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ABSTRACTThis study presents the development of a mobile-based intelligent system for the detection and classification of soursop (Annona muricata Linn) leaf diseases using deep learning. Recognizing the limitations of traditional visual inspection methods used by smallholder farmers, the project integrates a convolutional neural network (CNN) model with a mobile application capable of operating fully offline. The CNN, based on MobileNetV2 architecture, was trained using the publicly available SoursopBD dataset containing 3,838 annotated images across six categories: Cutting Caterpillar, Cutting Weevil, Die Back, White Fly, Yellowing, and Healthy. Data augmentation techniques were applied to enhance robustness against real-world imaging conditions. The optimized model, quantized to TensorFlow Lite (TFLite) float16 format, achieved a test accuracy of 97.74% with macro-averaged precision, recall, and F1-scores of 0.98. When deployed on Android devices, the app-maintained inference times averaging 0.68 seconds per image and remained stable during extended testing, confirming suitability for low- to mid-range mobile hardware. Usability evaluation involving 21 participants utilized the UTAUT2 framework, yielding high mean scores for Behavioral Intention (4.79), Performance Expectancy (4.76), and Price Value (4.74). Slightly lower but still positive scores were observed in Trust in Diagnosis (4.63) and Facilitating Conditions (4.55), indicating opportunities for feature refinement and user support. The study concludes that the developed system is technically robust, operationally efficient, and socially acceptable for real-world agricultural deployment. It demonstrates the feasibility of using AI-powered, mobile-first tools to enhance plant disease management in resource-constrained environments.
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INTRODUCTION

1.1 Background of the Study
Soursop (Annona muricata Linn) is a tropical fruit valued for its nutritional characteristics, medicinal properties, and economic potential. It is a rich source of essential nutrients such as carbohydrates and minerals, and it contains bioactive compounds believed to possess therapeutic and health-promoting effects (Agu & Okolie, 2017). Previous studies have revealed that soursop exhibits both healing and toxic characteristics, thereby supporting its classification as a functional food (Coria-Téllez et al., 2018). Beyond its medicinal and nutritional importance, recent research underscores its emerging industrial value, particularly in waste reuse and product development, creating new opportunities for commercial expansion (Santos et al., 2023).
The Philippines, with its tropical climate, provides ideal conditions for cultivating soursop. In 2018, national production was recorded at approximately 7,807 metric tons (DOST-PCAARRD, 2022). Despite its potential, soursop remains underutilized and contributes minimally to the country’s agricultural economy. While global demand for soursop and its processed products continues to rise, local production still faces challenges, primarily due to the prevalence of plant diseases that reduce yield and fruit quality. Currently, disease detection on farms relies heavily on manual visual inspection process dependent on farmers’ experience and affected by environmental factors such as lighting and humidity. This traditional approach is time-consuming, error-prone, and often results in delayed intervention, ineffective treatment, and increased production costs (Barbedo, 2016). Furthermore, misdiagnosis can lead to the misuse of pesticides or unnecessary labor expenditures, creating additional financial strain on smallholder farmers (Drenth & Guest, 2016). Recent advancements in artificial intelligence (AI), particularly in image recognition through convolutional neural networks (CNNs), have greatly improved the accuracy and efficiency of plant disease detection. CNN-based models have demonstrated high performance in identifying diseases in crops such as tomatoes, bananas, and rice (Mustofa et al., 2024; Udutalapally et al., 2020). However, the integration of such AI-based technologies in smallholder farming remains limited due to the lack of consistent field records and the scarcity of labeled image datasets required for model training (Fairfood, 2020).
To address these challenges, this research focuses on developing an AI-driven mobile application tailored for smallholder farmers in the Philippines. Mobile technology is increasingly influential in agriculture, providing farmers with real-time access to data, crop monitoring tools, and market linkages. With the rising adoption of smartphones among Filipino farmers, creating an accessible and user-friendly machine learning-based tool for detecting soursop leaf diseases presents a practical and cost-effective strategy for improving disease management. Ultimately, this innovation seeks to empower farmers with accurate, timely, and data-driven decision-making capabilities.
1.2 Significance of the Study
This study represents an important contribution to both agriculture and artificial intelligence. It introduces a machine learning system designed specifically for identifying diseases in soursop leaves, addressing a critical gap in current plant disease management practices. By enabling accurate and efficient diagnosis, the study enhances disease control and supports smallholder farmers in optimizing their yield and productivity. The research demonstrates how AI-powered mobile tools can strengthen precision farming efforts, particularly in resource-constrained areas.
The localized focus of this study on Filipino soursop growers is its core strength, as it bridges advanced AI technologies with the practical realities of marginalized agricultural communities. By providing farmers with a decision-support tool for disease identification and management, this study contributes to improved livelihoods, food security, and agricultural sustainability.

1.3 Advancement in AI-Based Agricultural Technology
This study advances the integration of artificial intelligence in agriculture by demonstrating the role of machine learning and image analysis in crop disease detection and decision-making. While AI-based detection systems have been successfully implemented in crops such as rice, tomatoes, and bananas, their application in soursop farming remains limited due to the absence of adequate datasets and customized models.
The development of an AI-powered mobile application specifically for soursop leaf disease detection addresses this gap. Its user-centered design ensures accessibility and usability for small-scale farmers. Furthermore, this innovation has potential applications beyond soursop cultivation, paving the way for AI-based disease detection in other tropical crops and contributing to the growing trend of precision agriculture and digital transformation in farming.

[bookmark: _heading=h.t46u1w3zdfo4]METHODOLOGY

2.1 Research Design

This study adopted a structured Software Development Life Cycle (SDLC) methodology to design and develop an AI-based mobile intelligence system for detecting diseases in soursop leaves. The SDLC provided a systematic framework comprising planning, analysis, design, implementation, testing, and deployment phases. Development was conducted in two closely connected iterations, allowing progressive refinement to meet both machine learning and mobile usability requirements.
The first iteration emphasized model prototyping, which involved dataset preparation, CNN development, and model validation to establish a baseline for six-class leaf disease classification. The second iteration focused on integrating the trained model into a functional mobile application and preparing it for field deployment. Iterative feedback from usability testing guided enhancements to the interface, hyperparameter tuning, and overall system performance. This cyclic approach ensured both technical accuracy and practical adaptability, maintaining responsiveness to user needs throughout development.

2.2 Initial Planning
The planning phase established the foundation for the project’s development workflow, identifying the tool chain, data resources, and phased deliverables. The SoursopBD dataset (Mustofa et al., 2024) was adopted after confirming sufficient annotation quality and class representation for CNN training. Key tools included Python for model development, TensorFlow and Keras for deep learning, OpenCV for image preprocessing, and Flutter for mobile application development. The project deliverables were structured to ensure traceability between model training and mobile deployment, while evaluation metrics accuracy, precision, recall, and F1-score—were established to measure performance objectively.
This phase also defined the model optimization strategy and application scope. The mobile app was intended to function entirely offline, reflecting limited internet access in rural areas. Consequently, design priorities included computational efficiency, lightweight architecture, and real-time inference capability on mid-range Android devices.

2.3 First Iteration: Model Development and Baseline Construction

[bookmark: _Toc21244]Figure 1: Iterative software development life cycle.
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The first iteration’s planning focused on defining the prototype’s technical scope and aligning resources with project goals. The dataset was organized for six-class classification—Cutting Caterpillar, Cutting Weevil, Die Back, White Fly, Yellowing, and Healthy leaves. The model was to perform image-based diagnosis without external data dependencies. Given mobile deployment constraints, the MobileNetV2 architecture was chosen for its balance of accuracy and computational efficiency. Preliminary schedules were set for data preprocessing, augmentation, training, and evaluation.

2.3.2 Requirements

The system was guided by specific functional, non-functional, and technical requirements.
· Functional: The model classifies leaf images into six predefined categories and provides confidence scores.
· Non-functional: Offline operation, rapid inference (<1 second), and user-friendly design.
· Technical: Use of Python and TensorFlow with pretrained ImageNet weights for transfer learning. Image augmentation techniques (rotation, zoom, shearing, brightness adjustment) were implemented to improve robustness under field conditions.
After achieving the target accuracy, the trained model was exported to TensorFlow Lite (TFLite) using float16 quantization to minimize memory usage while maintaining classification precision, ensuring compatibility with Android devices.
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Conceptual framework of the study
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This study adopts an extended Input–Process–Output (IPO) framework to structure the development of an intelligent, mobile-based system for early soursop leaf disease detection. The framework maintains alignment with the study’s scope, objectives, and the sytem development methodology adapted.

2.4 Analysis and Design
This phase established the structural framework for both the machine learning pipeline and mobile application. Initially, a deep CNN with 11 convolutional layers was tested but proved too resource-intensive for mobile devices. To address this, the design transitioned to MobileNetV2, leveraging depthwise separable convolutions for efficiency. The adapted architecture incorporated a GlobalAveragePooling2D layer, followed by dense layers (1024, 512, 256 neurons) with dropout for regularization, and a softmax output layer for six-class classification.
The SoursopBD dataset contained 3,838 labeled images representing the six target conditions. It was analyzed for balance and quality, and augmentation was applied using TensorFlow’s ImageDataGenerator to simulate real-world variations in lighting, rotation, and background. These enhancements ensured that the final model-maintained generalization across diverse conditions likely encountered by farmers.

2.5 Implementation

The implementation phase focused on training and validating the optimized CNN model. Using Python, TensorFlow, and Keras on a GPU-enabled Jupyter Notebook environment, the MobileNetV2 architecture was initialized with pretrained ImageNet weights and fine-tuned for soursop leaf classification. The dataset was divided into 70% training, 15% validation, and 15% testing subsets. The Adam optimizer with categorical cross-entropy loss was applied, and early stopping prevented overfitting. Hyperparameters such as batch size and learning rate were tuned iteratively based on validation performance.
The resulting model achieved stable accuracy and generalization, confirming its readiness for mobile integration. The trained MobileNetV2 model was then converted to TensorFlow Lite format for on-device inference, forming the basis of the next iteration focused on application deployment.

2.6 Testing and Evaluation

Testing evaluated the model’s technical accuracy and generalization capability using unseen test data. Metrics included accuracy, precision, recall, and F1-score, computed per class. A confusion matrix visualized classification performance and identified frequent misclassifications among visually similar conditions (e.g., Die Back, White Fly, and Yellowing). To assess robustness, the model underwent five-fold cross-validation and was tested on additional images collected from Philippine soursop farms under varying lighting and background conditions.
Although the model demonstrated strong accuracy, it faced challenges distinguishing between diseases with similar symptoms due to reliance solely on visual data (Barbedo, 2016; Ibarra et al., 2023). These findings informed the second iteration, emphasizing usability testing, interface optimization, and field readiness for practical deployment.

2.7 Summary
The methodology integrated iterative SDLC principles and modern machine learning practices to ensure a reliable and user-centered disease detection system. By combining technical optimization with practical design considerations, the research achieved a balance between model performance and accessibility for smallholder farmers. The resulting mobile application offers an efficient, offline-capable diagnostic tool supporting sustainable and technology-driven agriculture.

3. RESULTS AND DISCUSSION

3.1 Overview of Results

The study followed two major development cycles: (1) model development and evaluation, and (2) mobile integration and deployment. Each iteration corresponded to the methodological phases of planning, requirements analysis, design, implementation, testing, and evaluation. The first cycle focused on developing an efficient convolutional neural network (CNN) for soursop leaf disease classification, while the second focused on embedding the model in a functional mobile application optimized for offline use.

3.2 Model Development and Training

The baseline model employed a custom CNN architecture trained on the SoursopBD dataset (Mustofa et al., 2024), comprising 3,838 labeled images representing six soursop leaf conditions. MobileNetV2 was later adopted due to its balance between efficiency and accuracy on mobile hardware. The final model incorporated a GlobalAveragePooling2D layer followed by three dense layers (1024, 512, and 256 units) with dropout regularization and a six-class softmax output.
Training was conducted using TensorFlow/Keras with GPU acceleration. Data augmentation techniques including rotation, shear, zoom, and brightness adjustments—enhanced robustness against real-world distortions. The model achieved a validation accuracy of 97.06% and a test accuracy of 97.74%, with macro-averaged precision, recall, and F1-scores of 0.98, indicating consistent classification performance across all disease categories.
The confusion matrix showed minimal misclassifications, primarily between Cutting Caterpillar and Die Back, due to visual similarity in symptoms. Field testing using locally collected images confirmed similar performance, demonstrating the model’s resilience under uncontrolled lighting and background conditions.
[bookmark: _Toc28713]Model Summary:
Total Parameters: 32,370,730
Trainable Parameters: 32,370,730
Non-trainable Parameters: 0
Total Model Size (Approx.): 123.48 MB
The limitations of the baseline led to a strategic pivot toward MobileNetV2, consistent with the methodological plan for efficient architecture. MobileNetV2’s depthwise separable convolutions reduced parameter count substantially while maintaining high classification accuracy. The architecture was adapted with a GlobalAveragePooling2D layer and three dense layers (1024, 512, 256 neurons), each regularized with dropout, followed by a softmax output layer for six-class classification. This shift resulted in a model that balanced diagnostic accuracy with mobile feasibility.
Training and validation performance confirmed the effectiveness of this design. As shown in Figure 1, accuracy rose sharply in the first ten epochs, stabilizing near 97% validation accuracy with minimal overfitting. Fluctuations in training accuracy reflected the regularization effects of dropout and batch augmentation, while validation curves remained stable.

[bookmark: _Toc27325]Figure 3
Training and validation accuracy curves over 60 epochs. The model demonstrates rapid convergence with minimal overfitting, stabilizing around 97% validation accuracy.
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The outputs of this phase produced a compact, accurate classification pipeline aligned with methodological expectations: a pivot to MobileNetV2 for efficiency, an augmentation pipeline for robustness, and a validated dataset for training. These elements formed the technical foundation for subsequent implementation.
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Confusion matrix showing the distribution of predicted versus actual class labels for the test set.
[image: confusionmatrix]













The classifier achieved a test accuracy of 97.74%, with macro-averaged precision, recall, and F1-scores all at 0.98, indicating balanced performance across all classes regardless of class frequency. Class-wise evaluation further confirmed this consistency, with the Healthy and Yellowing categories achieving the highest F1 scores at 0.99. As detailed in Figure 2, all classes achieved F1-scores above 0.95, with Yellowing and Healthy leading at 0.9921 and 0.9855, respectively. CuttingWeevil and WhiteFly also demonstrated nearly perfect precision and recall. The slightly lower performance of CuttingCaterpillar (F1 = 0.9552) reflects its confusions with DieBack and Yellowing, as observed in the confusion matrix. These metrics confirm that the model not only performed well in aggregate but also maintained high reliability across individual disease categories.

3.3 Mobile Application Integration
The optimized MobileNetV2 model was converted to TensorFlow Lite format with float16 quantization, reducing the file size from approximately 31 MB to under 9 MB without loss of accuracy. This enabled efficient deployment of low- and mid-tier Android devices. The average inference latency ranged from 560–621 ms per image, ensuring sub-second response times suitable for real-time diagnosis.
The Flutter-based mobile application integrated into the TFLite model for fully offline classification. Users could capture or select a leaf image, receive instant predictions with confidence scores, and operate the app without internet connectivity. The interface design emphasized simplicity, language-free icons, and minimal navigation, ensuring accessibility for smallholder farmers with limited digital literacy.

3.4 Technical Evaluation
Comprehensive testing confirmed that the deployed application met both functional and non-functional requirements. The quantized model preserved its predictive accuracy while remaining stable across extended usage. The application demonstrated reliable memory management, low power consumption, and consistent performance under repeated classification sessions and background operations. No crashes, lags, or overheating incidents were observed during testing.

3.5 Usability and User Acceptance
Structured usability testing was conducted among 21 local farmers and farm workers using a standardized UTAUT2-based questionnaire. Results indicated high acceptance and trust in the application’s performance. Behavioral Intention (M = 4.79), Performance Expectancy (M = 4.76), and Price Value (M = 4.74) received the highest scores, reflecting users’ intention to adopt and recommend the system. Facilitating Conditions (M = 4.55) and Trust in Diagnosis (M = 4.63) were slightly lower, suggesting minor concerns related to technical accessibility and diagnostic confidence. Overall, users found the system easy to operate, beneficial to crop management, and valuable as a free, offline tool.

3.6 Discussion
The experimental outcomes demonstrate that lightweight CNN architectures like MobileNetV2 can achieve high diagnostic accuracy while remaining deployable on mobile devices for agricultural disease detection. The integration of quantization and augmentation strategies ensured model robustness and operational efficiency under real-world conditions.
Minor classification confusions were attributed to biological similarity among certain disease symptoms rather than model deficiencies. The application’s usability results affirm its potential adoption in rural agricultural communities, especially where connectivity and technical resources are limited. These findings confirm that deep learning–driven mobile tools can effectively bridge diagnostic gaps in resource-constrained farming environments.

4. CONCLUSION

This study successfully developed and deployed an intelligent mobile application for detecting diseases in soursop leaves using a lightweight deep learning approach. Through an iterative Software Development Life Cycle (SDLC), the project integrated a MobileNetV2-based convolutional neural network (CNN) into a Flutter-built mobile platform, achieving both technical efficiency and practical usability. The model demonstrated a high classification accuracy of 97.74%, validating its reliability for real-time field use.
Quantization and optimization using TensorFlow Lite enabled offline operation on mid-range Android devices without significant performance degradation. Usability testing among farmers confirmed strong acceptance, emphasizing the system’s accessibility, ease of use, and perceived value in supporting timely disease diagnosis and management. Overall, the study confirms that mobile-based deep learning systems can bridge diagnostic gaps in agriculture, particularly in rural settings with limited connectivity. Future work will focus on expanding the dataset with locally sourced images, integrating multimodal data (such as environmental conditions), and extending the model’s scope to other tropical crops to enhance generalization and practical deployment.
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