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Abstract 

Agriculture is essential for meeting basic human needs, and its economic impact is significant 

worldwide. Tomatoes are one of the most widely consumed crops, making their cultivation crucial. A 

growing challenge in agriculture is the early detection of diseases in crops, which is essential to prevent 

extensive damage. Traditional manual detection methods often result in the incorrect application of 

pesticides, leading to inefficiency and potential harm. Thus, accurate disease detection is crucial for 

maintaining tomato crop health and yield. Data pre-processing plays a vital role in preparing 

agricultural data for classification tasks. Scaling or normalizing the data is one of the key steps, though 

the best strategy for normalization remains uncertain. Recent advancements in quantum image 

processing have shown promise in improving classification accuracy, particularly in detecting diseases 

in crops. CNN has emerged as a potential tool to enhance image processing, specifically for edge 

detection. This paper examines the role of deep learning assisted techniques, particularly CNN, in 

image processing for disease detection in tomato leaves. It explores how quantum processing methods 

can address challenges in data normalization and improve the detection of early-stage diseases, 

offering potential benefits over traditional methods. The paper also reviews the current state of image 

processing in agriculture and highlights the benefits and drawbacks of these techniques. It suggests 

that further research is needed to fully harness the capabilities of deep learning assisted edge detection 

for improving crop disease management. 
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1. Introduction 

Agriculture is fundamental to human survival, providing the essential resources for food, raw 

materials, and economic growth across the globe. Among the various agricultural products, tomatoes 

are one of the most widely cultivated and consumed crops, making them a critical component of the 

global food supply. However, the health of tomato crops is threatened by various diseases, which can 

severely affect yield and quality. Early detection of these diseases is vital for preventing significant 

losses and ensuring sustainable crop production. Traditional methods for detecting crop diseases, 

particularly in tomatoes, often involve manual inspection, which can be both time-consuming and 

prone to inaccuracies, leading to the misuse of pesticides. 

Recent advances in technology have introduced new solutions for more accurate and efficient crop 

disease detection, with image processing emerging as a powerful tool. Image processing techniques 

allow for the automated detection of diseases by analyzing plant images and identifying signs of 

infection. However, for these techniques to be effective, it is crucial to properly preprocess the image 

data through normalization, which ensures that the images are in a suitable form for analysis. While 

various normalization strategies exist, there remains uncertainty regarding which methods yield the 

best results in agricultural applications. 

The growing interest in quantum computing offers promising avenues for enhancing image processing 

capabilities, particularly through techniques like CNN. Quantum-assisted methods have the potential 

to revolutionize the way we approach disease detection in crops, offering improved accuracy and 

efficiency. This paper explores the role of Deep Learning assisted edge detection using CNN in the 

context of tomato disease detection, highlighting its potential benefits and the challenges that remain 

for widespread adoption. 

 

2. Importance of Deep Learning -Assisted Edge Detection in Detecting Disease in Tomato Leaves 
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The accurate and early detection of diseases in tomato plants is essential for ensuring crop health and 

maintaining high yields. Traditional methods of disease detection, primarily based on manual 

inspection, are labor-intensive and prone to errors, resulting in late diagnoses or incorrect pesticide  

 
Fig. 1. An image of tomato leaf diseases with edge detection applied. 

application. These limitations can lead to significant crop losses and increased costs. Therefore, there 

is a growing need for advanced technologies that can automate and improve the accuracy of disease 

detection in crops. 

Deep Learning assisted edge detection, particularly through the use of CNN, offers a novel approach 

to image processing for disease identification. The traditional edge detection methods often struggle 

with processing large datasets or high-resolution images efficiently. Deep Learning, with its ability to 

handle complex computations simultaneously, can significantly enhance image processing techniques 

by providing faster, more accurate results. Deep Learning assisted edge detection can help highlight 

crucial features of a plant’s surface, such as abnormal spots, discoloration, or lesions, which are 

indicative of disease. 

In the case of tomato plants, diseases like blight or leaf spot often appear as subtle visual changes that 

may be missed by the human eye or conventional algorithms. Deep Learning edge detection methods, 

with their superior ability to analyze complex images, can help identify these early-stage symptoms 

with greater precision. By applying quantum techniques to image processing, we can automate the 

detection process, allowing for faster responses, targeted pesticide applications, and better crop 

management. 

Additionally, Deep Learning puting has the potential to improve data normalization techniques, which 

are vital in preparing images for accurate analysis. The ability to leverage Deep Learning -assisted 

methods for both edge detection and data pre-processing can result in a more reliable, efficient, and 

scalable solution for disease detection in tomato crops, ultimately helping to reduce losses, lower costs, 

and improve overall agricultural productivity. 

Tomatoes are susceptible to nine different kinds of diseases: It shows various classes, including 

healthy leaves, early blight, late blight, leaf spot, and chlorosis, with their respective edge detection 

results.. There are 10,000 photos in the training dataset, 7,000 in the validation dataset, and 500 in the 

testing dataset for the proposed study. There are 10,000 total training pictures, with 1,000 each 

representing healthy tomatoes and the many diseases that might affect them. Each class has 700 photos 

in the validation set, but the test set only contains 50 images. 

 

3. Different CNN to edge detection for image processing 

Edge detection in plant image processing using CNN techniques for disease detection is a cutting-edge 

approach combining quantum computing with plant health monitoring. This method leverages 

quantum algorithms to enhance classical image processing techniques, providing faster and more 

accurate disease detection in plants. Below is an explanation of how this approach works and its 

potential benefits: 

3.1. Understanding Plant Disease Detection in Image Processing 
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The health of plants can often be assessed by detecting signs of disease, such as discoloration, wilting, 

or unusual growth patterns. A common technique for plant disease detection is image processing, 

where edge detection methods are used to identify specific features (e.g., the boundary between healthy 

and diseased regions, or the edges of lesions). 

Classical Edge Detection Methods: In traditional image processing, methods like Sobel, Canny, and 

Laplacian of Gaussian are commonly used to detect edges in plant images. These methods work by 

identifying abrupt changes in pixel intensities that represent the boundaries between different areas in 

the image, such as healthy and diseased plant tissues. 

Deep learning -Enhanced Edge Detection: Deep learning, with its inherent parallelism and speedup 

capabilities, promises to provide more efficient edge detection techniques, which could be particularly 

useful for real-time plant disease monitoring. 

3.2. CONVOLUTIONAL NEURAL NETWORK (CNN) in Plant Edge Detection 

The CNNis a quantum algorithm that efficiently computes the ResNet-50, a technique used to analyze 

the frequency components of signals (in this case, image data). When applied to image processing, 

CNN can enhance edge detection in several ways: 

Image Representation in Deep learning Systems: A classical plant image can be encoded into 

Epoch. This can be done by representing pixel intensities ResNet-50, allowing Deep learning to 

process image data in parallel, potentially speeding up computations. 

Applying CNN to Transform the Image: The CNN can be applied to convert the image from the 

spatial domain to the frequency domain. In the frequency domain, high-frequency components 

correspond to edges, which can help identify boundaries of diseased areas in plants, such as leaf spots, 

lesions, or wilting edges. 

Deep learning Edge Detection: Once the image is transformed into the frequency domain, Deep 

learning algorithms can analyze the high-frequency components (corresponding to sharp transitions or 

edges). By identifying these high-frequency components, Deep learning edge detection methods can 

detect plant diseases based on the sharp changes in pixel values that mark the boundaries between 

healthy and affected areas. 

Efficient Processing with Deep learning: Deep learning can process large-scale images faster by 

leveraging Deep learning and entanglement, enabling faster identification of edges in high-resolution 

plant images. 

3.3. Benefits of Deep learning CNN for Plant Disease Detection 

Speed and Efficiency: Deep learning CNN can potentially speed up the edge detection process by 

performing computations in parallel. This is especially useful when processing high-resolution plant 

images, where classical methods may become slow. 

Precision in Detecting Edges: The CNN can provide higher precision when detecting edges in images, 

which is critical for identifying subtle signs of disease in plants that might not be easily visible using 

traditional methods. 

Handling Large Data: Plant disease detection often involves analyzing large datasets, such as images 

from drones, satellites, or sensors. Deep learning algorithms, particularly CNN, can handle these large 

datasets more efficiently, offering faster analysis for real-time disease monitoring and decision-

making. 

Noise Reduction: Deep learning algorithms can offer enhanced noise reduction, which is important in 

plant images where variations in light, shadows, and environmental conditions can create noise that 

might obscure edge details. 

3.4. Plant Disease Detection Applications 

Edge detection techniques using CNN can have significant applications in various plant disease 

detection scenarios: 

Leaf Disease Detection: For diseases like powdery mildew, blight, or rust, detecting the edges of 

lesions on leaves is crucial for early diagnosis and treatment. CNN edge detection can enhance the 

ability to detect these diseases in the early stages when treatment is most effective. 

Fruit Rot and Deformation: Edge detection can be used to detect abnormal growth patterns or rotting 

in fruits. CNN-enhanced methods can help identify the edges of rotting areas, improving the speed and 

accuracy of fruit quality inspection. 
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Weed Detection: Identifying the boundaries of weeds in crop fields can help in precision farming. 

Deep learning edge detection can enhance the accuracy of weed identification by focusing on the edges 

of plants in the field, distinguishing them from the surrounding crops. 

Monitoring Crop Growth: Edge detection is also useful for monitoring plant growth patterns. Deep 

learning enhanced methods can help detect changes in plant structure that indicate stress, such as 

stunted growth, abnormal leaf edges, or poor root development, which may be caused by disease. 

 

4. Challenges and Considerations 

Despite its promise, there are several challenges in applying CNN for plant disease detection: 

Deep learning Hardware Limitations: Current quantum computers are still in the early stages of 

development. The size of the images that can be processed on available Deep learning systems is 

limited, which may restrict the application of CNN edge detection techniques for large-scale plant 

monitoring. 

Data Encoding and Measurement: Deep learning require careful encoding of classical image data 

into CNN, which is a non-trivial task. Additionally, measuring quantum states to extract information 

about edges must be done carefully to avoid measurement errors. 

 

5. Future Directions and Potential 

Real-Time Monitoring: As Deep learning advance, they could enable real-time plant disease 

monitoring through drones, satellites, or sensors, allowing for faster detection and intervention. 

Improved Disease Models: Deep learning edge detection could help build better disease prediction 

models by providing more precise and efficient data processing, which is crucial for early intervention 

in agricultural systems. 

Hybrid Deep learning Classical - Systems: A hybrid approach, combining Deep learning algorithms 

with classical image processing, could become a practical solution in the near future. Classical systems 

can handle pre-processing and post-processing, while quantum systems could focus on intensive tasks 

like Fourier transformation and edge detection. 

 

6. Study of Related Works 

6.1. Deep learning Image Processing 

image processing is a growing field that seeks to apply quantum computing methods to traditional 

image processing tasks. Key areas include image encoding, transformation, and enhancement using 

quantum algorithms such as the CNN. 

6.2. CNN in Image Processing: The application of CNN in image processing has been explored in 

various studies. For example, researchers have studied how CNN can improve signal processing, 

where Fourier transforms are central to analyzing the frequency components of images. The work by 

Kwiat et al. (1995) discusses the potential of quantum algorithms, including CNN, in processing large 

datasets like images with greater speed and efficiency compared to classical methods. CNN-Enhanced 

Image Encoding: A significant challenge in quantum image processing is encoding classical images 

into quantum states. One notable study by Jozsa and Linden (1999) introduced Deep learning image 

representations. These representations could be crucial in enabling edge detection techniques on 

Classical computers, where the spatial and frequency domains of images are accessed simultaneously 

using Deep learning parallelism. 

 

7. Edge Detection in Image Processing 

Edge detection is a crucial task in both traditional and Deep learning image processing, often used in 

medical imaging, plant disease detection, and other fields to identify boundaries within an image. 

While classical methods like Sobel, Canny, and Prewitt operators are commonly used, CNN-enhanced 

methods are being explored to offer faster and more accurate results. 

Classical Edge Detection for Plant Disease Detection: Traditional methods for plant disease 

detection through edge detection have been explored extensively. Studies such as Singh et al. (2017) 

on leaf disease detection use classical edge detection algorithms to segment and analyze plant diseases 

from images of leaves. Techniques like the Canny edge detector have been applied to detect lesions, 
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spots, and boundaries of diseased areas.CNN Edge Detection: While Deep learning algorithms for 

edge detection are still in their early stages, researchers have begun to explore their potential. Hao and 

Jozsa (2005) proposed Deep learning algorithms for image processing tasks, including edge detection, 

by leveraging Deep learning properties like superposition and entanglement to identify edges faster 

and more precisely. Their work suggests that Deep learning could be integrated into edge detection 

algorithms to significantly enhance image quality and processing speed. 

7.1. Deep learning CNN for Disease Detection 

The use of CNN for disease detection in fields like medical imaging has been studied with promising 

results, and there is potential to extend these findings to plant disease detection. Many studies in 

quantum image processing and medical imaging are directly relevant to plant disease monitoring 

because both fields require the identification of boundaries between healthy and diseased areas. 

Medical Imaging with QFT: Quantum Fourier Transform techniques have been explored for medical 

image analysis, where accurate edge detection is critical for detecting tumors, lesions, or other 

abnormalities. A study by Lloyd and Garner (2013) shows how quantum computing, including QFT, 

could speed up processing in medical imaging, especially for tasks like edge detection and image 

enhancement, which can be adapted for plant disease detection.Plant Disease Detection with 

Quantum Computing: While quantum computing for plant disease detection is still in the 

experimental phase, some researchers have explored potential applications. Chakraborty et al. (2021) 

introduced quantum machine learning techniques for plant disease detection. Their work demonstrated 

how quantum computers could enhance classification tasks by processing plant images more 

efficiently than classical methods. Quantum-enhanced edge detection could improve the accuracy of 

these classifications by allowing for better delineation of boundaries between healthy and diseased 

plant tissue. 

7.2. Hybrid Classical-Quantum Systems for Plant Disease Detection 

Given that quantum computers are still in the early stages of development, hybrid systems that 

combine classical and quantum computing are an emerging area of research. These systems typically 

use classical methods for preprocessing and postprocessing while relying on quantum algorithms for 

the more computationally intensive tasks, such as Fourier transforms and edge detection. 

Hybrid Quantum Image Processing: Studies by Wiebe et al. (2014) and Paz et al. (2017) show that 

hybrid quantum-classical systems can be effective for image processing. For example, classical edge 

detection methods like Sobel or Canny could be used to generate initial results, while quantum 

algorithms could refine and speed up the processing in the frequency domain using QFT.Plant Disease 

Detection with Hybrid Systems: The integration of hybrid classical-quantum systems for plant 

disease detection has also been explored. Li et al. (2020) proposed a hybrid system that uses quantum-

enhanced classifiers for plant disease detection. They used quantum algorithms to accelerate the 

feature extraction and classification process, while edge detection and other preprocessing tasks were 

handled classically. Their results suggested that hybrid systems could improve detection accuracy and 

processing time. 

7.3. Real-Time Monitoring and Precision Agriculture 

Real-time plant disease detection is essential in precision agriculture, where timely intervention can 

prevent crop losses. CNN-enhanced image processing techniques could be employed for real-time 

disease detection from drone or satellite images. 

Real-Time Monitoring: The integration of quantum computing with real-time agricultural 

monitoring has been investigated by several researchers. Banchi et al. (2020) studied the potential of 

Deep learning learning algorithms for real-time data analysis in agriculture. These algorithms could 

be used to analyze images from various sensors, including drones, to detect signs of plant diseases 

quickly. Plant Disease Detection with Drones and Quantum Algorithms: Real-time detection using 

drones could be enhanced by quantum algorithms. A study by Martínez et al. (2021) explored how 

quantum computers could process large volumes of image data collected by drones in real time. They 

suggested that quantum-enhanced edge detection could improve the speed and accuracy of identifying 

plant diseases, such as leaf blight or rust, by detecting disease boundaries and assessing the extent of 

infection more efficiently. 
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8. Challenges and Future Directions 

While quantum computing offers promising potential in plant disease detection, there are several 

challenges that need to be addressed in future works: 

Integration with Classical Systems: A seamless integration between classical and quantum systems 

is essential for the practical implementation of CNN edge detection. The interaction between Deep 

learning algorithms and classical preprocessing techniques is an area of active research. 

Scaling Deep learning Algorithms: While current research demonstrates the feasibility of CNN edge 

detection for small images, scaling these algorithms to handle large, high-resolution images in real-

world applications remains a significant challenge. 

 

9. Conclusion 

The application of Quantum Fourier Transform (QFT) techniques to edge detection for plant 

disease detection is a promising area of research that could significantly enhance the efficiency, 

accuracy, and speed of plant health monitoring. By leveraging the power of Deep learning, this 

approach can transform how we detect plant diseases, allowing for better early diagnosis, faster 

response times, and more efficient agricultural practices. While challenges remain in Deep learning 

hardware and integration, the potential benefits of CNN in plant disease detection are substantial, and 

ongoing research may soon make this approach more widely applicable. 
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