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Early screening of tomato leaf diseases is important because foliar
symptoms can reduce plant vigor and delay appropriate crop management.
This study develops an Android-based tomato leaf disease classification
system using MobileNetV2 as a lightweight convolutional neural network
(CNN) architecture. The contribution of this work is the integration of model
training, independent testing, and on-device Android deployment that
supports camera and gallery inputs without relying on server-side
computation. The dataset consisted of 1,200 balanced tomato leaf images
from five classes: bacterial spot, late blight, target spot, tomato yellow leaf
curl virus, and healthy leaf. Images were resized, normalized, augmented for
training, and divided into training, validation, and independent testing
subsets. The model obtained 94.12% training accuracy, 93.00% validation
accuracy, and 89.00% independent test accuracy. The confusion matrix
showed that tomato yellow leaf curl virus was classified without error,
whereas bacterial spot, late blight, target spot, and healthy leaves produced
several misclassifications because of similar lesion and discoloration
patterns. The results show that MobileNetV2 is suitable for lightweight
mobile disease screening, although larger field datasets, cross-validation,
model comparison, and explainability analysis are still needed for broader
deployment.
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1. INTRODUCTION

Tomato has strategic value as a horticultural crop because it is consumed fresh, processed into food
products, and cultivated widely in many agricultural areas. Indonesian production data show that tomato
farming covered approximately 63,369 hectares and produced about 1,168,744 tons in 2022 [1]-[3]. This
production potential needs to be protected because consumer demand continues to grow, while leaf diseases
can reduce photosynthetic capacity, weaken plant development, and lower harvest quality. Bacterial, fungal,
and viral symptoms on leaves often appear before severe yield loss occurs. Consequently, fast and accessible
disease screening has become an important requirement in precision agriculture and smart crop

management [4]—[7].

The research problem addressed in this work is the automatic classification of tomato leaf images
into disease categories. The input is a leaf image, while the output is one of five labels: bacterial spot, late
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blight, target spot, tomato yellow leaf curl virus, or healthy leaf. These categories are visually represented by
differences in lesion shape, spot distribution, color degradation, and texture. A convolutional neural network
(CNN) is appropriate for this task because it can learn discriminative visual patterns directly from image
pixels. MobileNetV2 was adopted as core model because its depthwise separable convolutions and inverted
residual structure reduce computational complexity while preserving feature extraction capability [8]-[11].

In an ideal field situation, farmers and extension officers should be able to identify leaf diseases
quickly, consistently, and near the cultivation site. However, identification is commonly based on manual
observation, which is influenced by experience, image conditions, disease stage, and similarity among
symptoms. Spot-like lesions, yellowing, necrotic areas, and uneven lighting may cause incorrect preliminary
diagnosis. Laboratory examination and expert consultation are more reliable, but they may be costly, slow, or
unavailable in small farming communities. This condition creates a practical gap for a smartphone-based
system that can support early screening before further expert confirmation is performed.

Deep learning approaches have been widely explored for plant disease recognition, including CNN
variants and lightweight models for mobile or low-resource environments [12]-[17]. Although these studies
demonstrate the capability of neural networks in recognizing visual disease features, several limitations
remain. Many works emphasize benchmark accuracy but provide less detail about data preparation,
augmentation strategy, hyperparameter choices, and the reproducibility of the experimental pipeline. In
addition, some studies stop at model evaluation and do not explain the transition from trained model to
Android-based use. The remaining gap is therefore a compact framework that links MobileNetV2 training,
independent testing, mobile integration, and error analysis for tomato leaf disease recognition.

The gap is important because mobile deployment changes the value of a classification model from
laboratory evaluation to practical decision support. From an academic perspective, the study clarifies how a
lightweight CNN can be prepared, tested, and embedded in an Android workflow. From a practical
perspective, the application can assist farmers, students, and agricultural field officers in obtaining an initial
disease indication from camera or gallery images without server-side processing. Without this type of
implementation, image-based plant disease recognition may remain difficult to use in locations with limited
access to experts, unstable connectivity, or low computational resources.

Accordingly, this study aims to develop and evaluate an Android-based tomato leaf disease
classification system using MobileNetV2. The objects analyzed were tomato leaf images representing four
disease categories and one healthy category. The study examined the relationship between image input,
preprocessing configuration, model training, and classification performance. The expected contribution is a
lightweight classification model that can be embedded in an Android application and used for preliminary
disease screening. The study also provides a basis for future development involving larger field datasets,
k-fold validation, explainable artificial intelligence, and comparison with alternative lightweight architectures.

2. METHOD
2.1. Dataset

This study used the segmented version of a publicly available Kaggle tomato leaf disecase image
dataset. From the ten categories in the original dataset, five classes were selected for the experiment: bacterial
spot, late blight, target spot, tomato yellow leaf curl virus, and healthy leaf. Each class contributed
240 images, so the total dataset contained 1,200 images. The images were arranged in a balanced
composition consisting of 900 training images, 200 validation images, and 100 independent testing images.
The testing set was not involved in training or model selection and was used only for final evaluation through
the confusion matrix.

All images were resized to 224x224 pixels before being processed by MobileNetV2. Pixel
intensities were scaled into the range of 0 to 1 to make the input distribution more stable during optimization.
Augmentation was applied only to the training subset through rotation, horizontal flipping, zooming,
brightness variation, and small spatial shifts. The validation and testing subsets received only resizing and
normalization to avoid artificially changing the evaluation data. A fixed random seed was used during data
splitting so that the experiment can be repeated with the same subset composition.

2.2. Convolutional neural network

Figure 1 presents the proposed CNN-based classification pipeline. The process begins with a tomato
leaf image, followed by preprocessing, feature extraction, and class prediction. CNN layers learn visual
representations progressively, beginning from local features such as edges, color boundaries, and texture
patterns and moving toward higher-level disease characteristics [13]-[15]. MobileNetV2 was chosen because
its lightweight architecture is suitable for Android devices while still maintaining sufficient representation
capacity for leaf disease images [16], [17].
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Figure 1. Process flow of the CNN method

During feature extraction, the MobileNetV2 backbone transforms the preprocessed image into
compact feature maps. These feature maps are then processed by the classification head, which produces
probability scores for all target classes through the softmax layer [18], [19]. The label with the largest
probability is selected as the prediction result. This architecture was selected because it supports efficient
inference and can be converted for use inside an Android application.

The training process was conducted for 30 epochs using stochastic gradient descent (SGD), a
learning rate of 0.0001, and a batch size of 16. This small learning rate was selected to keep parameter updates
gradual, while the batch size was chosen to balance memory usage and gradient stability. The configuration
was determined by monitoring the training and validation curves and selecting the setting that produced
stable convergence with low validation loss. The preprocessing procedure, split ratio, epoch number,
optimizer, learning rate, and batch size were kept consistent across experiments to improve reproducibility.

2.3. Mobile application workflow

The overall workflow of mobile application used in this study is illustrated in Figure 2 [20]-[22].
The flowchart describes the sequence of processes starting from user interaction to image classification
output. Users can capture images using the camera or select images from the gallery, after which the system
automatically performs disease classification and displays the results [23].

Input Method

Read Image

Select Image
Source

Open Gallery  [«——G@Gallery Camera—>»| Open Camera

Choose the image Process and Classify Take the image
from the Gallery with CNN from the Camera

Results and Accuracy

Figure 2. Mobile application flowchart

In the implemented workflow, the application first directs users to the main page, where image
input can be selected. Once an image is provided, the system converts it into the required input size and
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format before running on-device classification. The predicted class is then shown on the application
interface together with the classification information. The application is intended for preliminary
screening in agricultural environments; therefore, expert confirmation remains necessary for critical
treatment decisions.

3.  RESULTS AND DISCUSSION
3.1. Training and validation

The experiment used a balanced split of 1,200 images. A total of 900 images were used for training,
200 images for validation, and 100 images for independent testing. Each class had the same number of
samples in every subset to reduce the possibility of dominance by a particular disease category. The
validation data were used to observe learning stability during training, whereas the testing data were reserved
for the final performance assessment. Figure 3 displays the accuracy trend over 30 epochs. The training
accuracy increased gradually, and the validation accuracy followed a similar pattern. The closeness
between the two curves indicates that the model learned relevant disease features without showing a strong
overfitting pattern.

Figure 4 presents the loss curves for training and validation. Both curves decreased during training,
showing that the optimization process reduced classification error. The stable validation loss also suggests
that the selected configuration produced acceptable generalization on unseen validation images. The final
configuration used SGD, a learning rate of 0.0001, a batch size of 16 and 30 epochs. This configuration was
retained because it produced consistent convergence in the accuracy and loss curves. Even so, the evaluation
remains constrained by the limited dataset size and the use of a single train-validation-test split. Future
experiments should apply k-fold cross-validation and include larger images collected directly from farms to
increase the reliability of the findings.

At the end of training, the model obtained a training accuracy of 94.12% with a loss value of 0.1503.
The validation accuracy reached 93.00%, while the validation loss was 0.0797. These results indicate that
MobileNetV2 was able to extract useful disease-related visual patterns from the selected dataset. However,
these values should not be interpreted alone because validation images may not fully represent field
variation; therefore, the independent test result provides a more realistic performance indication [24]-[27].
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Figure 3. Training and validation accuracy curves Figure 4. Training and validation loss curves

3.2. Testing

Figure 5 shows the confusion matrix obtained from 100 independent test images, consisting of
20 images for each class. The matrix was used to derive accuracy, precision, recall, and F1-score, as well as
to observe which categories were confused by the classifier [18], [28]. This evaluation was separated from
training and validation to provide an independent measurement of classification performance.

The confusion matrix indicates that all tomato yellow leaf curl virus images were classified
correctly. The remaining errors mainly involved bacterial spot, healthy leaf, late blight, and target spot. This
result suggests that symptom overlap, especially spot-like lesions and color degradation, still affects model
decisions. The independent test produced an overall accuracy of 89.00%, and the detailed class-level results
are presented in Table 1.
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Figure 5. Confusion matrix for the independent test subset

Table 1. Classification performance on the independent test subset

Class Precision  Recall  Fl-score
Bacterial spot 0.89 0.85 0.87
Healthy leaf 0.85 0.85 0.85
Late blight 0.89 0.85 0.87
Target spot 0.82 0.90 0.86
Yellow leaf curl virus 1.00 1.00 1.00
Macro 0.89 0.89 0.89
Overall accuracy 0.89

Table 1 summarizes the class-level test performance. The macro precision, recall, and F1-score were
all 0.89, indicating relatively balanced performance across classes. The yellow leaf curl virus class achieved
the best result, with precision, recall, and F1-score all equal to 1.00. Bacterial spot and late blight obtained
similar F1-scores of 0.87, while the healthy class reached an F1-score of 0.85. Target spot achieved a recall
of 0.90 but a lower precision of 0.82, meaning that several images from other classes were assigned to this
category. These findings show that MobileNetV2 performed well, although symptom similarity still caused
classification ambiguity. Figure 6 presents the Android interface developed for tomato leaf disease
classification. The interface demonstrates the integration of the trained MobileNetV2 model into a mobile
application. Users can provide an input image from the camera or gallery, and the application returns the
predicted disease category directly on the device.
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Figure 6. Android application interface for tomato leaf disease classification

Int J Artif Intell, Vol. 15, No. 4, August 2026: 3318-3325



Int J Artif Intell ISSN: 2252-8938 a 3323

The Android implementation extends the contribution of this work beyond model training. By
embedding the classifier into a mobile workflow, the system can support preliminary disease recognition
without continuous internet access or server-side computation. This implementation offers a practical path for
use by farmers, agricultural extension officers, students, and crop-monitoring teams. It also demonstrates
how a lightweight CNN can be connected to a simple user interface for field-oriented screening.

MobileNetV2 is not introduced as a new architecture in this study; rather, it is used because its
computational efficiency is suitable for mobile agricultural applications. The main contribution lies in the
integration of a lightweight classifier, independent testing, and Android-based deployment for tomato leaf
disease screening. Nevertheless, the current work does not yet compare MobileNetV2 with EfficientNet,
DenseNet, or transformer-based vision models. Such comparisons are needed to determine whether
MobileNetV2 provides the most appropriate accuracy-efficiency trade-off for this application.

For wider deployment, the system should be tested under more diverse field conditions. Lighting
variation, background clutter, leaf orientation, disease stage, and camera quality can influence classification
results in real farms. The application may also be expanded by combining image classification with
environmental data from internet of things (IoT) sensors, such as humidity, temperature, and soil moisture.
Future versions should include farm-acquired datasets, explainability methods such as gradient-weighted
class activation mapping (Grad-CAM) or saliency maps, and architecture comparisons to improve
transparency and scalability.

4. CONCLUSION

This study designed an Android-based tomato leaf disease classification system using a lightweight
MobileNetV2 CNN. The model achieved 94.12% training accuracy, 93.00% validation accuracy, and
89.00% accuracy on the independent test subset. These results indicate that MobileNetV2 can provide a
reasonable balance between classification performance and mobile deployment efficiency. The Android
implementation allows users to classify tomato leaf images through camera or gallery input, making the
framework useful as an early screening tool in agricultural settings. However, the study is still limited by the
dataset size, the use of a single split, the absence of architecture comparison, and the lack of visual
explainability. Future research should use larger field datasets, apply k-fold validation, compare
MobileNetV2 with other lightweight and transformer-based models, integrate Grad-CAM or saliency maps,
and combine image-based predictions with loT-based environmental monitoring.
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