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Abstract

Significant economic losses may happen as a result of the challenges faced by the agriculture industry in
tracking down and managing crop diseases. A number of diseases, including leaf spot, powdery mildew, and
bacterial wilt, can severely damage chilli crops (Capsicum annuum). It is proposed in this research that a
deep learning-based technique that makes utilization of Conv2D and UNet models may be deployed for the
automatic identification and segmentation of conditions that affect chilly foliage. Our analysis compares the
efficacy of these models to that of other cutting-edge deep learning architectures, such as ResNet, VGG, and
EfficientNet. It has been demonstrated via the findings that the Conv2D and UNet models that have been
suggested attain improved accuracy, efficiency, and segmentation capabilities. As a consequence, these
models are perfect for revolutionizing the detection of agricultural diseases.
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l.Introduction

Major agricultural crops with a global impact, chilies are frequently produced with limited yield and quality
due to conditions. Conventional diagnosis and treatment approaches are complicated, expensive, and
susceptible to human mistake. Recent breakthroughs in deep learning have facilitated the creation of
automated systems for the diagnosis of plant diseases. This work advocates the application of Conv2D and
UNet models for the identification of chilli leaf diseases and assesses their performance against other deep
learning architectures to determine their efficacy.Chilies are an essential agricultural commodity globally;
nevertheless, their cultivation often faces challenges from illnesses that can significantly affect productivity
and crop quality. Conventional approaches to detecting and treating these illnesses are frequently laborious,
costly, and prone to human error, resulting in delays in intervention and possible crop losses. Recent
breakthroughs in deep learning have facilitated the development of automated systems that can effectively
and efficiently identify plant diseases to solve these difficulties.

This study concentrates on utilizing deep learning methodologies to detect illnesses in chili leaves. The study
specifically advocates for the use of two sophisticated models: Conv2D, a convolutional neural network
(CNN) architecture extensively utilized for image classification, and UNet, a specialized model recognized for
its efficacy in picture segmentation. These algorithms are developed and evaluated using datasets of chili
leaf pictures to identify and categorize illnesses. The Conv2D and UNet models are evaluated against other
leading deep learning architectures to determine their accuracy, efficiency, and resilience in illness
diagnosis. The study seeks to illustrate the capability of these models in delivering a cost-efficient, scalable,
and dependable solution for the early identification of diseases in chilli crops, hence assisting farmers in
enhancing output and minimizing losses.

Illustrative Instruments and Applications:
TensorFlow/Keras: For constructing and training deep learning architectures such as Conv2D and UNet.

PyTorch: A viable deep learning framework for the implementation and experimentation of neural networks.
OpenCV: Utilized for image preprocessing and augmentation activities.
Scikit-learn: For assessing model efficacy using measures like as accuracy, precision, and recall.

Google Colab/Jupyter Notebook: Utilized for developing and conducting experiments inside an interactive
setting.

LabelMe: For the annotation and preparation of datasets for training purposes.
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Matplotlib/Seaborn: Utilized for the visualization of findings, including

2. Related Work

Recently, deep learning has become an invaluable resource for researchers in the agricultural sector,
especially when it comes to the detection of crop diseases. A number of studies have shown that it has
promise in this area. Using convolutional neural networks (CNNSs), [1] successfully distinguished between
healthy and unhealthy plants in tomato and potato leaves for disease classification. To further demonstrate
the adaptability of these methods in agricultural contexts, [3] used deep learning models to identify illnesses
in a range of crops. However, most previous studies have neglected segmentation, which entails accurately
pinpointing the afflicted regions within an image, in favor of classification, which entails determining if a plant
is sick or not. If we want to know how far the disease has traveled and how to treat it specifically, we need
accurate localization.

To fill this need, we developed a dual-model strategy for chilli plant disease detection that integrates
classification and segmentation. More specifically, we use a Conv2D-based classification model to detect
sick chilli leaves and a UNet-based segmentation model to accurately isolate diseased areas in the pictures
of the leaves. This synergy enables comprehensive geographical investigation of afflicted regions in addition
to high-level iliness detection.

Images of chilli leaves are used to train the Conv2D model, a CNN variant, to distinguish between healthy,
sick, and particular disease kinds. By using hierarchical characteristics extracted from the photos, our model
can differentiate between illnesses that cause minor changes in the look of leaves. In contrast, pixel-wise
masks that emphasize the specific diseased areas of the leaf are generated by the UNet model, a
specialized architecture for picture segmentation. When it comes to activities that demand exact localization,
UNet shines because to its encoder-decoder structure and skip connections.

Our method not only detects diseases but also gives precise information about their geographic distribution
and severity by combining these two models. In order to provide farmers with practical advice, such when to
apply pesticide or prune impacted areas, this dual competence is vital.

Examples Used in This Work: A Classification Model Based on Convolutional Neural Networks
(CNN):

Images of chili leaves should be input.

Labels for classification (such as "healthy," "bacterial spot," or "fungal infection").

Methodology: TensorFlow/Keras is used to construct the model. Feature extraction is accomplished by
means of several Conv2D layers, which are subsequently followed by fully connected layers for
classification.

Take a picture of a chilli leaf as an example; the model can tell you if it's healthy or if it has a certain ailment.

A Segmentation Model Based on UNets:

Images of chili leaves should be input.

Product: masks created by pixel-wise segmentation that identify areas affected by illness.

The UNet architecture is put into action using PyTorch. An encoder is used to gather contextual information,
and a decoder is employed to produce accurate segmentation maps.

For instance, when we feed a picture of a chilli leaf into the UNet model, it generates a mask that shows us
exactly where the illness has spread.

Preparing the Dataset:

For the purpose of training the segmentation model, we utilize the tool LabelMe to annotate photos of chilli
leaves, highlighting sick regions.

For instance, in order to assess the efficacy of a model, tagged pictures are divided into two sets: training
and testing.

Reviewing performance:

Classification metrics include recall, accuracy, precision, and F1-score; segmentation metrics include loU
and dice coefficient.

To calculate and display performance metrics, we utilize the tools Scikit-learn and Matplotlib.

In diseases classification, for instance, the Conv2D model reaches 95% accuracy, whilst the UNet model
shows excellent segmentation accuracy with an loU score of 0.85.

Results Visualization:
To visually evaluate segmentation masks, OpenCV and Matplotlib are used as a tool.
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To illustrate the model's capability to precisely pinpoint unhealthy areas, consider the following example: the
original picture, the ground truth mask, and the predicted mask are all placed side by side.

3. Methodology

3.1 Dataset

We used a publicly available dataset of chilly leaf images, which includes healthy leaves and leaves affected
by various diseases. The dataset was preprocessed by resizing images to 256x256 pixels and augmenting
them using techniques such as rotation, flipping, and brightness adjustment to improve model generalization.

3.2 Proposed Models

® Conv2D Model: A lightweight CNN architecture with multiple Conv2D layers, followed by max-pooling
and fully connected layers. The model is designed for binary classification (healthy vs. diseased).

® UNet Model: A UNet architecture with an encoder-decoder structure, capable of segmenting diseased
regions in chilly leaves. The model uses skip connections to preserve spatial information.

3.3 Comparison Models

We compared the proposed models with the following architectures:

® ResNet50: A deep residual network known for its performance in image classification tasks.
® VGG16: A widely used CNN architecture with 16 layers.

e EfficientNet: A family of models optimized for accuracy and efficiency.

3.4 Training and Evaluation
All models were trained using the Adam optimizer and a binary cross-entropy loss function. We evaluated
their performance using metrics such as accuracy, precision, recall, F1-score, and Intersection over Union
(loV) for segmentation tasks.
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Fig. No.1: Training and Evaluation

4. Results and Discussion

4.1 Classification Performance

The proposed Conv2D model achieved an accuracy of 96.5%, outperforming ResNet50 (94.2%), VGG16
(93.8%), and EfficientNet (95.1%). The lightweight architecture of the Conv2D model made it more efficient
in terms of training time and computational resources.
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Conv2D EfficientNet ResNet50 VGG16
Fig. No.2: Classification Performance

4.2 Segmentation Performance

The UNet model achieved an loU score of 0.89, significantly higher than the segmentation results obtained
using ResNet50 (0.78) and VGG16 (0.75). The UNet's ability to preserve spatial information through skip
connections enabled precise localization of diseased regions.
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Fig. No.3: Segmentation Performance

4.3 Computational Efficiency

The proposed Conv2D and UNet models demonstrated superior computational efficiency compared to
ResNet, VGG, and EfficientNet. This makes them suitable for deployment in resource-constrained
agricultural settings.
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Lightweight architecture, fastest training time
Efficient for segmentation tasks
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Balanced efficiency-accuracy trade-off

4.4 Comparative Chart
The following table summarizes the performance of the proposed models compared to other architectures:

Detailed Model Comparison

Fig. No.4: Computational Efficiency
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Conv2D 96.5 0.96 0.95 0.96 - 15
UNet - - - - 0.89 20
ResNet50 94.2 0.93 0.94 0.93 0.78 45
VGG16 938 0.92 0.93 0.92 0.75 50
EfficientNet 95.1 0.94 0.95 0.94 08 35
Fig. No.5: Comparative Chart
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Fig. No.6: Model Performance
Segmentation Performance (loU)
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5. Conclusion

In this article, we presented a novel technique for identifying illnesses in chilli leaves that employs
sophisticated deep learning models: Conv2D for classification and UNet for segmentation. The Conv2D
model, a convolutional neural network (CNN) architecture, was used to categorize chili leaf pictures as
healthy, sick, or particular disease kinds. This approach uses hierarchical feature extraction to recognize
minor visual patterns associated with various illnesses. In contrast, the UNet model, a specialized
architecture for image segmentation, was employed to build pixel-wise masks that correctly localized sick
areas within leaf pictures. UNet's encoder-decoder structure, along with skip connections, allows it to capture
fine-grained data, making it ideal for jobs that need precise geographical analysis.

The suggested models underwent comprehensive evaluation and comparison with other cutting-edge deep
learning architectures. The findings showed that our Conv2D and UNet models performed better in terms of
accuracy, efficiency, and resilience. For example, the Conv2D model had great classification accuracy, but
the UNet model excelled at creating exact segmentation masks, as evaluated by metrics like Intersection
over Union (loU) and Dice coefficient. These findings demonstrate the applicability of our technique to real-
world agricultural applications where quick and precise disease diagnosis is crucial for crop health and
productivity.

The use of classification and segmentation in this work gives a comprehensive approach for detecting chilli
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leaf illness. Our technique provides actionable information for farmers by not only recognizing disease
prevalence but also localizing impacted regions, such as focused treatment options and optimal resource
allocation. This dual feature is especially useful in precision agriculture, where limiting pesticide usage and
increasing crop output are primary goals.

6. Future Enhancements
The presented models have shown promising results, but more study and improvement can improve their
application and effect.

Extension to Other Crops and Diseases:

The current work focuses on chilli leaf illnesses, but the proposed models may be extended and trained for
other crops, such as tomatoes, potatoes, or citrus fruits, which are all prone to disease.
Expanding the dataset to encompass a broader range of illnesses and environmental situations improves the
models' generalizability and robustness.

Integration with mobile applications:

Creating user-friendly mobile applications that include the trained models would allow farmers to identify
illnesses in real time with smart phone cameras.

These apps might give real-time treatment recommendations, allowing farmers to take prompt action to
reduce crop losses.

Real-time Processing and Edge Computing:

Optimizing models for real-time processing on edge devices, such as drones or loT-enabled sensors, would
enable continuous crop monitoring in the field. This technique can give early detection of illness outbreaks,
allowing for proactive control.

Multimodal Data Integration:

Additional data sources, like as hyper spectral imaging, meteorological data, or soil health measures, can
help to improve disease detection accuracy and dependability.

Multimodal models that incorporate visual, environmental, and contextual data can give a more complete
picture of crop health.

Explainable and interpretable:

Developing strategies to improve model interpretability will assist farmers and agricultural specialists in
understanding the reasons behind the forecasts.

Explainable Al (XAl) approaches, such as Grad-CAM or SHAP, can be used to show the picture areas that
are most important to the model's judgment.

Collaboration With Agricultural Experts:

Working with agronomists and plant pathologists to evaluate and develop the models' predictions will
guarantee that the solutions are both scientifically correct and practical.

Continuous input from end users will assist to improve the system's usability and efficacy.

Scalability and deployment:

Scaling the solution to include broad agricultural regions and varied farming systems would necessitate a
strong infrastructure and cloud-based platforms.

Collaboration with agricultural groups and governments can help this technique become more widely
adopted.
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