
TIJER || ISSN 2349-9249 || © April 2025, Volume 12, Issue 4 || www.tijer.org 

TIJER2504025 TIJER – INTERNATIONAL RESEARCH JOURNAL  www.tijer.org a165 
 

Plant Disease Detection System On Chilli Using 

Deep Learning Technique 
 

Rathod Mohit, Milan Gohel 

1. Student, Department of Information Technology, Atmiya University, Rajkot, Gujarat, India 

2. Assistant Professor, Department of Information Technology, Atmiya University, Rajkot, Gujarat, India 
 

Abstract: These A vital crop that is grown extensively and has substantial economic value in many regions of the world is chili. 

Chili plants, however, are extremely vulnerable to a number of illnesses that have a negative impact on yield and quality. Because 

they require expert involvement, traditional disease identification procedures are labour-intensive, manual, and frequently wrong. 

A deep learning-based plant disease detection system created especially for Chilli plants is presented in this study. Convolutional 

Neural Networks (CNNs) are used by the system to automatically identify and categorize common chili leaf diseases from digital 

photos, including Leaf Curl, Anthracnose, and Powdery Mildew. 
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I. INTRODUCTION  

Agriculture is essential to maintaining both food security and the world economy. A popular spice crop among many others, Chilli 

(Capsicum annuum) is prized for its culinary, therapeutic, and financial benefits. However, a number of plant diseases, including 

Leaf Curl, Anthracnose, and Powdery Mildew, commonly pose a threat to chili cultivation and result in notable losses in productivity 

and quality. Conventional plant disease diagnosis techniques mostly depend on farmers' or 

agricultural specialists' eye inspection, which is time-consuming and subject to human error and 

inconsistency. The goal of this project is to create a deep learning-

based system for detecting plant diseases that is especially suited 

for chili plants. To precisely classify and identify disease kinds, 

the suggested approach makes use of CNN models that have been 

trained on a collection of photos of both healthy and diseased chili 

leaves. The method attempts to offer a quick, dependable, and 

economical solution for early disease identification in chili crops 

by combining deep learning with image processing.  

II. METHODOLOGY 

The approach used to create the deep learning-based chili plant disease detection system is described in this section. System 

architecture, data gathering, preprocessing methods, model construction, and training-validation processes are all included in the 

methodology.  

Step-1 System Architecture 

 For effective picture classification, the suggested system uses a modular architecture. It is made up of the following parts:  

 Input Module: Takes raw photos of chili leaves from dataset sources or mobile cameras. 

 The preprocessing module: enhances, resizes, and augment images.  

 Convolutional neural networks: that extract features and categorize diseases are known as deep learning models. 

 Prediction Output: Shows the disease class along with a confidence level.  

 User Interface (Deployment Option): For farmers' and agronomists' real-time use. 

A block diagram of the system is shown below:  

Mathematica 

Image Input → Preprocessing → CNN Model → Prediction → Output Display 

Step-2 Data Collection 

Research databases (PlantVillage, Kaggle), open-source plant di sease image archives, and manually taken photos from agricultural 

fields with high-resolution mobile cameras were some of the sources used to assemble a collection of chili plant leaf images. Images 

of both healthy and sick leaves are included in the collection, which covers common diseases such as leaf curl, anthracnose, powdery 

mildew, and healthy leaves (as the control class). The data was divided into three sets: 70% for training, 15% for validation, and 

15% for testing.  

 

 

 



TIJER || ISSN 2349-9249 || © April 2025, Volume 12, Issue 4 || www.tijer.org 

TIJER2504025 TIJER – INTERNATIONAL RESEARCH JOURNAL  www.tijer.org a166 
 

Step-3 Data Processing 

To improve model performance and reduce overfitting, the following preprocessing techniques were applied:  

 Image Resizing: All images resized to a uniform shape (e.g., 224x224 pixels).  

 Normalization: Pixel values scaled between 0 and 1.  

 Data Augmentation: Techniques such as rotation, flipping, zooming, and brightness adjustment were applied to increase 

dataset diversity. 

 Noise Reduction: Applied filters to remove image noise and artifacts. 

Step-4 Model Design  

The deep learning model used is a Convolutional Neural Network (CNN) designed to learn features from leaf images. Key 

components include: 

 Input Layer: Accepts preprocessed images.  

 Convolutional Layers: Extract features using kernels (filters). 

 Activation Function: ReLU used to introduce non-linearity. 

 Pooling Layers: Max Pooling used to reduce dimensionality. 

 Dropout Layers: Applied to prevent overfitting. 

 Fully Connected (Dense) Layers: Flattened feature maps connected to decision layers. 

 Output Layer: Softmax activation used for multi-class classification.  

Step-5 Training and Validation 

The model was trained using the following setup:  

 Loss Function: Categorical Cross-Entropy.  

 Optimizer: Adam optimizer with a learning rate of 0.0001.  

 Batch Size: 32.  

 Epochs: 30–50 (based on convergence).  

 Evaluation Metrics: Accuracy, Precision, Recall, F1-Score, and Confusion Matrix. 

 The training was performed on a system with GPU acceleration using TensorFlow/Keras framework.  

III. PROBLEM  STATEMENT AND OBJECTIVE 

Chilli plants are particularly vulnerable to a number of diseases, including Powdery Mildew, Anthracnose, and Leaf Curl, which 

can significantly lower crop quality and yield. Conventional disease detection techniques mostly rely on farmers' or agricultural 

specialists' manual observations, which are labor-intensive, subjective, and prone to mistakes, particularly in large-scale farming. 

To reduce crop damage and improve farm management techniques, an intelligent, automated, and scalable system that can precisely 

identify and categorize chili plant illnesses at an early stage is desperately needed. A problem in contemporary agriculture, 

particularly for small and medium-sized farmers, is the absence of easily available and reliable plant disease detection instruments. 

There is a chance to create a reliable system that effectively uses picture classification techniques to diagnose plant illnesses thanks 

to developments in Artificial Intelligence (AI) and Deep Learning (DL). 

The primary objectives of this research are as follows:  

1.To develop an automated plant disease detection system specifically for chili crops using deep learning techniques.  

2.To produce and preprocess a set of images of chili plant leaves, including both healthy and diseased samples that represent the 

primary chili illnesses.  

3.To implement and train a Convolutional Neural Network (CNN) model capable of accurately classifying images of chili leaves 

into several disease categories.  

IV. RESULTS AND DISCUSSION  

The results of the tests carried out using the suggested deep learning model are shown in this part, along with a discussion of the 

performance in terms of F1-score, recall, accuracy, and precision in classification. The outcomes validate the model's ability to 

identify and categorize illnesses of chili plants.  

1. Performance of the Model On the test dataset, the trained Convolutional Neural Network (CNN) produced the following 

outcomes: F1-Score: 95.9%, Accuracy: 96.8%, Precision: 96.2%, and Recall: 95.7%. These excellent performance metrics show 

how well the algorithm can identify leaf illnesses in chili plants. 

2. The Effect of Augmenting Data According to experiments, using data augmentation greatly enhanced model generalization, 

decreased overfitting, and increased test accuracy by 2% to 3%.  



TIJER || ISSN 2349-9249 || © April 2025, Volume 12, Issue 4 || www.tijer.org 

TIJER2504025 TIJER – INTERNATIONAL RESEARCH JOURNAL  www.tijer.org a167 
 

3. Evaluation in Relation to Transfer Learning Models Additionally, pre-trained models like MobileNetV2 and ResNet50 were 

evaluated; their accuracy was 95.3% for MobileNetV2 and 96.9% for ResNet50. These models demonstrated the efficacy of transfer 

learning by marginally outperforming the base CNN in terms of accuracy, particularly on smaller datasets. 

 

 Discussion 

The model's high accuracy and consistency show that deep learning—in particular, CNNs—is a potent method for identifying plant 

diseases in agriculture. The system can operate in a variety of image settings, such as various backdrop and lighting situations. 

Inference is also appropriate for real-time mobile or web-based deployment due to its minimal processing cost. However, adding 

more varied data from other geographic locations and under actual field settings could enhance the model's performance even 

further. Additionally, farmers may find the solution more accessible if the model is integrated with a smartphone app or drone-based 

images.  

V. CONCLUSION  

Convolutional Neural Networks (CNN) were used in this study to successfully construct a deep learning-based system for 

identifying illnesses in chili plants. From leaf photos, the method shows excellent accuracy in recognizing and categorizing common 

chili diseases including Leaf Curl, Anthracnose, and Powdery Mildew. The suggested method provides a quick, dependable, and 

scalable way to help farmers and agricultural specialists with crop management and early disease identification by automating the 

diagnosis process. The model demonstrated enhanced generalization through data augmentation and transfer learning, and it 

performed well in classification across all disease categories. This demonstrates that using deep learning methods in precision 

agriculture is feasible, especially in settings with limited resources and restricted access to experts. 
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