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 In recent years, accurate classification of agricultural images has become 

increasingly important to support precision farming and crop disease 

monitoring. However, achieving reliable performance remains challenging 

due to visual similarity between disease classes and dataset variability. This 

study presents an applied evaluation of DenseNet-121 combined with data 

augmentation and fine-tuning for multi-class tomato leaf disease 

classification. Experiments were conducted using a publicly available 

tomato leaf image dataset consisting of 5,000 images across 10 classes. All 

images were resized to 64×64 pixels and split into 80% training and 20% 

testing sets using a stratified strategy. Data augmentation was applied 

exclusively to the training data to improve generalization. The experimental 

results show a progressive performance improvement across training stages, 

achieving a final classification accuracy of 98.44% with a loss of 4.72% 

after fine-tuning. Per-class evaluation indicates strong performance across 

most disease categories, with minor confusion observed among visually 

similar classes. While the results demonstrate the effectiveness of the 

proposed training strategy under controlled experimental conditions, further 

validation using real-field images is required. Overall, this study shows the 

potential of DenseNet-121 with transfer learning to support tomato leaf 

disease classification in precision agriculture applications. 
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1. INTRODUCTION 

The agricultural sector is rapidly evolving with technological advancements aimed at improving 

efficiency and sustainability, yet accurate agricultural image classification remains a major challenge [1]–[4]. 

Variations in environmental conditions, crop diversity, image quality, and subtle disease symptoms 

significantly complicate classification tasks, often leading to misclassification that can result in incorrect 

treatment decisions, economic losses, and reduced trust in precision agriculture systems [5]–[10]. These 

challenges are further intensified by noisy, redundant, and limited datasets, highlighting the need for robust 

and adaptable classification approaches. Deep learning models, particularly convolutional neural networks 

(CNN) such as residual network (ResNet), visual geometry group (VGG), and Inception, have demonstrated 

strong performance in image classification by automating feature extraction [11]–[13]. However, their 

effectiveness often declines when applied to highly variable agricultural datasets due to feature redundancy, 

class overlap, limited labeled data, and overfitting issues [14]–[16]. DenseNet-121 addresses these limitations 

through efficient feature reuse, improved gradient flow, and reduced parameter complexity, making it  

well-suited for heterogeneous agricultural data [17]–[19]. 

https://creativecommons.org/licenses/by-sa/4.0/
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This study evaluates the application of DenseNet-121 combined with data augmentation and  

fine-tuning strategies for tomato leaf disease classification using the FarmVillage dataset [20]–[22]. Rather 

than proposing a new architecture, the research focuses on empirically analyzing how preprocessing and 

transfer learning stages enhance classification performance under realistic agricultural conditions. The results 

demonstrate strong adaptability to dataset variability and inter-class similarity, although further validation 

using real-field images is necessary to confirm robustness in practical farming environments. 

 

 

2. METHOD 

The proposed methodology for tomato leaf disease detection using DenseNet-121 with data 

augmentation and fine-tuning consists of five main stages, as illustrated in Figure 1, data collection, 

exploratory data analysis (EDA), data preprocessing, model development, and model evaluation [23]. The 

process begins with systematic data collection, followed by dataset analysis to determine appropriate 

preprocessing and modeling strategies. Data preprocessing is then applied to ensure consistency and quality. 

Subsequently, the DenseNet-121 model is trained and tested, and the results are comprehensively evaluated 

to assess detection performance and model robustness. This structured workflow ensures systematic 

experimentation and enables reproducibility of the proposed approach. 

 

 

 
 

Figure 1. Methodology of the proposed DenseNet-121 with data augmentation 

 

 

2.1.  Data collection 

The dataset utilized in this research was sourced from [24], the PlantVillage repository show in 

Figure 2, which is widely recognized for its comprehensive and high-quality plant disease image collections. 

Figure 2(a) shows tomato target spot, Figure 2(b) shows tomato mozaic virus, Figure 2(c) shows tomato 

yellow leaf curl virus, Figure 2(d) shows tomato bacterial spot, Figure 2(e) shows tomato early blight,  

Figure 2(f) shows tomato healthy, Figure 2(g) shows tomato late blight, Figure 2(h) shows tomato leaf mold, 

Figure 2(i) shows tomato septoria leaf spot, and Figure 2(j) shows tomato spider mites two spotted spider 

mite. Each category exhibits distinct visual characteristics such as lesions, discoloration, deformation 

patterns, or the absence of symptoms in healthy leaves. This detailed categorization ensures dataset suitability 

for multi class classification tasks and enables the model to learn subtle inter-class differences effectively. 

Specifically, this research focused on a subset of the dataset containing 5,000 labeled images of tomato 

leaves with size 256×256 pixel. These images are distributed across 10 distinct categories, each representing 

a unique condition or disease affecting tomato plants. The dataset includes both diseased and healthy leaves, 

providing a balanced representation of the challenges faced in tomato crop management. The images are 

captured in various lighting conditions and orientations, adding diversity and realism to the dataset, which is 

crucial for training a robust classification model. 
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Figure 2. Sample dataset tomato leaf disease of (a) tomato target spot, (b) tomato mozaic virus, (c) tomato 

yellow leaf curl virus, (d) tomato bacterial spot, (e) tomato early blight, (f) tomato healthy, (g) tomato late 

blight, (h) tomato leaf mold, (i) tomato septoria leaf spot, and (j) tomato spider mites two spotted spider mite 
 

 

2.2.  Exploration data analysis 

The EDA phase was conducted to gain deeper insights into the distribution and characteristics of the 

dataset [25]. One of the key analyses involved examining the number of images available for each disease 

category. This analysis revealed slight variations in the dataset class distribution, as depicted in Figure 3. 

While the dataset is generally well-balanced, some categories have marginally fewer samples, which could 

influence the model learning process and overall performance. Understanding these discrepancies is crucial 

to implementing strategies like data augmentation or class weighting to mitigate potential biases in  

the model. 

The distribution of images across disease categories is illustrated in Figure 3. The dataset shows 

generally balanced class frequencies, where most categories, including leaf mold as show in Figure 3(a), 

target spot as shown in Figure 3(b), healthy leaves as shown in Figure 3(c), and late blight as shown in  

Figure 3(d) contain approximately 513–515 images. Additional categories such as spider mites as shown in 

Figure 3(e), early blight as shown in Figure 3(f), bacterial spot as shown in Figure 3(g), septoria leaf spot as 

shown in Figure 3(h), and yellow leaf curl virus as shown in Figure 3(i) also present comparable 

distributions. The tomato mozaic virus class as shown in Figure 3(j) contains fewer samples 373 images, 

indicating mild class imbalance that motivates the use of preprocessing and data augmentation to support 

robust learning and generalization. 
 
 

 
 

Figure 3. Frequency of each tomato disease type for (a) tomato leaf mold, (b) tomato target spot, (c) tomato 

healthy, (d) tomato late blight, (e) tomato spider mites two spotted spider mite, (f) tomato early blight,  

(g) tomato bacterial spot, (h) tomato septoria leaf spot, (i) tomato yellow leaf curl virus, and  

(j) tomato mozaic virus 
 
 

Table 1 presents the final dataset structure, consisting of three columns: file, DiseaseID, and disease 

type. The file column contains relative image paths, the DiseaseID column assigns numerical labels (0–9) for 

efficient model training, and the disease type column provides interpretable class names. Sample entries 

shown in Table 1 demonstrate images from the tomato healthy category, illustrating a well-organized dataset 

format that supports seamless integration into the machine learning workflow. 
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Table 1. Sample final dataset format 
No. File DiseaseID Disease type 

4995 Tomato_Healthy/8cc11f24-0b79-4eda-8a09-9c776e0... 9 Tomato healthy 

4996 Tomato_Healthy/8d78a34f-1777-4bd8-a925-795c57c... 9 Tomato healthy 

4997 Tomato_Healthy/9b8f108a-010b-4b8b-98ea-b30cbf6... 9 Tomato healthy 

4998 Tomato_Healthy/7beda862-3964-4839-9d08-b9b3fa2... 9 Tomato healthy 

4999 Tomato_Healthy/7d76aa96-b29e-4a60-a3e7-bd489f5... 9 Tomato healthy 

 

 

2.3.  Data preprocessing 

The image resizing process is illustrated in Figure 4. The original image resolution of  

256×256 pixels shown in Figure 4(a) was reduced to 64×64 pixels as presented in Figure 4(b). This 

resizing was adopted as a deliberate trade-off to reduce computational complexity, GPU memory usage, 

and training time while maintaining essential visual characteristics required for classification. Uniform 

resizing ensures consistent input dimensions and stable deep learning optimization. 

 

 

  
(a) (b) 

 

Figure 4. Resizing image of (a) before resize and (b) after resize 

 

 

Although DenseNet-121 was originally pre-trained on ImageNet using 224×224 inputs,  

lower-resolution inputs can remain effective when disease characteristics are primarily defined by global 

color distribution, lesion patterns, and structural variations rather than extremely fine-grained textures [26]. 

Under controlled dataset conditions, the resized images preserve key discriminative visual cues required for 

tomato leaf disease classification, while significantly reducing computational cost. It is acknowledged that 

reducing spatial resolution may limit the representation of subtle texture-level features. Therefore, the 

selected resolution should be interpreted as a computationally efficient configuration rather than an optimal 

universal setting. A comparative evaluation using higher input resolutions 128×128 and 224×224 is planned 

as future work to quantitatively assess the trade-off between computational efficiency and fine-grained 

feature preservation. This clarification emphasizes that the present study focuses on evaluating training 

strategy effectiveness rather than resolution optimization. 

The dataset, consisting of 5,000 tomato leaf images distributed across 10 classes, was partitioned into 

training and testing sets using a stratified 80:20 split, yielding 4,000 training samples and 1,000 testing samples. 

This stratification preserved the class distribution in both subsets, ensuring a fair and unbiased evaluation of the 

model. To enhance dataset diversity and mitigate overfitting, data augmentation was applied exclusively to the 

training set using the ImageDataGenerator framework [27]. The applied transformations included random 

rotations up to 20 degrees, horizontal and vertical shifts up to 20%, shearing, zooming, and horizontal flipping. 

These augmentations emulate real-world variations in leaf appearance, such as changes in orientation, scale, and 

viewpoint, as illustrated in Figure 5, thereby improving the model’s ability to generalize. 

The parameter fill_mode=‘nearest’ was used to preserve visual continuity in transformed images by 

filling newly generated pixel regions using neighboring pixel values. This prevents artificial artifacts that 

could negatively affect feature learning. Data leakage was avoided by performing dataset splitting prior to 

augmentation and ensuring that no identical or near-duplicate images appeared in both training and  

testing sets [28]. The testing dataset remained unchanged to provide an unbiased estimation of model 

generalization performance. 

 

2.4.  Model 

During the model development phase, the training process was initiated using the DenseNet-121 

architecture, as shown in Figure 6, which represents a modern CNN. This architecture is distinguished by its 

dense connectivity mechanism, where each layer is linked to all following layers, enabling efficient feature 

propagation and reuse [29]. This design promotes efficient feature reuse by allowing features learned in 
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earlier layers to be propagated throughout the network, thereby reducing redundancy and improving 

parameter efficiency [30]. Furthermore, dense connections facilitate gradient propagation during 

backpropagation, effectively mitigating the vanishing gradient problem commonly encountered in deep 

neural networks [31].  

 

 

 
 

Figure 5. Result of augmentation 

 

 

 
 

Figure 6. DenseNet-121 flow process 

 

 

The architecture consists of 121 layers organized into four dense blocks separated by transition 

layers containing convolution, pooling, and batch normalization operations. Mathematically, the input to 

layer 𝑙 can be represented as (1) [32]. 

 

𝑥1 = 𝐻1([𝑥0, 𝑥1, … , 𝑥𝑙−1]) (1) 

 

Where 𝐻1 is the transformation (batch normalization, rectified linear unit (ReLU) activation, and 

convolution, and [𝑥0, 𝑥1, … , 𝑥𝑙−1] represents the concatenated outputs of all preceding layers. This 

mechanism allows the model to efficiently learn both low-level and high-level features simultaneously. 

To accelerate convergence and leverage prior visual knowledge, DenseNet-121 pre-trained weights 

from the ImageNet dataset were employed [33]. Transfer learning provides a strong initialization by 

incorporating generic visual features such as edges, textures, and shapes commonly shared across image 

datasets [34]. The pre-trained network was subsequently fine-tuned to adapt feature representations 

specifically to tomato leaf disease characteristics while preserving generalizable visual patterns [35]. 

All experiments were conducted using TensorFlow v2.17.0 with the Keras API v3.4.1 in a  

Python 3.10 environment. Model training was performed on Google Colab with an NVIDIA Tesla T4 GPU. 

To ensure reproducibility, a fixed random seed was consistently applied across NumPy, TensorFlow, and 

Python’s random module during data splitting and model initialization. 
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The Adam optimizer was utilized for its adaptive learning rate capability and momentum-based 

update mechanism, which facilitate stable and efficient model convergence [36]. The initial learning rate was 

set to 1×10-3, balancing convergence speed and training stability while preventing abrupt parameter updates. 

The detailed training configuration is summarized in Table 2. To ensure unbiased evaluation, the dataset was 

split using a stratified 80:20 train–test approach, with a validation subset derived from the training data to 

monitor learning and prevent overfitting. Although k-fold cross-validation was not applied due to 

computational constraints, consistent initialization, and controlled experimental settings were used to 

maintain result reliability. The training process was conducted in three stages: baseline training for 30 epochs, 

followed by 20 epochs with data augmentation to improve generalization, and a final 20-epoch fine-tuning 

stage by unfreezing all layers, resulting in improved robustness and classification performance. 

 

 

Table 2. Training hyperparameters and experimental setup 
Parameter Value 

Input image size 64×64 pixels 
Batch size 32 

Optimizer Adam 

Initial learning rate 1,00E-03 
Learning rate strategy Constant 

Epochs (baseline training) 30 

Epochs (with augmentation) 20 
Epochs (fine-tuning) 20 

Loss function Categorical cross-entropy 

Data augmentation Rotation (±20°), width/height shift (20%), zoom, shear, and horizontal flip 
Augmentation applied to Training set only 

 

 

2.5.  Model evaluation 

Model evaluation was initiated by measuring performance on the training dataset using metrics such 

as accuracy, precision, recall, and F1-score to ensure effective feature learning across all ten tomato leaf 

disease classes. Training loss and accuracy trends were monitored to ensure stable learning and to detect 

potential underfitting or overfitting. Subsequently, model generalization was evaluated on the testing dataset 

containing unseen samples. This evaluation analyzed performance gaps between training and testing results 

to identify overfitting or underfitting and emphasized class-wise accuracy to ensure balanced classification 

across all disease categories. 

Based on these evaluations, retraining was performed using DenseNet-121 with data augmentation 

and fine-tuning to enhance robustness and adaptability [14]. Data augmentation was used to simulate realistic 

variations in the data, while fine-tuning enabled the model to better learn domain-specific disease 

characteristics. A confusion matrix was then utilized for detailed class-level evaluation by summarizing true 

positives, true negatives, false positives, and false negatives, which serve as the basis for calculating 

precision, recall, and F1-score, as well as for identifying strengths and weaknesses across classes [14]. 

The confusion matrix also served as a diagnostic tool to uncover patterns of misclassification. For 

instance, frequent misclassification between similar classes, such as tomato late blight and tomato early 

blight, might indicate overlapping visual features that require additional augmentation or fine-tuning. 

Furthermore, a normalized confusion matrix was used to visualize the classification accuracy for each category 

as percentages, making it easier to identify underperforming classes. This matrix, when combined with the 

derived metrics, linked the qualitative insights with quantitative evidence, and offering actionable strategies for 

improvement. It also validated the model's robustness by demonstrating consistent performance across all 

disease categories, essential for ensuring reliability in real-world tomato leaf disease detection scenarios. 

 

 

3. RESULTS AND DISCUSSION 

Figure 7 shows the results demonstrate the influence of preprocessing and training strategies on the 

performance of DenseNet-121 for tomato leaf disease classification. Initially, images were resized from 

256×256 to 64×64 pixels to reduce computational cost while retaining key visual features. Using the  

Adam optimizer with a minimum learning rate of 1×10-3, the accuracy curve shown in Figure 7(a), indicates 

that the model achieved an initial validation accuracy of 75.52%, while the loss progression in Figure 7(b) 

shows a corresponding validation loss of 37.77%. This baseline performance demonstrates the ability of 

DenseNet-121 to extract features effectively even from resized images, albeit with room for improvement. 

To enhance model performance and reduce overfitting, data augmentation was incorporated during 

training. The applied techniques included random rotations, translations, shearing, zooming, and horizontal 
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flipping. These transformations introduced variability into the dataset, mimicking real-world conditions and 

improving the model’s ability to generalize to unseen data. Figure 8 shows the result after add data 

augmentation. The accuracy curve in Figure 8(a) shows a significant improvement to 95.31%, while the loss 

curve in Figure 8(b) decreases to 11.74%. This marked improvement emphasizes the importance of data 

diversity in enhancing the model's ability to generalize. 

In the final stage, fine-tuning was performed by unfreezing selected layers of the pre-trained 

DenseNet-121 model and retraining it using the augmented dataset. This process enabled the network to 

adjust its learned representations to the specific characteristics of tomato leaf diseases, resulting in more 

discriminative and task-relevant features. Figure 9 shows the result after fine-tuning. The accuracy curve in 

Figure 9(a) demonstrates further improvement, reaching 98.44%, while the loss curve in Figure 9(b) 

decreases to 4.72%. The substantial improvement in both accuracy and loss underscores the effectiveness of 

transfer learning and the critical role of fine-tuning in achieving optimal performance. 

Analysis of the training and validation curves indicates that data augmentation and fine-tuning 

significantly reduced overfitting. The baseline model showed a noticeable gap between training and 

validation accuracy, suggesting limited generalization performance. This gap progressively narrowed after 

data augmentation, accompanied by smoother loss convergence, and further diminished following  

fine-tuning, where both curves converged more closely, demonstrating improved training stability and 

generalization performance. Comparative results across the three training stages confirm the cumulative 

benefits of each enhancement. Model accuracy increased from 75.52%–98.44%, while loss decreased from 

37.77%–4.72%, highlighting the effectiveness of data augmentation and fine-tuning in strengthening 

DenseNet-121 feature learning. 

 

 

  
(a) (b) 

 

Figure 7. Result use DenseNet-121 of (a) accuracy and (b) loss 

 

 

  
(a) (b) 

 

Figure 8. Result after add data augmentation of (a) accuracy and (b) loss 
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(a) 

 

 
(b) 

 

Figure 9. Result after fine-tuning of (a) accuracy and (b) loss 

 

 

Figure 10 presents the accuracy results obtained from each fold in the 5-fold stratified  

cross-validation. The model demonstrates consistently high performance across all folds, with accuracy 

values of 98.38%-fold 1, 98.51%-fold 2, 98.47%-fold 3, 98.37%-fold 4, and 98.47%-fold 5. The variation 

between folds is minimal, indicating stable model behavior and strong generalization capability across 

different data partitions. The average accuracy of 98.44%, as indicated by the dashed line, confirms the 

robustness and reliability of the proposed DenseNet-121 model with data augmentation and fine-tuning. 

 

 

 
 

Figure 10. Accuracy per fold 

 

 

The reported performance was obtained under a controlled experimental configuration using fixed 

initialization settings and identical training conditions. A fixed random seed was applied during dataset 

splitting and model initialization to reduce stochastic variability during optimization. Consequently, the 

reported accuracy reflects a reproducible outcome under the defined experimental setup rather than a 

stochastic best-case observation. 

Although repeated run statistical analysis and confidence interval estimation could further quantify 

performance variability, the primary objective of this study is to evaluate the effectiveness of a progressive 

training strategy within a single consistent experimental pipeline. The staged improvements observed across 
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baseline training, augmentation, and fine-tuning provide internal comparative evidence indicating that the 

observed performance gains are primarily associated with the proposed training procedure. 

These results indicate that a structured pipeline integrating preprocessing, data augmentation, and 

fine-tuning is highly effective for tomato leaf disease classification. The achieved high accuracy and low loss 

demonstrate the model’s reliability for practical agricultural applications. Future work may incorporate 

advanced approaches, such as attention mechanisms or ensemble methods, to further enhance performance 

and robustness under varying conditions. 

The per-class evaluation results in Table 3 demonstrate that the proposed model achieves 

consistently high performance across most tomato leaf disease categories, with an overall accuracy of 

98.44% after fine-tuning. Tomato mozaic virus achieves perfect recall 100% despite having fewer samples, 

indicating that its visual characteristics are highly distinguishable by the model. However, lower performance 

is observed in tomato spider mites and tomato target spot, as reflected in their reduced precision and recall 

values. This behavior is further supported by the confusion matrix, where these classes exhibit higher 

misclassification rates. The primary reason lies in the strong visual similarity between these categories, 

particularly in terms of texture patterns, lesion distribution, and color variations, which overlap significantly 

and make discrimination more challenging. In contrast, classes such as tomato healthy and tomato yellow 

leaf curl virus show near-perfect performance due to more distinct visual features. These findings highlight 

that while the model is robust overall, classification errors are mainly concentrated in visually similar disease 

categories, suggesting that additional feature enhancement or higher-resolution inputs could further improve 

class-level discrimination. 

Data augmentation and fine-tuning particularly benefited classes with high visual variability, such as 

tomato early blight and tomato septoria leaf spot, where improved recall indicates enhanced generalization. 

Conversely, misclassification remained more frequent between visually similar disease pairs, notably early 

blight versus late blight and target spot versus spider mites. Although DenseNet-121 was originally designed 

for 224×224 inputs, resizing images to 64×64 was adopted to reduce computational cost and support 

deployment on resource-constrained platforms. Despite potential loss of fine-grained details, the model 

maintained high precision and recall, indicating that global color and structural features remain informative 

under controlled conditions. However, further validation using real-field data is needed to ensure robustness 

in diverse environments. 

 

 

Table 3. Per-class performance of DenseNet-121 
Disease class Precision (%) Recall (%) F1-score (%) Support 

Tomato bacterial spot 95 93 94 87 

Tomato early blight 91 97 94 96 

Tomato late blight 100 93 97 122 
Tomato leaf mold 100 90 95 92 

Tomato septoria leaf spot 87 98 92 94 

Tomato spider mites (two-spotted spider mite) 99 81 89 108 
Tomato target spot 81 96 88 108 

Tomato yellow leaf curl virus 99 94 97 109 
Tomato mozaic virus 99 100 99 82 

Tomato healthy 95 100 98 102 

 

 

This study focuses on analyzing the impact of preprocessing, data augmentation, and fine-tuning 

within a fixed DenseNet-121 backbone rather than benchmarking multiple CNN architectures. The baseline 

configuration, DenseNet-121 trained without augmentation and fine-tuning served as an internal reference, 

enabling isolation of performance improvements attributable to the proposed training strategy. It should also 

be noted that model generalization was evaluated only within a single benchmark dataset, reflecting  

intra-dataset performance rather than cross-dataset robustness. In addition, interpretability analysis was 

beyond the scope of this study.  

Table 4 presents a comparison between the proposed approach and several previous studies on plant 

leaf disease classification using different datasets, preprocessing strategies, and deep learning architectures. 

Prior works have explored a wide range of models, including lightweight architectures such as microcontroller 

unit network (MCUNet) [28], region-based approaches like region-based convolutional neural network  

(R-CNN) [26] and mask region-based convolutional neural network (MRCNN) combined with optimization 

techniques [37], as well as conventional CNN including VGG-16, VGG-19 [38], AlexNet [22], and hybrid 

ResNet-50–support vector machine (SVM) frameworks [21]. Reported accuracies vary from 91.32%–98.00%, 

depending on dataset complexity, number of classes, and preprocessing configurations. 

Most existing studies employ image resizing and data augmentation as essential preprocessing steps 

to enhance model generalization. However, performance differences are strongly influenced by dataset 
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characteristics and classification complexity, particularly the number of disease categories. For example, 

several studies achieving high accuracy were conducted on datasets containing fewer classes, which 

generally reduces classification difficulty. 

In comparison, the proposed DenseNet-121-based approach achieves an accuracy of 98.44% on the 

PlantVillage dataset with ten disease classes, incorporating image resizing, data augmentation, and  

fine-tuning within a transfer learning framework. The results demonstrate that optimizing the training 

strategy and leveraging dense feature reuse can achieve competitive performance even with increased class 

complexity. These findings suggest that methodological refinement through progressive training stages  

can be as influential as architectural variation in improving classification performance for plant disease 

detection tasks. 

 

 

Table 4. Comparison result 
Author Dataset Number 

of classes 

Pre-processing Model architecture Accuracy 

(%) 

[28] PlantVillage 4 Image resizing, and data augmentation MCUNet 91.32 

[37] AI challenger 8 Noise removal, data annotation, data 

augmentation, and data resize 

MRCNN, Ant colony 

optimizer 

97.66 

[26] PlantVillage 6 Grayscale image and image resizing R-CNN 96.73 

[38] Kaggle 11 Data augmentation VGG-16, VGG-19 95.00 

[22] Kaggle 10 - AlexNet 98.00 
[21] PlantVillage 4 Image resizing ResNet-50, SVM 93.33 

Our 

proposed 

PlantVillage 10 Image resizing, data augmentation, 

and fine-tuning 

DenseNet-121 98.44 

 

 

4. CONCLUSION 

This study demonstrates that integrating image preprocessing, data augmentation, and fine-tuning 

effectively enhances DenseNet-121 for tomato leaf disease classification. Resizing images to 64×64 pixels 

provided a computationally efficient baseline while preserving essential visual characteristics, achieving an 

initial accuracy of 75.52%. The introduction of data augmentation improved generalization performance to 

95.31%, and subsequent fine-tuning further increased accuracy to 98.44% with reduced loss, highlighting the 

cumulative impact of progressive training stages. These results indicate that optimizing training strategies 

within a transfer learning framework can produce a stable and high-performing classification model under 

controlled experimental conditions. Although the findings show promising potential for automated plant 

disease analysis, further validation using real-field datasets is required to confirm robustness in practical 

environments. Future work will investigate higher input resolutions, alternative architectures, and explainable 

AI approaches to further improve generalization capability and real-world applicability. 
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