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Abstract— The proper execution of identification and classification of fruit diseases are crucial 

to maintaining optimal crop yields and reducing economic loss in the agricultural sector. 

Traditional methods of manual inspection are error-prone, susceptible to bias, and require 

extensive labor effort. We, in the present research, introduce a methodology based on deep 

learning for automatic fruit disease classification and identification via Convolutional Neural 

Networks (CNNs) in combination with GrabCut segmentation.[3] The suggested system scans 

fruit images using GrabCut to segment images efficiently, isolating affected regions from the 

background. Subsequently, the extracted features are evaluated with a CNN model to detect the 

severity and type of the disease.[6] Our method achieves maximum accuracy by leveraging the 

deep learning capability of detecting complex image patterns, thus leading to enhanced precision 

in disease classification. The model is trained and tested with a dataset comprising varied 

diseased and healthy images of fruits, demonstrating marked improvement in performance 

compared to traditional machine learning techniques. The system offers a robust and efficient 

solution for real-time disease detection, advantageous for farmers through the application of 

timely interventions in preventing further disease propagation and potential loss in yield. 
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I. INTRODUCTION 

Agriculture is a vital sector in maintaining the world 

economy, supplying food and raw materials to millions. 

Fruit diseases, however, are a major hindrance, causing 

decreased yield and quality, ultimately impacting farmers' 

income and food security. Conventional disease detection is 

based on manual examination, which is time-consuming and 

subject to human error, necessitating an automated and 

efficient method for the accurate early detection and 

classification of fruit diseases.[2] 

Recent advances in artificial intelligence and computer 

vision have enabled deep learning techniques to show 

impressive performance in image analysis and classification 

problems. Convolutional Neural Networks (CNNs) have 

been recognized as strong tools for pattern and anomaly 

detection in images, hence making them extremely effective 

for fruit disease detection[1].  

Additionally, segmentation methods such as GrabCut 

improve the accuracy of disease detection by isolating 

infected areas from the background, allowing for more 

targeted and efficient analysis. 

 

This research proposes an automated system for fruit 

disease detection and classification based on a deep 

learning-based approach. The proposed model employs 

CNNs for feature extraction and classification, and GrabCut 

segmentation for enhancing the boundary detection of the 

region of interest[4]. By taking advantage of these advanced 

techniques, our system aims to offer a reliable and scalable 

solution to assist farmers and agricultural specialists in the 

accurate detection of fruit diseases. The application of such 

an approach has the potential to enable early intervention, 

hence preventing economic losses and overall enhanced 

crop health. 

The subsequent sections of this research will discuss the 

literature in this field, the adopted methodology, 

experimental results, and conclusions, emphasizing the 

efficacy of deep learning and image processing techniques 

in detecting agricultural diseases. 

II. RESEARCH METHODOLOGY 

The proposed system for fruit disease detection and 

classification follows a systematic approach that combines 

deep learning and image processing. The approach has 

multiple stages, i.e., image acquisition, preprocessing, 

segmentation, feature extraction, and classification. The 
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employment of Convolutional Neural Networks (CNNs) and 

GrabCut segmentation makes the system effective in disease 

detection and classification. 

1. Data Collection 

The dataset is comprised of images of various fruits 

infected with various diseases. The images are collected 

from publicly available databases, online websites, and real 

images from farms. The dataset includes images of healthy 

and unhealthy fruits to allow for the creation of a balanced 

classification model. 

2. Image Preprocessing 

The preprocessing process improves image quality and 

makes it ready for further analysis. Preprocessing includes 

the following operations: 

Resizing: Standardizing image size to provide uniform 

input to the CNN model. 

Noise Reduction: Using filters to remove unwanted noise 

and improve clarity. 

Color Normalization: Modifying brightness and contrast 

to provide uniform feature extraction. 

3. Image Segmentation Using GrabCut 

GrabCut segmentation is employed to detect diseased 

areas in the fruit images. The process improves the accuracy 

of the system by focusing on the diseased areas instead of 

scanning the entire image. The process includes: 

1) Drawing a rough bounding box around the fruit. 

2) Iterative refinement using foreground and background 

classification. 

3) Generating a segmented image that clearly marks the 

diseased areas. 

4. Feature Extraction Using CNN 

A Convolutional Neural Network (CNN) is used to 

extract useful features from segmented images. CNN 

architecture includes various layers, such as: 

1) Convolutional Layers: Used to detect patterns like 

color changes, textures, and blemishes. 

2) Pooling Layers: Used to reduce dimensionality while 

preserving key features. 

3) Fully Connected Layers: Classify the disease on the 

basis of extracted features. 

5. Disease Classification 

Classified features are passed to a deep learning model 

that is trained on a labeled dataset of fruit diseases. The 

model outputs a probability score for various disease classes 

and classifies the fruit on that basis. The classification 

model is trained on a large dataset to ensure high accuracy. 

6. Performance Evaluation 

The system is evaluated with standard performance 

metrics as follows: 

1) Accuracy: Proportion of correctly classified images. 

2) Precision and Recall: Classification effectiveness 

measures. 

3) F1-Score: Precision and recall balance for overall 

performance measure. 

7. Deployment and Real-Time Application 

The trained model can be deployed as a web or mobile 

application after validation to aid farmers in real-time fruit 

disease detection. Users can click a photo of the fruit, 

upload it to the system, and get instant disease diagnosis and 

treatment advice.  

III. THEORY AND DESIGN 

A. Deep Learning for Image Classification 

Deep learning, i.e., Convolutional Neural Networks 

(CNNs), has transformed image classification by allowing 

automatic feature extraction from images. In comparison to 

traditional machine learning models requiring handcrafted 

features, CNNs learn hierarchical representations directly 

from raw images and are therefore highly efficient in disease 

classification.[6],[7]. 

B. GrabCut Segmentation 

GrabCut is a graph-based object foreground 

segmentation algorithm from images. It applies iterative 

optimization using Graph Cuts and Gaussian Mixture 

Models (GMM) to distinguish between objects (diseased 

areas) and background. With the use of GrabCut, only 

infected fruit areas are highlighted, enhancing classification 

accuracy. 

C. Convolutional Neural Networks (CNNs) 

CNNs comprise different layers optimized for feature 

extraction and classification. The key components are: 

1) Convolutional Layers: Extract basic features like 

edges, colors, and textures. 

2) Pooling Layers: Reduce dimension while maintaining 

significant features. 

3) Fully Connected Layers: Execute final classification 

based on features identified.[7] 

System Architecture and Design 
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The system adheres to a structured architecture for 

effective fruit disease detection and classification. 

A. System Architecture 

The architecture consists of the following steps: 

1) Input Layer: Takes fruit images as input. 

2) Preprocessing Module: Enhances image quality and 

eliminates noise. 

3) Segmentation Layer (GrabCut): Identifies the diseased 

part of the fruit. 

4) Feature Extraction Layer (CNN): Identifies patterns 

and features. 

5) Classification Module: Applies a trained deep learning 

model to classify the disease. 

6) Output Layer: Displays results along with 

recommended treatments. 

 

 B. Workflow Diagram 

The following is the step-by-step workflow of the 

system: 

1) Image Input: A fruit image is taken or uploaded. 

2) Preprocessing: The image is resized, noise is removed, 

and contrast is improved. 

3) Segmentation (GrabCut): The region of interest is 

segmented. 

4) Feature Extraction (CNN): This step extracts disease-

related features. 

5) Classification: The model classifies the disease type. 

6) Result Display: The system displays a diagnosis with 

treatment suggestions. 

C. CNN Model Architecture 

The CNN model architecture used in this system is as 

follows: 

1) Input Layer: This layer takes RGB images of size 

256×256. 

2) Convolutional Layers: These layers detect spatial 

features with the assistance of filters. 

3) Activation Function (ReLU): This function adds non-

linearity to facilitate better learning. 

4) Pooling Layers (Max Pooling): These layers reduce 

dimensionality without losing important information. 

5) Fully Connected Layer: This layer projects features to 

output classes. 

6) Softmax Layer: This layer computes probability 

scores for each class of disease. 

 

Figure 1: CNN Architecture[6] 

D. GrabCut Segmentation Algorithm 

The GrabCut algorithm works as follows: 

1) A bounding box is drawn around the fruit. 

2) Foreground and background models are initialized 

with Gaussian Mixture Models (GMM). 

3) Segmentation is iteratively optimized with minimum 

cut optimization algorithms. 
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4) The diseased region is segmented out for classification 

by the CNN. 

  

Figure 2: Image Processing and Segmentation Module 

IV. RESULTS AND DISCUSSION 

4.1 Introduction 

The proposed system for fruit disease detection and 

classification has been evaluated on the basis of a list of 

parameters, i.e., accuracy, precision, recall, F1-score, and 

processing time. This section presents the result of model 

testing along with model comparison with existing methods. 

The experiments are conducted on a dataset of images of 

fruits, healthy as well as infected ones. The efficiency 

comparison of CNN-based classification with GrabCut 

segmentation is conducted to indicate the advantages of the 

proposed approach. 

4.2 Experimental Setup 

Deep learning model was implemented and tested using 

the following setups: 

1) Dataset: A fruit image dataset of different types of 

diseases. 

2) Preprocessing: Image resizing to 256×256 pixels, 

noise removal, and contrast adjustment. 

3) Segmentation: GrabCut algorithm for segmenting the 

disease areas. 

4) CNN Model: Custom CNN architecture with multiple 

convolution layers. 

Training Environment: 

1) Hardware: NVIDIA GPU (wherever available), 16GB 

RAM 

2) Software: Python, TensorFlow/Keras, OpenCV 

3) Optimizer: Adam Optimizer 

4) Loss Function: Categorical Cross-Entropy 

4.3 Performance Evaluation Metrics 

The system's performance was measured by the use of 

the following metrics: 

1) Accuracy: Indicates the percentage of images that 

were correctly classified. 

2) Precision: Indicates the number of positive instances 

predicted that are actually correct. 

3) Recall (Sensitivity): Measures the model's ability to 

detect samples that are diseased. 

4) F1-Score: Indicates the harmonic mean of precision 

and recall. 

The evaluation was conducted using a test set of images 

of both healthy and diseased fruits. 

  

Figure 3: Test and Training Data 
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4.4 Results Analysis 

4.4.1 Model Accuracy 

The trained CNN model achieved an overall accuracy of 

95.2% on the test dataset. The accuracy was higher 

compared to traditional machine learning models such as 

SVM and Decision Trees, which had lower accuracy due to 

their limited feature extraction capabilities. 

Model 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

SVM 85.3 83.7 81.5 82.6 

Decision 

Tree 
82.9 80.2 78.5 79.3 

CNN 

(Ours) 
95.2 94.8 94.5 94.6 

Table 1: Comparison between Multiple models 

 

Figure 4: Comparison of Multiple Modals 

4.4.2 Segmentation Effectiveness (GrabCut vs. Other 

Methods) 

To evaluate the effectiveness of GrabCut segmentation, 

we compared it with Otsu Thresholding and K-Means 

Clustering. The results showed that GrabCut provided better 

segmentation, leading to higher classification accuracy. 

Segmentation Method Accuracy (%) Processing Time (ms) 

Otsu Thresholding 87.1 120 

K-Means Clustering 90.3 150 

GrabCut (Ours) 95.2 110 

 

Table 2: Segmentation Effectiveness 

4.4.3 Confusion Matrix 

The confusion matrix provides insights into the model's 

classification performance across different disease 

categories. 

Actual  

Predicted 
Healthy 

Disease 

A 

Disease 

B 

Disease 

C 

Healthy 245 3 2 1 

Disease A 5 230 10 5 

Disease B 4 8 225 7 

Disease C 3 4 6 235 

Table 3: Confusion Matrix 

 

Figure 5: Confusion Matrix 

V. CONCLUSION 

Early detection and classification of fruit diseases are 

crucial in improving farming efficiency and minimizing 

financial losses. In this project, we developed a disease 

detection system for fruits automatically using Deep 

Learning (CNN) and GrabCut segmentation for improved 

accuracy. The system can identify diseased regions 

effectively, extract significant features, and determine the 

type of fruit disease with high accuracy. 

Our experiment results indicated that CNN-based 

classification outperformed conventional machine learning 

models with an overall accuracy of 95.2%. Utilizing 
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GrabCut segmentation significantly enhanced disease 

detection by isolating infected regions, removing noise, and 

enhancing feature extraction. Comparison with other 

segmentation techniques, such as Otsu Thresholding and K-

Means Clustering, indicated that GrabCut offered greater 

accuracy and performance. 

We verified the system performance using precision, 

recall, and F1-score, which indicated that it is reliable in 

identifying various fruit diseases. The confusion matrix 

analysis indicated that misclassification rates were low, 

which indicates it has good generalization capabilities across 

the different types of diseases. Additionally, real-world 

implementations of this system are advantageous to farmers 

by offering timely disease diagnosis and treatment 

recommendations through web or mobile applications. 
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