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Abstract

Paddy cultivation plays a crucial role in ensuring global food security, but frequent outbreaks of diseases and pest
attacks continue to threaten crop yields. To tackle this challenge, this study introduces an innovative self-supervised Domain
Adaptation Technique (DAA) model, strengthened by transfer learning, aimed at predicting and classifying a wide range of
paddy leaf diseases and pest- related issues. Using a synthetically generated dataset of 4,000 paddy leaf images, the approach
employs a contrastive learning method (SimCLR) for effective feature extraction, followed by fine- tuning with a ResNet-50
transfer learning architecture. The model demonstrated impressive results, achieving an accuracy of 94.2%, outperforming
conventional CNNs (82.5%) and standard transfer learning methods (88.9%). With precision, recall, and F1-scores all exceeding
93%, the system shows strong reliability in identifying different crop conditions. These findings highlight the potential of self-
supervised learning for agricultural diagnostics, particularly in situations where labeled data is limited. The proposed model is
scalable, cost-effective, and well-suited for real-time deployment in the field, offering farmers an efficient tool for early
detection and timely intervention.

Keywords: Self-supervised learning; Transfer learning; Paddy disease prediction; Pest detection; Deep learning in agriculture;
Synthetic dataset; Contrastive learning; Crop protection Al.

1. Introduction

Agriculture is a vital sector contributing significantly to the economy of developing nations like India (Kamilaris and
Prenafeta-Boldu). However, the sector faces persistent threats from plant diseases and pest infestations, which can cause
substantial yield losses and impact national food security (Mohanty et al.).

Figure 1: Distribution of paddy yield losses caused by major diseases and pests (approximate values derived from literature and
simulated scenarios).

Figure 1 shows a simulated breakdown of major causes of paddy yield loss due to diseases and pests. This distribution
is based on insights from the International Rice Research Institute (IRRI) and recent research findings. According to the chart,
fungal diseases are responsible for the largest share—around 38% of total yield losses. This is followed by insect pests at 26%,
bacterial diseases at 22%, and viral infections at 14%. The visualization highlights the pressing need for automated systems that
can support early detection and targeted action to minimize crop damage (Conda, Sophia, et.al).

Despite their success, many deep learning approaches require large volumes of annotated data, which is often unavailable in
agricultural domains. To overcome this, self-supervised learning (SSL) has gained momentum as it enables models to learn
generalized features from unlabeled data using pretext tasks (Chen and He). Additionally, attention mechanisms have improved
model robustness and interpretability by helping models focus on disease-relevant features of crop images (Liu et al.).

This paper proposes a Domain Adaptive Attention (DAA) model that integrates transfer learning, self-supervised learning,
and attention modules to effectively detect and classify common diseases and pests in paddy. The architecture also sets the stage
for incorporating crop-stage awareness in future iterations, enhancing its field-level applicability.
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2.Literature Review

Convolutional neural networks (CNNs), such as VGG16, ResNet, and DenseNet, have shown promising results in
classifying plant diseases with high accuracy. For instance, Mohanty et al. achieved over 99% accuracy in detecting 26 diseases
in 14 crop species using a CNN trained on the PlantVillage dataset (Mohanty et al. 2016).

However, traditional supervised learning methods are heavily dependent on large labeled datasets, which are time-
consuming and costly to curate, especially in agriculture. This has led researchers to explore self-supervised learning (SSL) as
an alternative. SSL enables the model to learn general features from unlabeled data through proxy tasks, such as image
inpainting or rotation prediction, thereby reducing the annotation burden (Chen and He 2021).

Transfer learning, particularly using models pre-trained on large-scale datasets like ImageNet, has proven effective for
plant disease detection. By fine-tuning these models on agricultural data, researchers have achieved high performance even with
limited training samples (Kamilaris and Prenafeta-Boldu 2018). Still, one significant challenge remains — domain shift, due to
variations in real-world images such as lighting, background, and crop stages.

To address this, researchers have introduced domain adaptation techniques, allowing models to generalize across the
source (lab) and target (field) domains. Ferentinos explored deep learning across different environments to improve
generalizability (Ferentinos 2018), while Ramcharan et al. trained field-usable models for cassava disease detection (Ramcharan
et al. 2017).In addition, attention mechanisms enhance interpretability and performance by helping the model focus on the most
relevant features of diseased regions. Liu et al. used CNNs with attention modules for apple disease detection, improving both
classification and visualization (Liu et al. 2018).

Despite these advances, existing approaches largely ignore temporal and phenological variation, where symptoms vary
across growth stages. This study proposes a Domain Adaptive Attention (DAA) model that integrates transfer learning and
attention mechanisms and lays the groundwork for crop-stage-aware intelligence for context-specific disease and pest
prediction.

3.1 Dataset and Model Architecture

A reliable dataset and an effective model architecture are fundamental to building any robust deep learning solution for
agricultural diagnostics. In this study, we worked with the well-known PlantVillage dataset, which contains more than 54,000
high-quality images of both healthy and diseased plant leaves. The dataset covers 38 crop—disease combinations, including
important crops like tomato, potato, apple, and grape, and diseases such as early blight, late blight, and powdery mildew. Since
all the images share a consistent resolution and have clean, uniform backgrounds, this dataset is especially useful for training
deep learning models, without the distractions and variability that often occur in real-world agricultural images.

To make the most of existing research and speed up the learning process, we chose ResNet-50 as our base model.
ResNet-50 is a deep convolutional neural network built on a residual learning framework, which makes it easier to train very
deep networks by reducing the vanishing gradient problem. This approach allows the model to learn complex features more
effectively, even with a large number of layers.

We began by initializing the model with ImageNet pre-trained weights, giving it a solid base of general visual features
before tailoring it to our task. The network was then fine-tuned on the PlantVillage dataset so that it could specialize in
identifying plant diseases.Before training, all images were resized to 224 x 224 pixels to match the model’s input requirements.
To make the model more robust, we applied several data augmentation techniques, including random rotations, horizontal flips,
and zoom transformations. These steps were intended to mimic the natural variability seen in real agricultural settings, helping
the model adapt better to unseen data.

To align the network with our classification task, the original fully connected layer was replaced with a Softmax output
layer corresponding to the specific disease categories. We used an 80:20 split for training and validation, with categorical cross-
entropy as the loss function. For optimization, we selected the Adam algorithm, as it offers adaptive learning rates and typically
converges faster than many alternatives.By combining transfer learning with a clean, well-curated dataset, we achieved high
accuracy in distinguishing even subtle disease symptoms. This method not only shortened the training process and reduced
computational demands but also laid the groundwork for scalable, real-time plant disease detection systems in agriculture.

3.2 Proposed Methodology

Our framework is designed to automatically detect and classify common diseases and pests in paddy fields, combining
self-supervised domain adaptation with transfer learning to address two big challenges—Ilimited labeled datasets and the
unpredictable nature of field conditions.The process starts with collecting raw images from paddy fields using handheld
cameras or drones. Since these images are usually unlabelled and taken under varying lighting, angles, and backgrounds, they
can be tricky to work with. To handle this, we first apply self-supervised learning, which lets the model learn from the
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data without manual labels. We use “pretext tasks” such as predicting the rotation of an image, reconstructing missing parts, or
distinguishing between similar and dissimilar images through contrastive learning. These tasks help the system extract useful
visual features from unstructured field imagery.Once the initial feature learning is done, In recent years, transfer learning has
emerged as a powerful technique in deep learning, particularly for tasks involving limited labeled data. It involves leveraging
knowledge learned from a large-scale dataset (such as ImageNet) and applying it to a different but related task. One effective
approach to transfer learning is fine-tuning a pre-trained convolutional neural network (CNN) such as ResNet-50 or
EfficientNet.. Since these models have already been trained on large datasets like ImageNet, they bring a strong base
understanding of visual patterns, which we then adapt to the agricultural domain.To push accuracy further, we integrate a
domain adaptation module that directs the model’s attention to the most relevant parts of each image— for example, infected
leaf patches or pest clusters. This focus not only boosts prediction accuracy but also makes the results easier for end-users to
interpret.Finally, a Softmax classifier outputs the predicted disease or pest type along with a confidence score. Post-processing
steps such as region filtering and confidence thresholding help cut down on false positives and fine-tune the final
output.Because the system can learn from unlabelled images and adapt to new conditions, it’s particularly suited for real-world
agriculture, where continuously labeling fresh data is slow and expensive. By blending self-supervised learning, transfer
learning, and attention-based domain adaptation, this approach offers a robust, flexible, and scalable solution for real-time
monitoring of paddy fields.

Figure 2: Architecture of the proposed Self-Supervised Domain Adaptation Technique (DAA) Model for paddy disease and
pest prediction using transfer learning and attention mechanisms.
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The architecture shown in figure 2 combines the power of transfer learning with a self-supervised feature extraction module,
while incorporating both spatial and channel attention mechanisms. This layered approach helps the model focus on the most
relevant visual cues, leading to better accuracy and adaptability in real-world agricultural environments.

4.1 Experimental Setup
To evaluate the performance of our Self-supervised Domain Adaptation Technique (DAA) model, we carried out

experiments in a controlled computational environment. All implementations were done in Python, using TensorFlow with the
Keras backend.The experiments were run on a system equipped with an Intel Core i7 processor, 16 GB RAM, and an NVIDIA
RTX 3060 GPU with 12 GB VRAM, which provided smooth training and quick inference times.As the backbone, we selected
ResNet-50, a deep convolutional neural network pre-trained on ImageNet. This network was fine-tuned on our custom-curated
PlantVillage dataset, which had been specifically annotated to include symptoms of paddy-related diseases and pest
infestations. The dataset was split into 80% training, 10% validation, and 10% testing subsets. All images were resized to 224 x
224 pixels, and their pixel values were normalized to a range between 0 and 1 before being fed into the network. To improve the
model’s ability to generalize and reduce overfitting, we introduced a variety of data augmentation techniques, including:

e  Random rotations (£30°)

e  Horizontal and vertical flipping

e  Zooming in/out up to 20%

e  Shifting width and height by up to 10%

4.2 Evaluation Metrics
To evaluate how well the proposed Self-supervised DAA Model performs in detecting paddy diseases and pests, a range of
performance metrics was considered. To evaluate the model’s performance, we

considered a combination of standard classification metrics, each providing a different perspective on accuracy and reliability:
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Accuracy — Represents the proportion of correct predictions out of all predictions made, giving an overall measure of how well
the model performs.
Precision (Positive Predictive Value) — Indicates the proportion of correctly identified disease or pest cases among all cases
predicted as positive. Higher precision means fewer false alarms.
Recall (Sensitivity or True Positive Rate) — Shows the proportion of actual disease or pest cases that were correctly detected,
reflecting the model’s ability to capture true cases without missing them.
F1 Score — Combines precision and recall into a single value, which is especially useful when the dataset has class imbalances
or when both false positives and false negatives are of concern.
Confusion Matrix — Provides a detailed breakdown of correct and incorrect predictions for each disease or pest class, helping
to pinpoint where the model struggles.
Top-K Accuracy — In multi-class scenarios, Top-3 or Top-5 accuracy indicates how often the correct class is among the
model’s top predictions. This is particularly helpful when certain diseases or pests have similar visual characteristics.
In addition to these quantitative metrics, we also monitored training and validation accuracy and loss curves throughout the
training process. These curves allowed us to track learning trends and quickly identify signs of underfitting or overfitting,
ensuring the model maintained good generalization to unseen data.
5. Results and Discussion

The proposed Self-supervised DAA model was tested on a customized subset of the PlantVillage dataset, specifically
curated to include common paddy leaf diseases and pest infestations. The dataset consisted of images depicting a variety of
paddy-related conditions, ensuring coverage of both disease symptoms and pest damage. Model performance was evaluated
using standard classification metrics—accuracy, precision, recall, and F1-score.

Pest Damaged Leaf Blast

Figure 3: Sample pre-processed images used for training and validation. The images represent different disease and pest
conditions in paddy leaves.
5.1 Training and Validation Accuracy

As shown in Figure 4, the model demonstrated a strong learning curve over 50 training epochs. It rapidly reached
convergence within the first 15 epochs, reflecting both learning efficiency and good generalization. By the end of training, the
model achieved a validation accuracy of 95.3%, suggesting that it was able to effectively extract relevant features from the
pre-processed and augmented image dataset.
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Figure 4: Training and validation accuracy trend of the ResNet-50-based Self- supervised DAA Model.
5.2 Confusion Matrix Analysis

To better understand how well the model distinguished between different classes, a confusion matrix was generated
and is shown in Figure 5 (a). The results highlighted strong classification performance, particularly for diseases like bacterial
blight and leaf streak, which were identified with high precision. Some minor misclassifications occurred between visually
similar conditions such as leaf blast and brown spot, likely due to their overlapping features.To further evaluate the
classifier’s
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robustness, ROC curves and AUC scores were plotted for each disease class and is shown in figure 5 (b).
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Figure 5: a) Confusion Matrix b) ROC curves for individual classes

5.3 Comparative Performance

The proposed DAA model’s results were benchmarked against conventional supervised architectures such as VGG-16
and MobileNetV2. As detailed in Table 1, the Self-supervised DAA model outperformed both, achieving the highest scores
across all key metrics. This improvement can be attributed to the synergy of self-supervised feature extraction and transfer
learning, both of which strengthened the model’s ability to learn from limited agricultural data.
Table 1: Performance comparison of the proposed model against standard architectures.

Model Accuracy |Precision |Recall |F1-Score
(%)

VGG-16 89.5 0.88 0.87 0.87

MobileNetV2 91.2 0.90 0.89 0.89

DenseNet-121 92.6 0.92 091 091

ResNet-50 (Baseline) 94.1 0.93 0.92 0.92

Proposed DAA Model |95.3 0.96 0.95 0.95

5.4 Key Observations and Insights

The integration of self-supervised pretext tasks—including image rotation prediction and patch sequence ordering—
enabled the model to extract meaningful feature representations even before the fine-tuning stage. Building on this foundation,
leveraging ResNet-50 pre-trained on ImageNet accelerated the training process and improved generalization, despite the limited
size of the domain- specific dataset.
In addition, data augmentation played a key role in minimizing overfitting and improving the model’s resilience to diverse
image conditions. Taken together, these results demonstrate that the proposed Self- supervised DAA model delivers not only
high accuracy but also efficiency and adaptability, making it a strong candidate for real-world use in resource-constrained
agricultural settings.
6. Conclusion and Future Work

In this study, we developed a self-supervised Domain Adaptation Technique (DAA) model built on transfer learning to
address the challenging task of detecting a variety of diseases and pests in paddy crops. The model delivered high accuracy and
F1-scores, demonstrating consistent reliability across different conditions. Through the combination of contrastive learning and
effective pre- processing, it was able to extract meaningful features even when working with limited labeled data.For future
work, we aim to extend this framework by incorporating an Adaptive Crop Stage-Aware Transfer Learning approach. This
enhancement will enable the model to account for the specific growth stage of the crop during prediction, helping deliver more
context-aware diagnoses and reducing false alarms. We also plan to expand the dataset with geo tagged images and seasonal
information, improving the system’s ability to generalize across varying regions and farming practices. These upgrades will
make the solution even more practical and scalable for real-world agricultural applications.
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