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Coconut Maturity Classification with Hybrid EfficientNetB0 and DenseNet121 Models and Timeline Prediction Using MobileNetV2 Regression

abstract 
	Coconut maturity estimation is critical in agriculture, as harvesting directly affects product quality, oil yield, and Coconut maturity estimation is critical in agriculture, as harvesting directly affects product quality, oil yield, and economic returns. Traditional methods, such as tapping or visual inspection, are subjective and inconsistent. This research develops a framework that enables classification of coconut maturity stages and prediction of harvest timelines. The framework integrates a hybrid convolutional neural network (EfficientNetB0 + DenseNet121) for classification with a MobileNetV2-based regression model for predicting harvest time in immature coconuts. Images were collected, preprocessed, and augmented to balance classes. The models were trained and validated using accuracy, F1-score, mean absolute error, and root mean square error. A Gradio-based web application was developed to enable real-time image upload, classification, and timeline estimation. The hybrid classifier achieved over 99% accuracy, outperforming single-model baselines, while the regression model recorded an MAE of 36 days and an RMSE of 27 days, confirming reliable predictions. The web interface demonstrates the practical usability. The dataset was limited in size and scope, which may affect generalizability. Expanding to diverse environments and incorporating multimodal data could enhance robustness. The system provides a decision-support tool to optimize harvesting, thereby improving yield and profitability. This solution enhances product quality, reduces economic losses, and minimizes consumer dissatisfaction. This study introduces the first dual-stage coconut framework that combines classification and predictive modeling into a practical, scalable system deployable on mobile and edge devices.
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1. INTRODUCTION 

Coconut maturity classification and harvest timeline prediction play a critical role in agricultural sector, where farmers, processors, and traders rely on accurate assessments to ensure optimal yield quality and profitability. Premature harvesting reduces kernel yield, lowers oil quality, and leads to customer dissatisfaction, while delayed harvesting can cause over-mature nuts and wastage. Farmers typically employ techniques such as tapping the coconut or making visual judgments based on external appearance. These practices in coconut maturity assessment rely heavily on traditional knowledge and highly subjective, vary across regions, and are prone to error, resulting in economic loss and reduced market consistency.
Recent advancements in artificial intelligence (AI) and deep learning have transformed agricultural decision-making in crops such as mangoes and bananas. Convolutional neural networks (CNNs) like EfficientNet and DenseNet havedemonstrated strong performance in image classification tasks, while lightweight architectures such as MobileNetV2 enable efficient, low-computation deployment on mobile and edge devices. However, existing coconut maturity assessment solutions are limited to static classification and do not incorporate predictive harvest timelines, which are essential for scheduling labor, transportation, and market supply. Moreover, the lack of mobile-ready, field-deployable AI tools restricts adoption among resource-constrained farmers.
To address these limitations, this study introduces a dual-stage deep learning framework that integrates a hybrid CNN model (EfficientNetB0 + DenseNet121) for maturity classification with a MobileNetV2-based regression model to predict the number of days or weeks until immature coconuts reach optimal harvest readiness. The system is designed for mobile and edge deployment, enabling real-time, field-level decision-making and improving harvesting efficiency.
This research aims to address the following objectives:
1. To develop a hybrid convolutional neural network (EfficientNetB0 + DenseNet121) for accurate classification of Dry, Matured, and Immature coconuts from on-tree images.
2. To design and train a MobileNetV2-based regression model for predicting harvest timelines for immature coconuts.
3. To evaluate the performance and practicality of lightweight deep learning models for mobile and edge deployment in farming environments.
4. To implement a user-friendly, mobile-ready application that enables farmers to make data-driven harvesting decisions in resource-constrained conditions.
This research holds both academic and practical significance. From an academic perspective, it introduces a hybrid CNN model optimized for coconut maturity classification and demonstrates a novel use of MobileNetV2 for predicting harvest timelines in agriculture. From a practical standpoint, the proposed system offers farmers an intelligent tool to make informed harvesting decisions, reducing post-harvest losses and improving kernel quality and oil yield. Its design for mobile and edge deployment ensures accessibility for low-resource users, promoting consistent, scalable, and more profitable coconut farming practices.

2. Literature Review

2.1 Introduction

Artificial intelligence (AI) has reshaped modern agriculture by enabling automated solutions for crop monitoring, disease detection, and harvest management. For example, Lv and colleagues demonstrated how deep learning can track apple tree growth and fruit production through computer vision, showing the potential of AI to support continuous phenological monitoring [1]. In cashew apple farming, Winklmair et al. developed a deep learning model that classified maturity levels with high accuracy, proving the applicability of CNNs to postharvest systems [2]. Similarly, Zhu and co-authors introduced a lightweight olive ripeness detection algorithm using an improved YOLOv11n, highlighting the scalability of edge-suitable models [3].
Despite these advances, coconuts remain underserved by AI-driven maturity solutions. Traditional practices such as tapping, visual inspection, and calendar-based scheduling remain the norm, but studies such as Caladcad and Piedad’s work on acoustic deep learning models have shown how these methods are often unreliable in noisy environments [4]. Fuzzy neural network approaches, such as those discussed by Sattar, further emphasize the challenges of modeling maturity with limited robustness [5]. Although IoT- and machine-learning-based ripeness detection platforms are emerging in other fruits, such as bananas [6], no comprehensive coconut framework currently integrates both classification and predictive modeling.
Researchers in related crops have begun addressing predictive challenges. Liu and colleagues, for example, combined strawberry monitoring with weather data to forecast weekly yields, confirming that hybrid time-series approaches can improve planning accuracy [7]. Similarly, Lin and co-authors applied multi-feature fusion deep learning to predict strawberry harvest dates, showing the strength of data-rich forecasting models [8]. In apple production, the release of large-scale datasets such as AppleGrowthVision has enabled robust classification and prediction pipelines [9]. However, equivalent resources do not yet exist for coconuts. 
This gap underscores the need for hybrid frameworks that combine visual classification with temporal forecasting. Approaches such as PhenoFormer, introduced by Garnot and collaborators, demonstrate how transformer models can outperform process-based phenology predictors [10]. Meanwhile, the DeepPhenology system developed by Wang and colleagues illustrates how CNNs can estimate apple flower distributions from imagery [11]. Drawing on these lessons, coconuts present an opportunity to transition from static maturity detection toward predictive, hybrid AI solutions.[7]

2.2 Coconut Maturity Classification

The task of determining coconut maturity is vital for ensuring kernel texture, oil content, and water quality. Traditional reliance on tapping and visual cues has proven subjective, as emphasized by Parvathi and Selvi, who noted the inconsistency of human-based husk color assessment [12]. Studies that formalized tapping into AI methods, such as the acoustic deep learning system developed under the DOST-funded ERDT program, showed that sound-based classification can differentiate maturity stages [5]. Sattar’s subsequent work extended this by applying deep learning to acoustic features, confirming both feasibility and limitations in real-world noise conditions [5].
Computer vision has become the dominant direction. Parvathi and Selvi designed a Faster R-CNN model that classified coconuts in complex outdoor backgrounds with strong accuracy [12]. Mandava and colleagues further advanced this by applying deep learning algorithms across large datasets, highlighting the adaptability of CNNs to different maturity stages [13]. Usman focused on local coconut varieties and demonstrated that classification accuracy improved significantly through augmentation strategies [14]. Specialized work, such as that of Kallapur et al., applied machine learning and image processing to identify aromatic coconuts, proving the applicability of AI to niche coconut products [15].
Beyond experimental studies, practical systems are beginning to appear. Cabaluna and colleagues created a computer-vision platform that linked maturity detection with dashboard visualization for farmers, enabling accessible monitoring in real time [16]. A related system, COCO-Detect, applied image processing for automatic classification in large-scale settings [17]. Divyanth and co-authors expanded the focus to harvesting by developing an attention-guided Faster R-CNN that detected coconut clusters even under occlusion, designed for robotic integration [18].
These advances show that coconuts can be classified effectively through AI, but current methods remain focused on static stage labeling immature, mature, or overmature without extending into predictive harvest readiness.

2.3 Fruit Ripeness Classification Using Deep Learning

Broader research on other fruits demonstrates transferable lessons for coconuts. Winklmair et al. successfully classified cashew apples using CNNs, providing a strong example of maturity modeling [2]. In mangoes, Salazar-Campos and colleagues automated grading in accordance with Peruvian postharvest standards, validating the industrial relevance of CNN-based systems [19]. Tomato research is particularly extensive; Alam and co-authors used Keras-based models to detect ripe fruit in greenhouse environments [20], while Astani and colleagues tested EfficientNet for tomato classification in field conditions, reporting high accuracy [21].
Banana classification has drawn significant attention. Baglat and collaborators reviewed shallow and deep learning systems for ripeness detection, confirming their reliability across datasets [22]. Alam and co-authors constructed a ripening dataset to distinguish between carbide-treated and naturally ripened bananas, thereby improving classification robustness [23]. Chuquimarca’s work on MobileNetV2 combined real and synthetic datasets, proving the strength of lightweight architectures for ripeness classification [24].
DenseNet has also shown versatility. Oil palm ripeness classification with DenseNet, as presented in conference research, delivered strong performance in plantation environments [25]. You and colleagues went further by combining DenseNet with olfactory sensors, producing an olfactory-visual hybrid for fruit ripeness prediction [26]. Enhancements to DenseNet such as attention modules were tested by Hassan and collaborators for date fruit grading, achieving more robust accuracy [27].
Recent advances highlight novel architectures. Wu and co-authors introduced RT-DETR for fruit ripeness detection, improving robustness under dynamic field conditions [28]. You and colleagues applied dynamic detection heads to papaya ripeness, achieving greater localization precision [29]. Ripeness detection has also been pursued in strawberries, where Mi and Yan tested CNN models for classification [30], while Giménez-Gallego applied on-tree automatic tracking to monitor fruit and predict harvest [31].
Although these systems confirm that AI can accurately classify ripeness across multiple crops, most efforts remain limited to static predictions. Models such as EfficientNet [32], DenseNet [33], and MobileNetV2 [34] are proven architectures, but they have yet to be systematically extended into forecasting frameworks.

2.4 Predictive Modeling and Timeline Estimation 

Broader research on other fruits demonstrates transferable lessons for coconuts. Winklmair et al. successfully classified cashew apples using CNNs, providing a strong example of maturity modeling [2]. In mangoes, Salazar-Campos and colleagues automated grading in accordance with Peruvian postharvest standards, validating the industrial relevance of CNN-based systems [19]. Tomato research is particularly extensive; Alam and co-authors used Keras-based models to detect ripe fruit in greenhouse environments [20], while Astani and colleagues tested EfficientNet for tomato classification in field conditions, reporting high accuracy [21].
Banana classification has drawn significant attention. Baglat and collaborators reviewed shallow and deep learning systems for ripeness detection, confirming their reliability across datasets [35]. Alam and co-authors constructed a ripening dataset to distinguish between carbide-treated and naturally ripened bananas, thereby improving classification robustness [23]. Chuquimarca’s work on MobileNetV2 combined real and synthetic datasets, proving the strength of lightweight architectures for ripeness classification [24].
DenseNet has also shown versatility. Oil palm ripeness classification with DenseNet, as presented in conference research, delivered strong performance in plantation environments [25]. You and colleagues went further by combining DenseNet with olfactory sensors, producing an olfactory-visual hybrid for fruit ripeness prediction [26]. Enhancements to DenseNet such as attention modules were tested by Hassan and collaborators for date fruit grading, achieving more robust accuracy [27].
Recent advances highlight novel architectures. Wu and co-authors introduced RT-DETR for fruit ripeness detection, improving robustness under dynamic field conditions [28]. You and colleagues applied dynamic detection heads to papaya ripeness, achieving greater localization precision [30]. Ripeness detection has also been pursued in strawberries, where Mi and Yan tested CNN models for classification [29], while Giménez-Gallego applied on-tree automatic tracking to monitor fruit and predict harvest [31].
Although these systems confirm that AI can accurately classify ripeness across multiple crops, most efforts remain limited to static predictions. Models such as EfficientNet [32], DenseNet [12], and MobileNetV2 [34] are proven architectures, but they have yet to be systematically extended into forecasting frameworks.

2.4 Research Gaps and Proposed Contributions

Although coconut maturity classification has advanced through acoustic [4], vision-based [12], and practical system prototypes [17] predictive frameworks remain undeveloped. By comparison, tomato, strawberry , and apple research has successfully integrated classification and forecasting. Moreover, mobile deployment has been explored through lightweight architectures like MobileNetV2 and EfficientNet yet coconut-focused models have not been adapted for edge computing or field usability.

Table 1. Summary of Research Gaps in Coconut Maturity and Timeline Prediction

	Study
	Classification
	Timeline Prediction
	Mobile/Edge Deployment
	Usability Testing

	Caladcad & Piedad (2024) [4]
	Yes
	No
	No
	No

	Sattar (2024) [5]
	Yes
	No
	No
	No

	Divyanth et al. (2022) [18]
	Yes
	No
	Partial (robotic focus)
	No

	Okabe et al. (2025) [36]
	Yes
	Yes
	Partial
	No

	Proposed Research
	Yes
	Yes
	Yes
	Yes



The reviewed studies confirm the effectiveness of deep learning in both classification and predictive tasks across multiple crops. Coconut research has made progress in acoustic and image-based classification, yet no framework integrates these methods with timeline prediction. Advances in fruit ripeness classification demonstrate the adaptability of EfficientNet, DenseNet, and MobileNetV2 to agricultural tasks, while hybrid CNN-LSTM and ARIMA-LSTM models show promise for time-series harvest forecasting.
However, a notable gap remains in applying such hybrid approaches to coconuts, where maturity prediction is vital for optimizing labor, reducing waste, and enhancing value chains. Nondestructive sensing methods further extend the possibilities but are often impractical for resource-constrained farms.
This gap justifies the proposed research: a hybrid framework that combines visual and acoustic classification with regression-based timeline prediction, designed for real-time, low-cost deployment in coconut farming systems.


3. METHODOLOGY

3.1 Model Selection and Benchmarking

A set of candidate deep learning architectures was selected for preliminary benchmarking. For the classification task, five models were evaluated: MobileNetV2, EfficientNetB0, DenseNet121, Xception, and a baseline CNN. For regression, the candidate models included MobileNetV2, Xception, ResNet50, EfficientNetB0, DenseNet121, and a baseline CNN.
Each model was trained on a subset of the dataset and evaluated using standard metrics. Classification models were assessed using accuracy, precision, recall, and F1-score, while regression models were evaluated using Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE). Based on this evaluation, the most suitable models were selected: a hybrid classification model combining EfficientNetB0 and DenseNet121 using a soft voting ensemble, and a regression model based on MobileNetV2 with added dense layers and dropout regularization.

3.2 Data Acquisition and Annotation

Original images of coconuts were collected from plantations, ensuring natural environmental diversity. Expert collaboration was employed to label maturity stages based on field knowledge using visual indicators such as husk color, surface texture, and estimated time-to-maturity. The Immature class was further divided into subcategories (e.g., “1 week”, “2 months”, “9 months”) to facilitate accurate timeline regression.

3.3 Preprocessing and Augmentation

Images were uniformly resized to 224×224 pixels and normalized to a [0,1] scale. Labels for classification were one-hot encoded. To address class imbalance and improve model generalizability, extensive data augmentation was applied. For classification, dry and mature classes were augmented to 2250 images each using techniques such as flipping, rotation, zooming, brightness adjustment, and contrast manipulation. For the regression task, each timeline subfolder was augmented to contain 150 images.
An 80:20 training-to-testing split was applied, using stratified sampling to preserve class and timeline distributions across both sets.




3.4 Model Architecture and Training

The classification model was implemented as a soft voting ensemble combining EfficientNetB0 and DenseNet121. Each base model produced probability distributions over the three maturity classes, and the final prediction was derived by averaging these probabilities.
The regression model utilized MobileNetV2 as the base architecture, followed by dense layers and dropout for regularization. This model was trained to predict a continuous value corresponding to the estimated time to maturity.
Both models were trained using the Adam optimizer. The classification model used categorical cross-entropy loss, while the regression model used MAE as the loss function. Early stopping and model checkpointing were employed to prevent overfitting, with training capped at 100 epochs.

3.5 Model Evaluation and Validation

Evaluation of the classification model was conducted on the test set using accuracy, precision, recall, F1-score, and confusion matrices. The regression model was evaluated based on final MAE and RMSE scores.
To ensure the robustness of both models, 5-fold cross-validation was conducted. This allowed for assessment of performance variability and overfitting tendencies. Validation loss and performance metrics were monitored throughout training across all folds.

3.6 Hybrid Inference Pipeline

A sequential hybrid pipeline was implemented for practical deployment. An input image is first passed through the classification model. If the output label is "immature", the image is then forwarded to the regression model, which predicts the estimated number of days or weeks remaining until harvest. If the classification result is either "mature" or "dry", only the predicted class is displayed. The inference flow is illustrated in Figure 1.

3.7 System Deployment and Application

A lightweight web application was developed using the Gradio framework in Python. The interface allows users to upload an image, view the predicted maturity class, and, if applicable, receive a harvest timeline estimation. The backend logic was implemented using a modular app.py structure and custom styling through CSS.
Initial deployment was conducted locally via http://127.0.0.1:7860/. The application integrates TensorFlow, NumPy, and PIL for image handling and model inference. The system is designed with flexibility for future deployment on platforms such as AWS, Heroku, or as a standalone desktop application.
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Figure 1: Workflow of the hybrid prediction pipeline. The input image is processed by the classification model. If the predicted class is "immature", the regression model estimates the remaining time to maturity. Otherwise, only the classification result is returned.
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4.1 Introduction

This section presents a detailed account of the experimental results and performance evaluation of the proposed coconut maturity classification and timeline prediction models. The dual-model architecture was designed to (1) classify on-tree coconuts into Dry, Matured, or Immature stages based on image inputs, and (2) estimate the time remaining for immature coconuts to reach full maturity. Performance is evaluated using both quantitative metrics (accuracy, precision, recall, F1-score, MAE, RMSE) and qualitative demonstrations via a web application interface developed for practical deployment.


4.2 Overall System Performance

 The system operates in two sequential stages
1. Maturity Classification - Predicts the maturity stage from the uploaded coconut image.
2. Timeline Estimation - If the predicted class is Immature, the regression model estimates the time remaining until full maturity.


4.3 Model Comparison Results

1. Classification Models

Multiple CNN models were evaluated. The hybrid approach combining EfficientNetB0 and DenseNet121 outperformed others, achieving 99% validation accuracy with strong generalization and minimal overfitting.

Table 2: Classification Model Comparison Results
	Model
	Training Accuracy
	Validation Accuracy
	Remarks

	MobileNetV2
	~99.1%
	~95%
	Lightweight; fast convergence; slight overfitting observed.

	EfficientNetB0
	~99.7%
	96.3%
	High accuracy; minor overfitting noted; strong feature extraction.

	DenseNet121
	~98.4%
	~95.3%
	Stable learning; balanced performance

	Xception
	~98.4%
	~94%
	Moderate overfitting; lower validation accuracy; less preferred.

	ResNet50
	~53%
	~63%
	Poor performance; clear underfitting; unsuitable for this dataset.

	Hybrid (EfficientNetB0 + DenseNet121)
	~99.5%
	99%
	Best overall performance; minimal overfitting; excellent generalization and stability.



  2. Regression Models (Timeline Prediction)

For estimating time until maturity, three models were compared using validation MAE. MobileNetV2 delivered the lowest error, making it ideal for deployment.

Table 3: Regression (Timeline Prediction) Models Comparison Results
	Model
	Final Validation MAE (Days)
	Final Validation RMSE (Days)
	Remarks

	MobileNetV2
	36
	27.01
	Best generalization; reliable prediction

	DenseNet121
	70
	72
	High error; unsuitable

	EfficientNetB0
	71
	74
	Underperformed in regression



4.4. Training and Validation Results

1. Classification Model

The final classification model achieved a validation accuracy of 99%, with an overall F1-score of 0.99 across all classes. The confusion matrix indicated only minimal misclassifications, reflecting the model’s strong ability to generalize. As shown in Table X, the model achieved near-perfect performance, with precision, recall, and F1-scores of 0.99 or above for all three classes (dry, immature, and matured). These results confirm the robustness and reliability of the hybrid EfficientNetB0–DenseNet121 ensemble in coconut maturity classification.
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Figure 2: Confusion matrix of the hybrid EfficientNetB0–DenseNet121 model. The diagonal cells represent correctly classified samples for each class (dry, immature, matured), while the off-diagonal cells indicate misclassified instances.

[image: ]

Figure 3: Classification report of the hybrid EfficientNetB0–DenseNet121 model. The model achieved consistently high performance across all classes, with precision, recall, and F1-scores of 0.99 or higher. Overall accuracy on the test dataset was 99%, confirming the robustness of the classification system


2. Regression Model

The regression model based on MobileNetV2 demonstrated stable convergence, with training completing at epoch 99 due to early stopping. The model achieved a validation MAE of 36 days and a validation RMSE of 27.01 days, indicating reliable performance in predicting the time to maturity. The training and validation curves (Figures X and Y) show smooth downward trends, with minimal divergence, confirming that the model generalized well without significant overfitting.
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Figure 4: Training and validation Mean Absolute Error (MAE) curves for the regression model.
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Figure 5: Training and validation loss curves for the regression model.

4.5. Web Application Output Demonstration

A real-time web application was developed using the Gradio framework to demonstrate the practical deployment of the proposed models. The interface allows users to upload coconut images and instantly obtain the predicted maturity stage along with the associated confidence score. For coconuts classified as immature, the system additionally provides a timeline prediction indicating the estimated number of days to maturity, thereby offering both classification and regression outputs in a single integrated platform.
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Figure 6: Application Interface Screenshot/Prediction Output — Immature Coconut/ Timeline Estimate — “5 months, 4 weeks, 1 day”

4.6 Performance Evaluation and Cross-Validation

To further validate the reliability of the proposed models, a 5-fold cross-validation strategy was employed for both classification and regression tasks. This approach ensured that the performance was not biased toward a specific train–test split and allowed for a more robust estimation of the models’ generalization ability. The classification model consistently achieved high validation accuracy across all folds, as summarized in Table 3.

Table 4: Cross-Validation Accuracy – Classification
	Fold
	Validation Accuracy (%)

	1
	98.8

	2
	99.0

	3
	99.1

	4
	98.9

	5
	99.0

	Average
	99.0













For the regression task, cross-validation results demonstrated stable prediction performance with only slight variations in the validation MAE across folds. The average MAE was approximately 36.2 days, confirming the model’s robustness in estimating time to maturity. Detailed results for each fold are presented in Table 4.

Table 5: Cross-Validation MAE – Regression
	Model
	Final Validation MAE (Days)

	1
	37.1

	2
	35.6

	3
	36.4

	4
	36.1

	5
	35.9

	Average
	36.2













4.7. Alignment with Research Objectives

The results of this study are well aligned with the stated research objectives. The hybrid EfficientNetB0–DenseNet121 model successfully achieved 99% classification accuracy, addressing the primary goal of maturity stage identification. For immature coconuts, the regression model based on MobileNetV2 achieved a Mean Absolute Error of 36 days, enabling reliable time-to-maturity estimation. Together, these models provide a dual-output framework that supports more informed and optimized harvesting decisions. Furthermore, the deployment of a real-time Gradio-based web application ensures that the system is practical, user-friendly, and accessible to non-technical agricultural users, thereby meeting the final objective of translating research into an applied decision-support tool.

Table 6: Alignment of research objectives with the corresponding achieved outcomes, demonstrating both technical performance and practical applicability of the proposed system.
	Objective
	Achieved Result

	Develop a maturity classification model
	Achieved 99% accuracy with hybrid CNN (EffNetB0 + DenseNet121)

	Predict time-to-maturity for immature coconuts
	Achieved MAE of 36 days using MobileNetV2

	Optimize harvesting decision-making
	Provided dual output for maturity + timeline estimation

	Build a practical and user-friendly system
	Real-time Gradio app deployed for non-technical agricultural users





5. Conclusion

This research introduced a dual-stage deep learning framework for coconut maturity classification and harvest timeline prediction, integrating a hybrid EfficientNetB0–DenseNet121 classifier with a MobileNetV2 regression model. The system achieved 99% accuracy in maturity stage classification and a mean absolute error of 36 days for time-to-maturity estimation, demonstrating both technical reliability and practical usability. By enabling farmers to make data-driven harvesting decisions, the framework reduces human error, optimizes yield, and supports scalable agricultural practices. The Gradio-based interface highlights the applicability of AI-powered solutions in real-world, resource-constrained farming environments.

Future work will focus on expanding the dataset to cover diverse environments, incorporating multimodal variables such as weather and soil data, and improving robustness against occlusions and low-quality images. In addition, efforts will be directed toward optimizing the models for low-power edge devices, deploying the system on cloud and mobile platforms, and extending its applicability to other crops with similar maturity patterns. These advancements will enhance scalability, accessibility, and long-term impact in precision agriculture.
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