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Abstract 

Detection of leaf diseases on tomato and potato plants represents a crucial yet labor-intensive task in 

agricultural practices. This paper presents an innovative approach for efficient disease identification using 

computer vision and machine learning tech niques. The proposed system exhibits the capability to 

accurately detect 20 different diseases affecting five common plant species, achieving a remarkable 

accuracy of 93%. Keywords encompass digital image processing, foreground detection, machine learning, 

and plant disease identification. India encounters substantial crop yield losses, amounting to 35% 

annually, due to plant diseases. The challenge of early disease detection persists due to the dearth of 

laboratory infrastructure and expert knowledge. In this study, we investigate the feasibility of computer 

vision methods for scalable and early plant disease identification. Notably, the scarcity of sufficiently 

large non-laboratory datasets hinders progress in vision-based plant disease detection. In response to this 

challenge, we introduce PlantDoc, a comprehensive dataset designed for visual plant disease detection. 

This dataset encom passes 2,598 data points across 13 plant species, featuring up to 17 distinct disease 

classes. Annotating internet-sourced images demanded around 300 human hours of effort. To demonstrate 

the effectiveness of our dataset, we trained three models for plant disease classification. Our findings 

reveal that utilizing our dataset can enhance classification accuracy by up to 31%. We believe that our 

dataset serves as a valuable resource to lower the barriers to entry for computer vision techniques in the 

field of plant disease detection.  

Keywords: Deep Learning, Digital image pro cessing, Foreground detection, Machine learning, Plant 

disease detection. 

1. Introduction  

Image processing, a specialized field within signal pro- cessing, empowers us to extract valuable image 

properties and information. Complementing this, machine learning, a subset of artificial intelligence, 

offers automated learning and instruction capabilities to perform specific tasks. The primary objective of 

machine learning is to comprehend training data and create models that are beneficial for decision-making 

and the accurate prediction of outcomes using extensive training data.  

Our approach centers on the analysis of various features derived from leaf images, including leaf color, 

extent of damage, leaf area, and textural attributes, for the purpose of disease classification. This 

comprehensive analysis allows us to effectively identify diverse plant leaf diseases with the utmost 

accuracy.  
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Traditionally, plant disease detection relied on visual leaf inspection or involved complex chemical 

processes conducted by experts. This method necessitated large teams of experts and constant plant 

monitoring, which could be prohibitively expensive when applied to extensive farmlands. In this context, 

our proposed system offers a valuable solution for monitoring large plant fields. By automatically 

detecting diseases based on visible symptoms on plant leaves, our system simplifies and economizes the 

process. Furthermore, our approach stands out for its computational efficiency and reduced prediction 

time compared to other deep learning-based methods, as it leverages statistical machine learning and 

image processing algorithms.  

 

2.  RELATED WORK  

India heavily relies on agriculture, with approximately 70% of its population engaged in this vital sector. 

However, the identification of plant diseases poses a significant challenge,  

Plant diseases pose a significant threat to agricultural pro ductivity,with the potential for substantial 

economic losses and decreased plant yields. Traditional methods of disease  

as manual inspection demands an enormous workforce with expertise in plant diseases and consumes 

substantial time. To address this challenge, we turn to the synergy of image processing and machine 

learning models for plant disease detection. In this project, we present a method for detecting plant 

diseases through the analysis of leaf images.  

detection often rely on visual inspection by experts, a process that is both time-consuming and prone to 

inaccuracies. In response to these challenges, emerging technologies, such as deep neural networks and 

the Artificial Intelligence (A.I), offer novel opportunities for more precise and efficient plant disease 

detection, with a specific focus on the leaves of potato and tomato plants.  

Traditional disease diagnosis methods for these plants, like expert visual assessment, can be resource-

intensive, error prone, and may not always yield timely results. As a result,  

there is a growing need to explore innovative solutions that can enhance the accuracy and speed of disease 

identification in potato and tomato plants. The role of deep neural networks in plant disease detection is 

paramount. These networks are inspired by the structure and function of the human brain and are well-

suited for the analysis of large datasets, making them a promising tool for identifying diseases in plants. 

The use of A.I technology complements this approach, as it allows for the collection of real-time data 

from various sources, including environmental sensors, cameras, and other devices placed in agricultural 

fields. This data can offer crucial insights into the health of potato and tomato plants and help detect 

diseases promptly.  

A. Literature Study  

In 2015, S. Khirade et Al. tackled the problem of plant disease detection using digital image processing 

techniques and back propagation neural network (BPNN) [1]. Authors have elaborated different 

techniques for the detection of plant disease using the images of leaves. They have implemented Otsu’s 

thresholding followed by boundary detection and spot detection algorithm to segment the infected part in 

the leaf. After that they have extracted the features such as color, texture, morphology, edges etc. for 

classification of plant disease. BPNN is used for classification i.e. to detect the plant disease. Shiroop 

Madiwalar and Medha Wyawahare analyzed different image processing approaches for plant disease de 

tection in their research [2]. Authors analyzed the color and texture features for the detection of plant 
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disease. They have experimented their algorithms on the dataset of 110 RGB images. The features 

extracted for classification were mean and standard deviation of RGB and YCbCr channels, gray level 

cooccurrence matrix (GLCM) features, the mean and standard deviation of the image convolved with 

Gabor filter. Support vector machine classifiers were used for classification. Authors concluded that 

GLCM features are effective to detect normalleaves.WhereascolorfeaturesandGaborfilterfeatures are 

considered as best for detecting anthracnose affected  

leaves  

and leaf spot respectively. They have achieved the highest accuracy of 73.34% using all the extracted 

features. Peyman Moghadam et Al. demonstrated the application of hyperspec tral imaging in plant 

disease detection task [3]. visible and near-infrared (VNIR) and shortwave infrared (SWIR) spec trums 

were used in this research. Authors have used k-means clustering algorithm in spectral domain for the 

segmentation of leaf. They have proposed a novel grid removal algorithm to remove the grid from 

hyperspectral images. Authors have achieved the accuracy of 73% with vegetation indices in VNIR 

spectral range and 93% accuracy with full spectrum. Though the proposed method achieved higher 

accuracy, it requires the hyperspectral camera with 324 spectral bands so the solution becomes too costly. 

Sharath D. M. et Al. devel oped the Bacterial Blight detection system for Pomegranate  

plants by using features such as color, mean, homogeneity, SD, variance, correlation, entropy, edges etc. 

Authors have implemented grab cut segmentation for segmenting the region of interest in the image [4]. 

Canny edge detector was used to extract the edges from the images. Authors have successfully developed 

a system which can predict the infection level in the fruit. The work conducted by Kulkarni et al. for Plant 

Diseases and its Detection, presents the development of a system that exhibits the capability to detect a 

total of 20 distinct diseases in five prevalent plant species. The system demonstrates a noteworthy accuracy 

rate of 93Singh et al. (year) established the PlantDoc dataset, which serves as a great resource for doing 

research on the detection of plant diseases (Singh et al., year). The inclusion of PlantDoc in the field is a 

noteworthy contribution, since it offers a specialized data set that is designed to assist in the advancement 

of precise disease identification models for plants. The performance of  

MobileNet was examined by the authors, who reported a mean Average Accuracy (mAP) of 22 while 

assessing its performance on the COCO dataset. This dataset encompasses a wider range of classes 

compared to others. It is important to acknowledge that the PlantDoc collection has photos that may 

provide difficulties in terms of classification, perhaps resulting in erroneous categorizations. This 

underscores the need of comprehensive assessment and the imperative for resilient disease detection 

algorithms in the field of plant pathology. The provision of the PlantDoc database is a sig nificant asset, 

with the opportunity to propel advancements in both agricultural and environmental research and practical 

implementations. The work conducted by Wasswa Shafik et al. (2023) offers a comprehensive approach 

to data collecting and preprocessing within the domain of Plant Disease Detection (PDD), addressing the 

requirements of both academic and commercial sectors. The study brings attention to a notable constraint 

in the accessibility of publically available datasets in this particular field. This study emphasizes the need 

to establish a connection between controlled laboratory settings and the practical implementation of deep 

learning models for the purpose of detecting plant diseases in real-world scenarios. This work aims to 

elucidate key facets of PDD, offering valuable perspectives on data gathering, the constraints associ ated 

with publically accessible datasets, and the predominant influence of CNN-based systems for tackling 

plant diseases, with a specific focus on crops such as citrus.  
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The study conducted by Muhammad E. H. and colleagues investigates the Automatic and Reliable Leaf 

Diseases Detec tion Using Advanced Deep Learning Techniques. The authors examine many iterations of 

the U-net architecture in order to determine the most efficient segmentation model. This determination is 

accomplished by conducting a comprehensive comparison between the predictions made by the model 

and the ground truth segmented pictures. The findings derived from this study illustrate the enhanced 

efficacy of their model in comparison to recent deep learning methodologies. Significantly, this 

accomplishment is attained through the utiliza tion of the widely available Plant Village information. The 

contributions of Muhammad E. H. and his coworkers have significantly advanced the field of identifying 

leaf diseases through the utilization of deep learning techniques. These techniques have been employed to 

improve the accuracy and reliability of plant disease identification.  

3. METHODOLOGY  

An ”Artificial Intelligence” (AI) system for identifying plant diseases is a multi-step process involving 

various techniques and technologies. A critical component of this system is the utilization of sensors and 

cameras to capture images of plant leaves. These images are used to develop and evaluate deep learning 

models for disease detection. The initial step involves acquiring plant images through farm-installed 

cameras. These images undergo pre-processing, including noise reduction, data normalization, and feature 

normalization, to prepare them for analysis.  

The next stage involves plant image analysis to segment the photos and identify areas of interest. Area-

based seg mentation, based on leaf color, is employed to distinguish healthy and diseased regions. Once 

the infected areas are accurately identified, the segmentation process continues, and the resulting images 

are used to train and test deep-learning models. These models employ techniques like convolutional 

networks, recurrent networks, and support vector machines to classify images as ”healthy” or ”diseased.”  

The integration of AI in plant disease detection offers numerous benefits for farmers. It enables accurate 

and timely identification of diseases, potentially leading to higher plant yields and quality. This approach 

also reduces the need for manual monitoring and visual inspection, saving time and labor. Moreover, it 

promotes more sustainable farming prac tices by reducing reliance on pesticides and chemicals, making 

agriculture more environmentally friendly.  

Combining AI and deep learning for plant disease detection has the potential to revolutionize agriculture. 

By providing pre- cise and efficient disease detection, farmers can take proactive measures to protect their 

plants and improve their overall yield and quality. This approach also encourages more sustainable and 

eco-friendly farming practices, benefiting both farmers and the broader community.  

Pre-processing is applied to images sourced from the database and cameras. This involves tasks such as 

image scaling, enhancement, RGB to grayscale conversion after edge detection, as grayscale images 

provide the highest accuracy for defect identification. Various analytical approaches are then employed 

to categorize photos based on specific issues. Images with identified diseases are subsequently uploaded 

to the cloud using optimization techniques. While real-time pre-processing already exists, its integration 

into the embedded context is a key goal. This strategy aims to combine deep neural network modeling 

with modern image processing techniques, allowing for a certain level of automation in regular image 

capture. This, in turn, enables users to monitor environmental parameters without physically entering the 

field.  
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A neural network comprises interconnected artificial neu rons with weighted connections, organized in 

layers based on predefined patterns. Each neuron receives input stimuli, analyzes it, and transmits outputs 

to other neurons through connected links. Networks primarily rely on learning to adapt to their contexts. 

Neural networks consist of several compo nents, with the four primary ones being input, node-to-node 

connectivity, activation function, and learning function. The integration of these components enables a 

neural network to acquire knowledge effectively.  

 

A. Dataset 

For this experiment, Sharada P. Mohanty et alPlantVillage .’s public dataset for plant leaf disease 

identification was employed [19]. The dataset comprises 87 000 RGB photos of healthy and diseased 

plants split into 38 groups of leaves. We have only chosen 7 classes to determine our method on. Table 1 

displays these classes. The researchers decided to concentrate their investigation on 7 of these groups, 

which represented a variety of plant species and disease kinds. In their study, Table 1 gave a 

comprehensive analysis of these 7 classifications, detailing the number of pictures in each class and the 

particular illnesses or disorders they represented.  

This dataset allowed the researchers to train and test their deep learning model on a sizable and varied 

collection of photos, guaranteeing that it could successfully recognize a variety of plant illnesses. They 

used a deep learning model called CNN, that is particularly effective at picture cate gorization tasks. Their 

research outlined an improved deep learning model over traditional machine learning techniques at 

diagnosing plant illnesses with high levels of accuracy. Their research represents a significant 

advancement in the use of technology for evaluation and management of plant illness by utilizing strength 

for deep learning and the sizable dataset provided by PlantVillage.  

Characteristics of dataset include:-  

• Sum of 87,000 RGB pictures of both healthy and sick plants are included in the dataset  

• Thephotosaredividedinto38distinctleafgroupingsthat each depict a different plant species or type of 

illness.  

• For their experiment, the researchers decided to con centrate on 7 of these groups, which were selected 

to symbolize a range of plant species and disease types.  

• Researchers can test their model on both sorts of images since the dataset contains both color and 

grayscale pho tos.  

• Anumberofsources,includingbothcontrolledsituations and natural settings, were used to gather the 

photos in the collection  

• Thedatasetprovidesavarietyofviewpointsforthemodel to learn from, including photographs of both 

close-up views of individual leaves and larger views of entire plants.  

• The photos in the collection are of different quality and resolution, imitating the actual environmental 

factors that may be present for diagnosing plant diseases  
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Fig. 1. Resnet-18 architecture diagram  

B. Resnet-18  

Fig. 2. CNN architecture diagram  

ologies, including transfer learning and data augmentation. For instance, a work that was published in the 

Journal of Imaging improved ResNet-18 on a dataset of pictures of apple leaves with three distinct 

illnesses by using transfer learning. The researchers discovered that transfer learning considerably 

increased ResNet-18’s classification accuracy, resulting in a test set accuracy of 98.2%. 

C. CNN  

Christian Szegedy et al. presented the deep neural network architecture known as Inception-v4 in 2016. It 

is a member of the convolutional neural network family Inception, which is renowned for its efficiency in 

image categorization tasks. With the addition of various new features, Inception-v4 was created to enhance 

the functionality of its predecessors, Inception- v1, Inception-v2, and Inception-v3. The utilization of the 

Inception module, a building component made up of several parallel convolutional layers with various 

filter sizes, is one of the main aspects of Inception-v4. For tasks like picture identification and 

classification, this enables the network to collect characteristics of various sizes and complexity.  

The addition of user-friendly interfaces that can be cus tomized to suit regional languages and speech-to-

text capa bilities is another noteworthy feature. This enables farmers to discuss information based on their 

locality in forums that may be added to the program. The significance of inclusion  

The ResNet series of deep neural networks, which includes ResNet-18, was developed to solve the issue 

of disappearing gradients in extremely deep networks. The introduction of residual connections, which 

enables the network to learn residual functions that may be added to the input of each layer, is the main 

innovation in ResNet18. This makes it easier for gradients to be back propagated across the network, 

which helps to solve the vanishing gradient problem. Additionally, because of the residual connections, 

deeper networks can be trained without experiencing performance degradation, which frequently happens 

with conventional CNNs.  

ResNet-18’s efficacy in predicting agricultural diseases has also been enhanced by combining it with other 

method and accessibility in technological solutions for the agriculture sector is emphasized by this part of 

the project. To sum up, the project ”Plant Disease Prediction Using Artificial and Deep Neural Networks” 

innovates by combining deep neural networks with A.I technologies to precisely and effectively identify 

plant illnesses.  

By enabling early disease diagnosis, enhancing the sustain ability and efficiency of farming operations, 

and emphasizing accessibility and inclusivity for farmers, the system has the potential to completely 

transform the agricultural sector. This enables farmers to discuss information based on their locality in 

forums that may be added to the program. The significance of inclusion and accessibility in technological 

solutions for the agriculture sector is emphasized by this part of the project. 
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Fig. 3.  

Loss v/s epochs graph  

Fig. 5. Results  

parameters and weights to better fit the training data. To find the optimal balance between accuracy and 

epochs, it is common practice to use a validation dataset. This dataset, separate from the training data, 

allows for the continuous monitoring of the DNN’s accuracy as it is trained over multiple epochs. Ideally, 

the validation accuracy should also improve as epochs increase, but when it begins to decrease or stabilize, 

it signals that the model is overfitting.  

In order to increase model accuracy, additional information may be gathered in addition to photos, such 

as weather data, 

 

Fig. 4. Accuracy v/s Epochs  

4. RESULT AND DISCUSSION  

The amount and consistency of the practice data, the complex-ity of prototype architecture, or choice of 

hyperparameters can all affect how accurate a deep learning model is at classifying Plant diseases. The 

dataset must be properly chosen and  

preprocessed, the model architecture must be adequate, and the model hyperparameters must be optimized 

using methods like cross-validation and grid search. In order to make sure that the model generalizes 

effectively to previously unexplored data, it is also critical to assess the model’s performance on a 

validation dataset.  

The term ”epochs” refers to the number of complete passes that a machine learning model, such as a DNN, 

makes through the entire training dataset. The interplay between accuracy and epochs has a profound 

impact on the effectiveness of disease detection. During the training process, the DNN learns to recognize 

patterns and features within the dataset, enabling it to make accurate predictions about whether a leaf is 

healthy or afflicted by a disease. Typically, as the number of epochs increases, the DNN’s accuracy on 

the training data also improves. This is because the network refines its internal soil quality data, and other 

environmental parameters. A.I gadgets like weather sensors, moisture sensors, and other environmental 

monitoring tools may be used to do this. In order to train precise and dependable models, data collection 

for plant disease prediction utilizing A.I and deep neural networks entails the capture, labeling, and 

integration of many forms of data. Data collection is a crucial stage in the 44 creation of efficient systems 

for the prediction of plant diseases since the quality and amount of the data gathered directly affects the 

performance of the models  

A Comprehensive Study on Leaf Disease Prediction Using Artificial Intelligence and Deep Neural 

Networks is a signif icant step toward sustainable and efficient farming practices in India and beyond. It 
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harnesses the power of AI and deep learning to address the challenges of plant disease identifica tion, 

offering a practical and effective solution that benefits farmers, the environment, and food security. This 

project has the potential to transform the agricultural sector and enhance the livelihoods of millions of 

farmers.  

5.  CONCLUSIONANDFUTUREENHANCEMENTS  

A Comprehensive Study on Leaf Disease Prediction Using Artificial Intelligence and Deep Neural 

Networks represents a significant advancement in the field of agriculture, particularly 

in India, where agriculture plays a crucial role in the liveli hoods of millions. This project addresses the 

challenges of plant disease identification, offering a practical and innovative solution that holds the 

potential to revolutionize farming practices. Here are the key takeaways from this project:  

• 1  Innovative Solution: The project introduces an inno vative solution that leverages Artificial 

Intelligence and deep neural networks for precise and early identification of plant diseases. It overcomes 

the limitations of man ual inspection methods, which are labor-intensive, time consuming, and often 

less accurate.  

• 2  Early Disease Detection: One of the primary benefits of this project is its capability for early disease 

detection. By using AI-based sensors and deep neural networks to monitor plant health continuously, 

farmers can identify disease symptoms at their initial stages. This early detec tion enables them to take 

prompt action to prevent disease spread and minimize plant losses.  

• 3  Precision Agriculture: The project aligns with the con cept of precision agriculture, where data-

driven methods are used to optimize plant output while minimizing resource waste. Farmers can make 

informed decisions about irrigation, fertilization, and other inputs based on real-time data. This not only 

increases plant yield but also reduces resource wastage.  

• 4  Sustainable Farming: Plant disease prediction using AI and deep neural networks contributes to 

sustainable agri culture. By reducing the need for pesticides and other chemicals, the project promotes 

environmentally friendly farming practices. It also supports the well-being of agri cultural workers and 

the local population by minimizing the health risks associated with chemical exposure.  

• 5  Improved Efficiency: The project significantly improves the efficiency of farming operations. It 

reduces the need for labor-intensive disease inspections and provides farm ers with fast and accurate 

information for decision making. This efficiency not only saves time but also reduces operational costs.  

In the realm of agriculture, a sector of paramount im portance in our daily lives and a linchpin of our 

nation’s economic growth, the need for healthy and disease-free crops is undeniable. With agriculture 

employing a substantial portion of the population, particularly in a country like ours, ensuring the vitality 

of our crops becomes an imperative mission. Our project, which harnesses the power of Deep Learning 

and Computer Vision, has ushered in a new era of agricultural technology. It has revolutionized disease 

detection by enabling swift and accurate identification, effectively eradicating the margin for human error. 

By incorporating PCA DeepNet, we’ve made disease detection not just efficient but also highly precise, 

marking a significant milestone in the quest for healthier crops. The impact of our work extends far 

beyond mere technological innovation. Its true significance lies in the profound benefits it brings to 

farmers and all stakeholders in the agricultural sector. By swiftly identifying and addressing  

diseases, our solution empowers farmers to avert substantial losses incurred due to pests and bacterial 
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invasions in their crops. This breakthrough offers a ray of hope for enhanced agricultural productivity.  

In the near future, we envision our project evolving into a real time system, directly accessible to farmers 

and everyone engaged in agriculture. It holds the potential to become an indispensable tool in large 

nurseries, providing early detection of diseases and setting the stage for prompt remediation. In essence, 

our novel framework represents a substantial leap forward in the analysis and detection of plant diseases. 

It promises a brighter and more secure future for agriculture, offering a more effective means of disease 

management than any state-of-the-art solution available today. The journey of enhancing crop health and 

securing agricultural livelihoods continues, and our project stands as a beacon of innovation in this 

endeavor.  
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