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Introduction  

 Chili pepper (Capsicum frutescens L.) represents one of Indonesia's major horticultural commodities because of 

its high economic importance and extensive utilization in daily food consumption. Based on data published by Badan 

Pusat Statistik, national chili production exceeded 1.5 million tons in 2024, highlighting its substantial contribution to 

the agricultural sector [1]. Besides functioning as an essential ingredient in Indonesian cuisine, chili farming provides 

an important source of income for many smallholder farmers and supports local horticultural markets. Consequently, 

maintaining both crop productivity and product quality is essential for sustaining agricultural production and 

improving farmers' economic welfare. 

Despite its economic importance, chili cultivation remains vulnerable to various leaf diseases that negatively 

influence plant growth and yield. Common diseases affecting chili plants include leaf curl, leaf spot, and yellow leaf 

disease, all of which alter leaf color, texture, and morphology. These physiological changes interfere with 

photosynthesis, suppress plant development, and ultimately decrease crop productivity. Previous studies have 

identified Pepper Yellow Leaf Curl Indonesia Virus (PepYLCIV) as one of the major threats to chili production in 

Indonesia because of its significant impact on yield reduction. Reports indicate that yellow leaf curl disease can 

decrease chili production by approximately 20–100%, while disease severity may reach 80–100% under severe 

infection conditions[2] [3]. Furthermore, another study on Capsicum frutescens documented production losses of up 

to 68.5% caused by yellow leaf curl disease [4]. These findings demonstrate that leaf diseases represent not only a 

biological challenge but also an economic concern, emphasizing the importance of early and accurate disease 

identification. 

Abstract  

Cayenne pepper (Capsicum frutescens L.) is an economically important horticultural crop in Indonesia; however, its productivity 

is frequently affected by leaf diseases, including leaf curl, leaf spot, and yellow leaf disease. Conventional disease identification 

mainly relies on visual inspection, making the diagnosis highly dependent on farmers’ experience and increasing the possibility 

of inaccurate identification and delayed treatment. This study proposes a Convolutional Neural Network (CNN)-based approach 

for automatic chili leaf disease classification and implements the trained model in an Android application for offline real-time 

detection. A total of 2,000 images were collected from chili plantations located in Lhokseumawe City and Aceh Tamiang 

Regency. The dataset was organized into five balanced categories, namely healthy leaf, leaf curl, leaf spot, yellow leaf, and non-

leaf, with 400 images assigned to each category. The addition of a non-leaf category enables the application to distinguish chili 

leaves from irrelevant objects during mobile-based detection. Before training, all images were resized to 150 × 150 pixels, 

normalized, and partitioned into training, validation, and testing sets using an 80:10:10 ratio. The proposed CNN architecture 

comprised three convolutional layers followed by max-pooling layers, a flatten layer, a fully connected layer, a dropout layer, 

and a Softmax output layer. Experimental evaluation on the testing dataset produced an overall accuracy of 89.50%, while the 

macro-average precision, recall, and F1-score reached 90%, 89%, and 89%, respectively. The trained model was successfully 

converted into TensorFlow Lite (TFLite) format and integrated into an Android application capable of providing real-time disease 

prediction, confidence scores, disease descriptions, treatment recommendations, and detection history without requiring an 

Internet connection. These results indicate that the proposed system is suitable for practical field deployment to support early 

identification of chili leaf diseases. 
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In agricultural practice, disease diagnosis is still predominantly conducted through visual observation of leaf 

symptoms. Such a conventional approach depends heavily on the experience and knowledge of farmers or agricultural 

experts, making the identification process susceptible to subjectivity and misclassification. Since several diseases 

exhibit similar visual symptoms, distinguishing one disease from another is often difficult, especially during the early 

stages of infection. Incorrect diagnosis may lead to inappropriate treatment strategies, thereby increasing production 

losses. Therefore, an automatic and reliable disease identification system is required to support more consistent 

decision-making in the field. 

Prior to the rapid development of deep learning techniques, plant disease recognition commonly relied on 

conventional machine learning algorithms such as Support Vector Machine (SVM) and K-Nearest Neighbor (KNN). 

These approaches generally depend on handcrafted feature extraction based on image characteristics, including color, 

texture, and shape, making their effectiveness highly dependent on feature engineering [5]. In contrast, Convolutional 

Neural Networks (CNNs) are capable of automatically extracting hierarchical visual features directly from image data, 

eliminating the need for manual feature design. Previous research by Sun et al. demonstrated that CNN achieved an 

accuracy of 93.75%, outperforming SVM (89.36%) and Backpropagation Neural Network (87.69%) in tea leaf disease 

classification tasks [6] [7] These advantages have made CNN one of the most widely adopted deep learning methods 

for recognizing plant diseases with diverse visual characteristics. 

Numerous studies have investigated CNN-based models for chili leaf disease classification. Firdaus reported that 

MobileNetV2 achieved a classification accuracy of 97%, although the research mainly emphasized classification 

performance without evaluating deployment on mobile devices [8]. Likewise, Saputra and Rachmat obtained an 

accuracy of 98.40% using MobileNetV2; however, their evaluation was limited to image classification experiments 

and did not include real-time implementation [9]. Ridhwan and Hudori focused only on yellow virus identification 

and reported an accuracy of 83.33%, restricting the applicability of their model to a single disease category [10]. 

Similarly, Khoirunnisa et al. found that MobileNetV2 outperformed VGG16 with an accuracy of 99.47%, yet the 

comparison remained centered on classification accuracy rather than practical deployment or field implementation 

[11]. 

Although advanced lightweight architectures such as MobileNetV2 and EfficientNet have demonstrated excellent 

classification performance, these networks consist of considerably deeper architectures with larger numbers of 

parameters than a conventional custom CNN. Such complexity increases computational requirements and memory 

consumption, which may not always be necessary for relatively small and balanced datasets. Therefore, this study 

employs a custom CNN architecture to investigate whether a simpler network can achieve competitive classification 

performance while reducing computational cost, accelerating inference speed, simplifying model customization, and 

facilitating efficient deployment on Android devices through TensorFlow Lite. Achieving an appropriate balance 

between classification accuracy and computational efficiency is particularly important for offline mobile applications 

intended for practical agricultural use. 

Although previous studies have reported promising classification accuracy, most have concentrated primarily on 

model evaluation while providing limited discussion regarding real-world deployment. In particular, offline mobile 

implementation and the capability to distinguish chili leaves from non-leaf objects remain insufficiently explored. To 

address these limitations, this study develops a CNN-based chili leaf disease detection system using five balanced 

classes, including a non-leaf category, and deploys the trained model into an Android application for offline real-time 

operation. The developed application not only performs disease classification but also provides confidence scores, 

disease descriptions, treatment recommendations, and detection history, thereby extending previous research from 

image classification toward a more practical field-oriented solution. 

Method  

 This research employed a Convolutional Neural Network (CNN) to classify diseases affecting cayenne pepper 

leaves using digital images and subsequently deployed the trained model into an Android application for offline real-

time detection. The proposed methodology consisted of several sequential stages, including dataset acquisition, image 

preprocessing, CNN architecture design, model training, performance evaluation, TensorFlow Lite conversion, and 

Android application development. 



E-ISSN 2599-0330 SISFO :  Jurnal Ilmiah Sistem Informasi Vol. 10, No. 2, October 2026, pp. 511-520 513

  

 

 

      https://doi.org/10.29103/ sisfo.v10i2.27552 

 
Figure 1. Research Workflow 

Figure 1 presents the overall workflow adopted in this study. The process began with collecting cayenne pepper leaf 

images from plantations located in Lhokseumawe City and Aceh Tamiang Regency under different natural lighting 

conditions and camera viewpoints. After acquisition, all images were manually categorized into five predefined classes 

and underwent preprocessing through image resizing and normalization. The processed dataset was then divided into 

training, validation, and testing subsets for CNN model development. 

Next, a custom CNN architecture was constructed and trained using the training dataset. During the learning process, 

the validation dataset was utilized to monitor model performance and minimize overfitting. Once training was 

completed, the model was evaluated on the testing dataset using confusion matrix-based performance metrics, including 

accuracy, precision, recall, and F1-score. Finally, the trained model was converted into TensorFlow Lite (TFLite) 

format and embedded into an Android application to enable offline real-time disease detection on mobile devices. 

A. Dataset Collection and Preprocessing 

The image dataset used in this study was collected directly from cayenne pepper plantations located in 

Lhokseumawe City and Aceh Tamiang Regency, Indonesia. Images were captured using smartphone cameras under 

natural lighting conditions from multiple viewing angles to represent variations in disease appearance. Each image was 

manually inspected and assigned to one of five balanced categories: healthy leaf, leaf curl, leaf spot, yellow leaf, and 

non-leaf. The inclusion of the non-leaf category enables the application to distinguish actual chili leaves from 

surrounding objects during real-time detection. 

 
Figure 2. Data Collection Process 
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As shown in Figure 2, the data collection procedure consisted of four sequential stages. Initially, healthy and 

diseased chili plants were identified directly in plantation areas. Subsequently, images were captured from different 

distances and viewing perspectives under natural environmental conditions to increase data diversity and improve 

model generalization. The collected images were then examined manually to remove blurred, duplicated, and poor-

quality samples before being classified into healthy leaf, leaf curl, leaf spot, yellow leaf, and non-leaf categories 

according to their visible characteristics. Finally, the validated images were organized into separate folders for 

preprocessing and subsequent model training. 

Before the training stage, every image was resized to 150 × 150 pixels and normalized to reduce computational 

complexity while improving training efficiency and model convergence [12] [13]. 

The complete dataset contained 2,000 images, with 400 images assigned to each class. The dataset was partitioned 

into training, validation, and testing subsets using an 80:10:10 ratio, resulting in 1,600 training images, 200 validation 

images, and 200 testing images. The training subset was used to optimize model parameters, the validation subset 

monitored the learning process and reduced overfitting, whereas the testing subset was reserved exclusively for 

evaluating the final performance of the trained CNN model [14]. 

B. Convolutional Neural Network Architecture 

Convolutional Neural Network (CNN) is a deep learning architecture specifically developed for image classification 

tasks. Unlike conventional machine learning methods, CNN automatically extracts hierarchical image features through 

convolution operations, eliminating the need for manual feature engineering and enabling the recognition of complex 

visual patterns  [15] [16]. The convolution operation is expressed as : 

𝐹(𝑖, 𝑗) =∑∑𝐼(𝑥, 𝑦)

𝑦𝑥

× 𝐾(𝑥, 𝑦) (1) 

where F(i,j) denotes the output feature map, I(x,y) represents the input image, and K(x,y) denotes the convolution kerne. 

The proposed CNN architecture comprised three convolutional layers containing 32, 64, and 128 filters, 

respectively. Each convolution layer employed a 3 × 3 kernel, same padding, the ReLU activation function, and a max-

pooling layer. The ReLU activation function is defined as :  

ReLU(𝑥) = max(0, 𝑥) (2) 

 To preserve the most representative visual information while reducing computational cost, a max-pooling operation 

was applied after every convolution layer [17]. This operation decreases the spatial dimensions of feature maps by 

retaining only the maximum value within each pooling region [18]. The max pooling operation is defined as: 

𝑓max(𝑋) = max(𝑥𝑖) (3) 

 Following feature extraction, the generated feature maps were flattened into a one-dimensional vector using a 

Flatten layer before being forwarded to a Fully Connected layer for classification [19] [20]. 

 The final classification stage employed the Softmax activation function to convert the output of the fully connected 

layer into probability values ranging from 0 to 1, where the total probability across all classes equals one [21]. The 

predicted class corresponds to the category with the highest probability score. The softmax operation is defined as : 

𝑃(𝑦𝑖) =
𝑒𝑦𝑖

∑ 𝑒𝑦𝑗𝑛
𝑗=1

 
(4) 

where P(yi) denotes the probability of class i, while n represents the total number of output classes. 

 Model optimization was performed using the Adam optimizer, which adaptively updates the learning rate for each 

parameter during training and has been widely adopted in deep learning applications because of its efficient 

convergence behavior [22]. Since this research addressed a multiclass classification problem, the categorical cross-

entropy loss function was utilized to minimize the discrepancy between predicted probabilities and the corresponding 

ground-truth labels [23]. 

C. Model Evaluation 

Model performance was assessed using a confusion matrix, which compares predicted labels with the corresponding 

ground-truth labels [24]. Based on the confusion matrix, four evaluation metrics were computed, namely accuracy, 

precision, recall, and F1-score. Accuracy is calculated as :  

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

         (5) 

Where TP represents True Positive, TN represents True Negative, FP represents False Positive, and FN represents False 

Negative. Precision is defined as : 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
× 100% 

(6) 
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Recall is calculated by: 

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

         (7) 

 
The F1-score is calculated as :  

F1-Score =
2 × Precision × Recall

Precision + Recall
 

         (8) 

D.  Android Application Implementation 

After the CNN model had been trained successfully, it was converted into TensorFlow Lite (TFLite) format to 

facilitate deployment on Android devices [25]. This conversion reduced the model size while maintaining compatibility 

with the TensorFlow Lite Interpreter, allowing inference to be executed directly on smartphones without relying on 

cloud-based processing. 

The Android application was developed using Kotlin in Android Studio and integrated with the trained TFLite 

model through the TensorFlow Lite Interpreter API. Users can perform disease detection either by capturing an image 

with the smartphone camera or by selecting an image from the device gallery. Prior to inference, every input image is 

automatically resized to 150 × 150 pixels and normalized using the same preprocessing pipeline employed during model 

training, thereby ensuring consistency between the training and deployment stages. 

The processed image is subsequently passed to the TensorFlow Lite model to generate prediction probabilities for 

all disease categories. The class with the highest probability is selected as the final prediction and displayed together 

with its confidence score. In addition to presenting the predicted disease category, the application also provides a brief 

disease description, treatment recommendations, and a detection history containing previous prediction results. All 

inference processes are executed locally on the smartphone, enabling offline real-time disease detection without 

requiring an Internet connection and making the application suitable for agricultural environments with limited network 

availability. 

Results and Discussion  

This section presents the experimental results obtained from the proposed Convolutional Neural Network (CNN) 

model for cayenne pepper leaf disease classification. The model was trained and evaluated using a balanced dataset 

consisting of five classes: healthy leaf, leaf curl, leaf spot, yellow leaf, and non-leaf. The evaluation includes the analysis 

of training performance, classification results, and the implementation of the trained model in an Android application. 

The discussion emphasizes not only the classification performance of the proposed CNN model but also its suitability 

for real-time mobile deployment. 

A. CNN Model Training  

The proposed CNN model was trained using 2,000 labeled images collected from cayenne pepper plantations in 

Lhokseumawe City and Aceh Tamiang Regency. The dataset consisted of five balanced classes with 400 images per 

class and was divided into training, validation, and testing sets using an 80:10:10 ratio. The CNN architecture comprised 

three convolutional layers with 32, 64, and 128 filters, each followed by ReLU activation and max-pooling layers. The 

extracted features were flattened and connected to a fully connected layer with a dropout rate of 0.5 before the final 

softmax classifier. The model was trained for 20 epochs using the Adam optimizer and categorical cross-entropy loss 

function. 

 
Figure 3. Training and Validation Accuracy 

 

Figure 4. Training and Validation Accuracy 

Figure 3 illustrates the training and validation accuracy during the learning process. The training accuracy increased 

steadily from approximately 51% in the first epoch to nearly 90% at the final epoch. Similarly, the validation accuracy 

improved from approximately 64% to around 90% and remained consistently close to the training accuracy throughout 

the training process. 
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The rapid improvement observed during the first several epochs indicates that the CNN successfully learned 

fundamental visual characteristics of chili leaf diseases, including differences in color, texture, and leaf morphology. 

As training progressed, the rate of improvement gradually decreased, suggesting that the model had learned increasingly 

discriminative features required to distinguish visually similar classes. Moreover, the relatively small gap between the 

training and validation accuracy curves indicates that the proposed CNN architecture achieved good generalization 

capability without showing obvious signs of overfitting. Although slight fluctuations appeared in the validation curve, 

they remained within a reasonable range and did not significantly affect the overall learning trend. This result 

demonstrates that the proposed CNN architecture was able to learn representative features while maintaining stable 

performance on unseen validation data. 

Figure 4 presents the training and validation loss obtained during model training. The training loss decreased 

substantially from approximately 1.20 in the first epoch to below 0.30 in the final epoch. Likewise, the validation loss 

decreased from approximately 0.96 to around 0.35, indicating that prediction errors were progressively reduced as 

training proceeded. 

The decreasing trend of both training and validation loss demonstrates that the optimization process converged 

successfully throughout the training stage. The similar behavior of both curves suggests that the model learned 

meaningful feature representations without experiencing unstable learning behavior. Although minor fluctuations were 

observed in the validation loss during several epochs, these variations are common in deep learning due to differences 

between mini-batches and did not indicate performance degradation. Overall, the relatively low loss values achieved at 

the end of training confirm that the proposed CNN architecture effectively minimized classification errors while 

maintaining satisfactory generalization performance on unseen data. 

B. Model Evaluation 

 
Figure 5. Confusion Matrix of CNN Model 

Figure 5 presents the confusion matrix obtained from the testing dataset, which consisted of 200 images equally 

distributed across five classes: leaf spot, non-leaf, leaf curl, yellow leaf, and healthy leaf. Overall, the proposed CNN 

model correctly classified 179 out of 200 testing images, resulting in an overall classification accuracy of 89.50%. 

The confusion matrix shows that the non-leaf and healthy leaf classes achieved perfect classification performance, 

with all 40 testing images correctly identified. This result indicates that the proposed CNN successfully learned 

distinctive visual characteristics that differentiate chili leaves from non-leaf objects and healthy leaves from diseased 

leaves. The inclusion of the non-leaf class also contributes to improving the robustness of the system during real-time 

smartphone-based detection by reducing the possibility of assigning disease labels to irrelevant background objects. 

In contrast, most classification errors occurred in the leaf curl and leaf spot classes. The leaf curl class correctly 

classified 31 out of 40 images, while eight images were incorrectly classified as healthy leaves and one image as leaf 

spot. Similarly, the leaf spot class correctly classified 32 images, whereas six images were misclassified as leaf curl, 

one image as non-leaf, and one image as healthy leaf. These misclassifications suggest that certain disease symptoms 

share similar visual characteristics, particularly during the early stages of infection when symptom severity is relatively 

low. Similarities in leaf texture, color, and lesion appearance may cause overlapping feature representations, making it 

more challenging for the CNN model to distinguish between these disease categories. 

The yellow leaf class demonstrated relatively high classification performance, with 36 correctly classified images 

and four images incorrectly predicted as non-leaf. This finding indicates that although yellow leaf symptoms generally 

exhibit distinctive color changes, variations in lighting conditions or incomplete symptom expression may occasionally 

reduce classification confidence. Nevertheless, the relatively small number of misclassified samples indicates that the 

proposed CNN model learned representative features for most disease categories and maintained satisfactory 

generalization performance on unseen testing data. 
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Table 1. Classification Report Results 
Class Precision Recall F1-Score 

bercak daun 0,97 0,80 0,88 

bukan daun 0,89 1,00 0,94 

daun keriting 0,84 0,78 0,81 

daun menguning 1,00 0,90 0,95 

daun sehat 0,82 1,00 0,90 

 

Table 1 presents the classification performance of the proposed CNN model based on precision, recall, and F1-score 

for each disease category. The evaluation results indicate that the model achieved consistent performance across all five 

classes, suggesting that the extracted visual features were sufficiently discriminative to differentiate various conditions 

of cayenne pepper leaves. 

Among the disease categories, the leaf spot class produced the highest precision value (0.97), indicating that 

predictions assigned to this class were highly reliable. However, its recall reached only 0.80, implying that several 

actual leaf spot samples were incorrectly classified into other categories. Although the model was highly accurate when 

predicting leaf spot, some true positive samples were still missed during classification. 

The non-leaf category obtained a perfect recall of 1.00 together with an F1-score of 0.94, indicating that every non-

leaf image in the testing dataset was correctly identified. This finding demonstrates that incorporating a dedicated non-

leaf class effectively prevents irrelevant objects from being misclassified as diseased chili leaves during smartphone-

based detection, thereby improving the robustness of the proposed detection system. 

Likewise, the yellow leaf category achieved a precision of 1.00 and a recall of 0.90, resulting in the highest F1-score 

(0.95) among all evaluated classes. The distinctive yellow discoloration associated with this disease provides clear 

visual characteristics that can be learned effectively by the CNN model, allowing highly confident predictions for this 

category. 

Conversely, the leaf curl class recorded the lowest recall (0.78) and F1-score (0.81). This performance indicates that 

a relatively larger proportion of leaf curl images were classified incorrectly, primarily because the early symptoms of 

leaf curl share similar visual characteristics with healthy leaves and leaf spot disease. Such similarities reduce feature 

separability and increase the difficulty of accurate classification, particularly during the early stage of disease 

development. 

Overall, the classification results demonstrate that the proposed CNN model achieved stable and reliable 

performance across all classes, with an overall testing accuracy of 89.50%. Although several misclassifications were 

observed among visually similar disease categories, the model maintained satisfactory classification capability and is 

considered sufficiently reliable to support practical chili leaf disease detection through an Android-based application. 

C. Application Implementation 

Following the training stage, the final CNN model was converted into TensorFlow Lite (TFLite) format to 

facilitate deployment on Android devices. The converted model was then integrated into an Android application 

developed using Kotlin, enabling all inference processes to be executed directly on the smartphone. Since every 

prediction is performed locally, the application can provide offline real-time disease detection without depending on 

an Internet connection, making it suitable for agricultural environments where network access is limited. 

 
Figure 6. Real-Time Detection Interface 

 
Figure 7. Detection Result Interface 
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 Figure 6 shows the real-time detection interface of the developed application. The application captures images 

directly from the smartphone camera and classifies the detected object into one of the five predefined classes. The 

detection result is displayed together with the confidence score and treatment recommendation corresponding to the 

predicted disease class. The confidence score provides additional information regarding the prediction generated by the 

CNN model, while the treatment recommendation offers initial guidance for disease management. 

 Figure 7 presents the detailed detection result after the classification process is completed. Besides displaying the 

predicted disease class and confidence score, the application provides a disease description and treatment 

recommendation based on the detected class. Integrating disease information with the classification result enables users 

to obtain both diagnostic and supporting information within a single interface, making the application more practical 

for early disease identification. 

 
Figure 8. Detection History Interface 

 
Figure 9. Detection History Detail Interface 

Figure 8 illustrates the Detection History interface of the developed Android application. Every completed detection 

can be saved automatically into the local storage, allowing users to maintain a chronological record of previous 

detection activities. Each history entry contains the captured image, predicted disease class, confidence score, and the 

date and time of detection. Presenting historical detection results enables users to monitor disease occurrences over time 

without repeating the detection process. This feature is particularly useful for farmers who regularly inspect multiple 

chili plants, as it facilitates comparison of previous observations and supports continuous monitoring of crop health.. 

Figure 9 presents the Detection History Detail interface, which is displayed when the user selects one of the saved 

detection records from the history list. This page provides comprehensive information associated with the selected 

detection, including the captured image, predicted disease class, confidence score, disease description, and treatment 

recommendation. Unlike the history list, which provides only a brief summary of each detection, the detail interface 

enables users to review complete diagnostic information without performing another detection process. Consequently, 

users can revisit previous diagnoses, better understand the detected disease, and access the recommended treatment 

whenever necessary. 

Conclusion  

This study presented the development of a CNN-based system for automatic detection of cayenne pepper leaf 

diseases and successfully deployed the trained model as an Android application capable of performing offline real-

time inference. The proposed approach classified five image categories, including leaf spot, leaf curl, yellow leaf, 

healthy leaf, and non-leaf. Experimental evaluation showed that the developed model achieved an overall testing 

accuracy of 89.50%, accompanied by satisfactory precision, recall, and F1-score values across all evaluated classes. 

The trained CNN model was also successfully converted into TensorFlow Lite (TFLite) format and integrated into the 

Android application, enabling users to obtain disease predictions together with confidence scores, disease descriptions, 

treatment recommendations, and detection history. These findings demonstrate that the proposed system has the 

potential to support practical and efficient early identification of chili leaf diseases in agricultural environments.  

Despite these encouraging results, several limitations should be acknowledged. First, the proposed model was 

evaluated only on the internal dataset collected during this research; therefore, its ability to generalize to more diverse 

agricultural conditions has not yet been comprehensively verified. Second, model assessment was limited to 

conventional classification metrics, while a more detailed investigation of misclassification patterns among disease 

categories was beyond the scope of this study. Third, although the training and validation processes indicated stable 
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learning performance, further evaluation using external datasets is necessary to better examine the robustness and 

generalization capability of the proposed CNN model. In addition, the Android application was assessed primarily 

from a technical implementation perspective. Comprehensive usability testing involving end users, evaluation under 

various environmental conditions, cross-device compatibility assessment, and validation of treatment 

recommendations by agricultural experts remain important directions for future research to improve the reliability, 

usability, and practical readiness of the developed system. 
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  F  ( i , j ) =   ∑  x    ∑  y  I  ( x , y ) × K  ( x , y )


  ReLU  ( x ) =  max ⁡   ( 0 , x )


    f  max  ( X ) =  max ⁡   (   x  i )


  P  (   y  i ) =     e    y  i    ∑  j = 1  n    e    y  j


  Accuracy =   T P + T N  T P + T N + F P + F N


  Precision =   T P  T P + F P × 100 %


  Recall =   T P  T P + F N


  F1-Score =   2 × Precision × Recall  Precision + Recall

