procedure, class-weighting method, evaluation metrics, and experimental seed conditions. 

Transfer learning was implemented using a frozen feature extraction strategy. The convolutional backbone of each 

pretrained CNN architecture was initialized with pretrained weights and kept frozen during training, while only the 

newly added classification head was optimized for the six-class chili leaf disease classification task.  

 This strategy enabled the models to leverage general visual representations learned from large-scale image data 

while reducing the number of trainable parameters and computational requirements during training.This rationale for 

frozen feature extraction under limited labeled data is consistent with established transfer-learning literature for image 

classification with small datasets [11]. 

2.4.4 Multi-Seed Experimental Protocol 

Each architecture was trained using three random seeds: 42, 123, and 2024. Thus, the comparative experiment 

consisted of 24 experimental runs, calculated as eight architectures multiplied by three random seeds. The results 
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obtained from these experiments were used to compare architecture performance and assess the robustness of the 

observed results across different random initializations. 

2.5 Statistical Analysis 

Model performance was evaluated using accuracy, precision, recall, F1-score, and confusion matrix analysis. Overall 

accuracy was used as the primary metric for comparing the eight CNN architectures, while precision, recall, and F1-

score were used to assess class-specific performance under the imbalanced dataset distribution. The Friedman test was 

applied to determine whether statistically significant differences existed among the eight CNN architectures across 

the repeated experimental conditions. A significance level of α = 0.05 was used. Kendall's W was additionally 

calculated to quantify the magnitude of agreement in the architecture rankings and complement the statistical 

significance analysis. The Friedman test statistic was computed as: 

𝜒𝐹
2  =  [

12𝑁

𝑘(𝑘+1)
]  ×  ∑ 𝑅𝑗

2
𝑗  −  3𝑁(𝑘 + 1) (2) 

where N is the number of experimental blocks (i.e., the three random seeds), k is the number of CNN 

architectures being compared (k = 8), and Rj is the sum of ranks obtained by architecture j across the N blocks. The 

resulting statistic was compared against the chi-square distribution with (k − 1) degrees of freedom to determine 

statistical significance (Friedman, 1937, as cited in Demšar, 2006). Kendall's W (coefficient of concordance) was 

subsequently computed to quantify the strength of agreement among the architecture rankings, using: 

𝑊 =  
12𝑆

[𝑁2(𝑘3 − 𝑘)]
 (3) 

where S is the sum of squared deviations of each architecture's total rank from the mean total rank, N is the 

number of random seeds, and k is the number of architectures. W ranges from 0 (no agreement among rankings across 

seeds) to 1 (perfect agreement), and is related to the Friedman statistic through W = χ²F / [N(k − 1)]. The Friedman 

test with Kendall's W as an effect-size measure follows the standard non-parametric procedure recommended for 

comparing multiple classifiers across repeated experimental conditions. 

2.6 Final Model Training and Evaluation 

Based on the multi-seed comparative results, the highest accuracy architecture was selected for final model 

development. The selected model was subsequently evaluated on the independent test set using overall accuracy, loss, 

precision, recall, F1-score, and confusion matrix analysis. 

2.7 Interpretability Analysis (Grad-CAM) 

Finally, Gradient-weighted Class Activation Mapping (Grad-CAM) was employed to provide qualitative visual 

interpretation of the final model predictions. Grad-CAM was applied to the final convolutional layer of the selected 

model to visualize the image regions contributing most strongly to the predicted class. The analysis was conducted 

across the six disease categories to examine whether the model focused on visually relevant leaf regions when making 

its predictions.Grad-CAM was originally proposed as a gradient-based localization technique for producing visual 

explanations from CNN predictions [21], and has recently been applied specifically to lightweight CNNs for leaf-

disease classification with results consistent with the interpretability analysis expected here [22]. 

3. RESULT AND DISCUSSION 

3.1 Comparative Performance of Eight CNN Architectures 

The To address the reviewer's concern that a single training run is insufficient to demonstrate that performance 

differences between architectures are genuine rather than an artifact of stochastic training, each of the eight CNN 

architectures was retrained three times under identical data splits and hyperparameters, using three different random 

seeds (42, 123, and 2024). Table 2 reports the test accuracy obtained in each run together with the three-run mean and 

standard deviation. 

Table 2. Test Accuracy of Eight CNN Architectures Across Three Random Seeds (sorted by mean accuracy) 

Architecture Seed 42 Seed 123 2024 Mean SD 

MobileNetV3Large 99.28% 98.92% 98.20% 98.80% 0.55 

ResNet50 97.84% 98.92% 98.92% 98.56% 0.62 

ResNet101 98.56% 98.56% 98.56% 98.56% 0.00 

EfficientNetB0 98.20% 98.20% 97.84% 98.08% 0.21 

EfficientNetB3 96.76% 97.12% 97.84% 97.24% 0.55 

VGG16 92.81% 93.88% 94.96% 93.88% 1.08 

DenseNet121 88.85% 91.73% 86.33% 88.97% 2.70 

MobileNetV2 74.46% 76.98% 76.26% 75.90% 1.30 
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Among the eight architectures, the observed three-seed mean test accuracy ranged from 75.90% 

(MobileNetV2) to 98.80% (MobileNetV3Large). MobileNetV3Large, ResNet50, and ResNet101 obtained the highest 

observed means, clustering closely together at approximately 98.6–98.8%; EfficientNetB0 (98.08%) and 

EfficientNetB3 (97.24%) formed an intermediate tier; and VGG16 (93.88%), DenseNet121 (88.97%), and 

MobileNetV2 (75.90%) obtained comparatively lower observed means. DenseNet121 additionally showed the largest 

run-to-run variability among all eight architectures (SD = 2.70). As detailed in the following subsection, although the 

omnibus Friedman test indicated a statistically significant overall difference among the eight architectures, none of 

the pairwise post-hoc comparisons remained significant after Holm correction; these observed mean differences 

should therefore be read as a descriptive ranking rather than as evidence that any single architecture is definitively 

superior or inferior to another. 

 

Figure 2. Mean Test Accuracy (%) of Eight CNN Architectures Across Three Random Seeds (Error Bars Indicate ±1 

SD) 

This observed pattern differs from what raw parameter count alone would predict: MobileNetV3Large obtained 

its high observed mean accuracy with only 3.63 million parameters, while DenseNet121 (7.70M) and VGG16 

(15.11M) obtained lower observed means than several both smaller and larger architectures. ResNet101, despite 

having the largest parameter count in this study (43.85M), performs on par with the much smaller ResNet50 (24.78M) 

rather than exceeding it. This pattern is discussed further below and in the Discussion section. 

 

Figure 3. Relationship Between Model Size (Number of Parameters) and Mean Test Accuracy 

As shown in Figure 3, parameter count did not reliably predict accuracy. MobileNetV3Large (3.63M 

parameters) achieved the highest mean accuracy (98.80%), while MobileNetV2 (3.05M, the smallest model) achieved 

the lowest (75.90%). Likewise, ResNet101 (43.85M) did not outperform the much smaller ResNet50 (24.78M). This 

indicates that model size alone does not determine classification performance under this protocol. 
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Figure 4. Mean Test Accuracy versus Mean Training Time of Eight CNN Architectures 

As shown in Figure 4, training time also did not correspond to accuracy. VGG16 had the longest training time 

(23.59 minutes) yet only moderate accuracy (93.88%), and ResNet101 took twice as long as ResNet50 (16.61 vs. 8.89 

minutes) without any accuracy gain. MobileNetV3Large and MobileNetV2 trained fastest (~2.4–2.7 minutes) but 

produced the highest and lowest accuracies, respectively. This confirms that architecture design, not training cost, was 

the more relevant factor. 

3.2 Statistical Significance and Effect Size 

A Friedman test was conducted on the three-seed accuracy values in Table 2 to test the null hypothesis that all eight 

architectures perform equally. The test indicated a statistically significant difference among the evaluated CNN 

architectures (χ² = 19.432, p = 0.0069 < 0.05). The result provides evidence of systematic differences in architecture 

rankings across the three repeated training conditions, although the small number of seeds limits the statistical power 

of pairwise comparisons. 

To quantify the strength of this result, Kendall's coefficient of concordance (W) was additionally computed as 

𝑊 =  
12𝑆

[𝑁2(𝑘3 − 𝑘)]
, where n = 3 seeds and k = 8 architectures, giving W = 0.9253. This value indicates a large effect 

and a high degree of agreement in architecture rankings across the three seeds that is, the relative ordering of the eight 

architectures in Table 3 was highly consistent from one random initialization to another, rather than being driven by 

a single favorable run. 

A post-hoc pairwise Wilcoxon signed-rank test with Holm correction was subsequently applied to identify 

which specific architecture pairs differed significantly. After Holm correction, none of the 28 pairwise comparisons 

reached statistical significance at α = 0.05 (all adjusted p-values = 1.00). This outcome, while at first appearing to be 

in tension with the significant omnibus Friedman result, is a well-documented consequence of the very small number 

of paired samples available for a pairwise post-hoc test: with only n = 3 seeds, the Wilcoxon signed-rank statistic can 

take only a few discrete values, so its raw p-values are bounded well above the level needed to survive a conservative 

Holm correction across 28 comparisons. The significant Friedman test together with the large Kendall's W provide 

evidence of systematic differences in architecture performance across the repeated experimental conditions; the non-

significant post-hoc comparisons should be interpreted as a limitation of statistical power at n = 3 seeds rather than as 

evidence that the architectures are truly equivalent. This limitation, and the recommendation to increase the number 

of repeated runs in future work, is discussed further in Section 3.6. 

3.3 Final Model Performance 

Based on the comparison in Section 3.1, MobileNetV3Large was selected as the final model. It was retrained using 

the same frozen feature-extraction configuration and the same seed 42, which produced its highest accuracy among 

the three-seed run, then evaluated on the independent test set (278 images) that was held out from both training and 

validation. Table 3 summarizes the resulting training, validation, and test performance. 

Table 3. Final Training, Validation, and Test Performance of MobileNetV3Large (Seed 42) 

Class Precision 

Training Accuracy 98.22% 

Training Loss 0.1269 

Validation Accuracy 99.64% 

Validation Loss 0.0879 

Test Accuracy 98.92% 

Test Loss 0.1164 
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The final test accuracy (98.92%) is closely consistent with the three-seed mean reported in Table 2 (98.80%), 

consistent with the selected run being representative of the model's typical performance rather than an outlier. The 

training and validation results do not indicate an obvious overfitting pattern. The validation accuracy (99.64%) 

remained slightly higher than the training accuracy (98.22%), while the validation loss (0.0879) was lower than the 

training loss (0.1269). This pattern is plausible under the applied training configuration, where data augmentation and 

dropout were active during training but not during validation. The final MobileNetV3Large model (seed 42), as 

reported by its model.summary() output, contained 3,002,118 total parameters, of which 5,766 parameters (0.19%) 

belonged to the classification head and were trainable under the frozen feature-extraction protocol, while 2,996,352 

parameters (99.81%) in the pretrained backbone remained frozen at their ImageNet-pretrained values. This is the exact 

parameter count of the trained model; it differs slightly from the 3.63 million figure listed for MobileNetV3Large in 

Tables 3 and 4, which reflects the architecture's standard published parameter count and is used there only for cross-

architecture size comparison. This indicates that the strong final performance was achieved by adapting a very small 

number of task-specific parameters rather than by re-learning the underlying visual feature extractor, consistent with 

the frozen feature-extraction rationale established in the Introduction. 

3.4 Classification Class Level Performance and Error Analysis 

In Table 4 presents the class-level classification report of the final MobileNetV3Large model on the 278-image test 

set. 

Table 4. Classification Report of the Final MobileNetV3Large Model 

Class Precision Recall F1-Score Support 

Bacterial Spot 1.0000 0.8696 0.9302 23 

Cercospora Leaf Spot 0.9286 1.0000 0.9630 26 

Curl Virus 0.9846 1.0000 0.9922 64 

Healthy Leaf 1.0000 1.0000 1.0000 69 

Nutrition Deficiency 1.0000 1.0000 1.0000 67 

White Spot 1.0000 1.0000 1.0000 29 

Accuracy   0.9892 278 

Macro Average 0.9855 0.9783 0.9809 278 

Weighted Average 0.9898 0.9892 0.9890 278 

Three of the six classes Healthy Leaf, Nutrition Deficiency, and White Spot were classified with perfect 

precision, recall, and F1-score, indicating that MobileNetV3Large learned highly discriminative features for these 

categories. Curl Virus was classified almost as well, with a near-perfect F1-score of 0.9922 (one false positive out of 

65 predictions, recall 1.0000). Bacterial Spot was the most challenging class, with the lowest recall (0.8696) of all six 

classes, meaning 3 of its 23 true test images were misclassified into another class despite perfect precision (every 

image the model did label Bacterial Spot was correct). Cercospora Leaf Spot showed the inverse pattern: perfect recall 

(1.0000) but the lowest precision (0.9286), indicating that all true Cercospora Leaf Spot images were correctly 

identified, but two images from another class were incorrectly predicted as Cercospora Leaf Spot.  

 

Figure 5. Confusion Matrix of the Final MobileNetV3Large Model on the Independent Test Set 

As shown in Figure 2, the confusion matrix confirms that all three misclassified test images originated from a 

single source class, Bacterial Spot, and are distributed between two destination classes: two images were misclassified 
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as Cercospora Leaf Spot and one image was misclassified as Curl Virus. No other class pair exhibited any confusion. 

This is consistent with the precision/recall pattern in Table 4 (Cercospora Leaf Spot's precision loss accounts for 

exactly two false positives, and Curl Virus's precision loss accounts for exactly one) and indicates that the model's 

error mode is narrow and specific driven by visual similarity between early-stage Bacterial Spot lesions and the other 

two disease classes rather than reflecting a general weakness in the model's ability to separate all six classes. 

 

 

 

Figure 6. Grad-CAM Visualization of the Three Misclassified Bacterial Spot Test Images: Predicted as Cercospora 

Leaf Spot, (c) Predicted as Curl Virus 

As shown in Figure 3, Grad-CAM was applied to a correctly classified Bacterial Spot sample and to each of 

the three misclassified samples to examine whether the errors were associated with a shift in the region of the leaf the 

model attended to. In all three misclassified cases, the Grad-CAM activation continued to localize to the lesion area 

on the leaf surface rather than shifting to an irrelevant background region, indicating that the activation maps remained 

concentrated around visually symptomatic regions. This suggests the errors are best explained by visual similarity or 

ambiguity between early-stage Bacterial Spot lesions and the lesion patterns of Cercospora Leaf Spot and Curl Virus, 

rather than by the model attending to an uninformative image region, and is consistent with Bacterial Spot retaining 

perfect precision (1.0000) even though its recall was the lowest of the six classes. 

3.5 Computational Model Interpretability Using Grad-CAM  

To provide the direct visual evidence requested by the reviewer, Grad-CAM was applied to the final 

MobileNetV3Large model using the last convolutional layer of the backbone, conv_1, as the target layer. This layer 

was selected automatically as the deepest Conv2D layer in the trained model graph, following standard Grad-CAM 

practice of using the final convolutional feature map, which retains the highest-level spatial features before the 

classification head. One correctly classified test image was selected per class (six classes in total), and the resulting 

heatmaps were overlaid on the original leaf images to visualize the regions that most strongly influenced each 

prediction. 
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Figure 7. Grad-CAM Visualization for One Correctly Classified Test Image per Class (Six Classes) 

As shown in Figure 7, across all six classes, the Grad-CAM activation is concentrated on the diseased or 

symptomatic region of the leaf, lesions, discoloration, or curling patterns — rather than on the image background, 

suggesting that the model's predictions were primarily influenced by visually relevant symptomatic regions rather than 

obvious background artifacts. This provides direct, figure-based support for the model's high overall accuracy 

(98.92%) and complements the error-specific Grad-CAM evidence presented for the Bacterial Spot misclassifications 

in Section 3.4, together addressing the reviewer's earlier concern that architecture-performance explanations in this 

study were not previously supported by activation-level visualization. 

3.6 Discussion 

The findings of this study both confirm and diverge from prior chili leaf disease classification research in ways that 

help clarify the research gap motivating this work. Khoirunnisa et al. [1] compared MobileNetV2 and VGG16 on a 

chili leaf disease dataset and reported that MobileNetV2 outperformed VGG16. In the present study, however, VGG16 

(93.88%) obtained a substantially higher observed mean accuracy than MobileNetV2 (75.90%) under the frozen 

feature-extraction protocol. This reversal is unlikely to reflect a general superiority of one architecture over the other; 

rather, it illustrates that architecture ranking is highly sensitive to the specific dataset, preprocessing pipeline, and 
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transfer-learning strategy used, a dependency that single-comparison studies such as [1] cannot reveal because they 

evaluate only two architectures under one fixed configuration. A similar reversal is observed relative to Ristanti [12], 

who reported MobileNetV2 (92%) substantially outperforming VGG16 (74%) on a combined field-and-public dataset; 

again, the opposite ranking emerged here. Taken together, these contrasting results across three independent studies, 

including the present one, demonstrate the exact research gap identified in the Introduction: prior work compares too 

few architectures under too narrow a set of conditions to determine whether a reported ranking reflects a genuine 

architectural property or an artifact of the specific dataset and protocol used. By benchmarking eight architectures 

under one uniform, multi-seed protocol with statistical validation, this study is able to show that such rankings are not 

stable across studies and should therefore be interpreted with caution unless obtained under a controlled, like-for-like 

comparison. 
The comparison with Setyadi et al. [4] further clarifies the role of data augmentation in previously reported 

high-accuracy results achieved 97.18% accuracy using transfer learning combined with data augmentation, but this 

result depends on synthetic training samples and therefore does not directly indicate how a model would perform on 

the original data distribution without offline augmentation. The final model in this study, MobileNetV3Large, 

achieved a comparable and in fact slightly higher test accuracy (98.92%), relying on class weighting and frozen feature 

extraction rather than synthetic oversampling to address class imbalance; on-the-fly augmentation was still applied to 

the training subset, but only as a regularization strategy and not to artificially balance class counts. This suggests that, 

at least for the chili leaf disease task and dataset scale considered here, careful architecture selection combined with 

class weighting provides an alternative strategy for addressing class imbalance without altering the original class 

distribution through offline synthetic oversampling, while preserving a more faithful representation of the original, 

field-realistic class distribution, addressing the second research gap noted in the Introduction, namely the field's 

reliance on synthetic data expansion rather than direct class-imbalance handling. However, because this comparison 

spans different studies, datasets, and preprocessing pipelines, it does not by itself establish that this combination is 

generally superior to augmentation-based approaches. 
The generalization concern raised by Khasanah and Fachrie [6], who reported a drop from 90% training 

accuracy to 84% test accuracy using DenseNet201, is echoed by the DenseNet121 results obtained here. Although the 

architectures and exact configurations differ, DenseNet121 was among the weaker performers in this study (88.97% 

mean test accuracy) and additionally showed the largest run-to-run variability of all eight architectures (SD = 2.70), 

indicating unstable generalization across different random initializations under the frozen feature-extraction protocol. 

This convergence of evidence across two independent studies, using different DenseNet variants and different 

protocols, strengthens the inference that dense-connectivity architectures may benefit from further investigation using 

either a larger training set or a less restrictive transfer-learning strategy (e.g., partial fine-tuning) to reach their expected 

performance on small, imbalanced agricultural datasets, an architecture-level generalization pattern that prior single-

architecture studies were not positioned to identify. 
Overall, this comparison against four prior studies [1], [5], [9], [12] indicates that the research gap motivating 

this work is genuine rather than incremental: reported architecture rankings for chili leaf disease classification have 

not been consistent across studies, prior high-accuracy results have often depended on data augmentation rather than 

directly resolved class imbalance, and generalization weaknesses in specific architecture families have been observed 

only in isolation rather than confirmed across independent studies. By evaluating eight architectures under one 

uniform, multi-seed, statistically validated protocol, this study provides evidence that helps reconcile these 

inconsistencies, while also making clear that a single dataset and a maximum of three seeds per architecture remain 

insufficient to resolve the question definitively; consistent with the limitations acknowledged in Section 4, broader 

confirmation would require replicating this protocol on independently collected chili leaf datasets. 

4. CONCLUSION 

This study compared eight CNN architectures, namely ResNet50, ResNet101, EfficientNetB0, EfficientNetB3, 

MobileNetV2, MobileNetV3Large, VGG16, and DenseNet121, for six-class chili leaf disease classification using a 

frozen feature-extraction transfer-learning approach with on-the-fly augmentation applied only to the training subset 

of an imbalanced dataset containing 1,847 original images, thereby addressing the study's three stated objectives. 

Across 24 experimental runs spanning three random seeds, MobileNetV3Large achieved the highest mean test 

accuracy (98.80%) and, when retrained as the final model, reached 98.92% accuracy, a macro-average F1-score of 

98.09%, and a weighted-average F1-score of 98.90% on an independent test set, with the Friedman test (χ² = 19.432, 

p = 0.0069) and a Kendall's W of 0.9253 providing evidence that the performance differences among architectures 

were statistically significant, providing evidence of systematic differences in architecture rankings across the three 

repeated training conditions, although the small number of seeds limits the statistical power of pairwise comparisons. 

Notably, MobileNetV3Large's strong performance despite its small parameter count (3.63 million) compared with 

deeper architectures such as ResNet101 (43.85 million) indicates that classification accuracy and model compactness 

are not necessarily contradictory for this task; this relatively compact model size may be favorable for farmers and 

agricultural extension workers who require deployment on resource-constrained mobile or field devices, although this 

study did not directly benchmark inference latency, memory usage, or on-device throughput, so a computational-
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efficiency claim in the strict sense is not established here. Grad-CAM visualization indicated that the final model's 

predictions were generally focused on symptomatic leaf regions, and error analysis traced all three test-set 

misclassifications to visually ambiguous, early-stage Bacterial Spot lesions rather than to an irrelevant or unstable 

decision process. Nevertheless, these findings should be interpreted with several limitations in mind: the eight 

evaluated architectures were intentionally heterogeneous in depth and parameter count rather than matched for a 

controlled ablation study, so the results represent a practical benchmarking comparison rather than isolated evidence 

of any single architectural factor; the post-hoc pairwise comparisons did not reach significance after Holm correction, 

a known consequence of the limited statistical power available with only three seeds; and although the final model 

showed no obvious overfitting pattern between training and validation performance, the possibility of some degree of 

overfitting to the specific visual conditions of this single-source dataset cannot be fully excluded and would benefit 

from external validation on field-collected images from different locations, seasons, and camera conditions. Future 

work should therefore prioritize increasing the number of repeated training runs to strengthen post-hoc statistical 

comparisons, validating the selected model on independent, externally collected chili leaf datasets, and extending the 

frozen feature-extraction protocol to additional crop diseases to assess its broader applicability for resource-

constrained agricultural deployment. While the eight evaluated architectures were not matched for depth or parameter 

count and the statistical comparison was constrained by only three random seeds, the central contribution of this study 

is a reusable, statistically grounded benchmarking protocol, rather than a single fixed-architecture prescription, that 

future work can extend with additional seeds, external datasets, and controlled architectural ablation to build 

increasingly reliable guidance for real-world chili leaf disease diagnosis. 
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