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ABSTRACT 

Plant leaf diseases pose a danger to food security, and their rapid identification is made more difficult 

in many areas by a lack of infrastructure. This thesis is a concentrated attempt to address this 

important problem by utilizing state-of-the-art deep learning techniques, with a focus on the 

YOLOv5 model, to offer a dependable and effective solution for plant leaf disease detection in 

agriculture. The introduction emphasizes the serious effects that plant diseases have on a global and 

financial level, underscoring the critical necessity for early detection to lessen these effects. Driven 

by the promise of technology to revolutionize agriculture, this work carefully investigates the 

complex use of deep learning techniques. YOLOv5 is trained to demonstrate its ability to distinguish 

between healthy and diseased plant leaves using a carefully chosen tomato dataset. The dataset 

contains nine different types of illnesses. The model achieves an impressive 92.6 percent average 

precision, indicating a high degree of disease detection accuracy. Plant leaf disease detection in 

agriculture faces many complicated obstacles, and the successful deployment of the trained model 

through the Flask framework represents a significant leap in the practical application of deep learning 

to address these issues. Our multimodal approach places our research at the forefront of efforts to 

improve agricultural technology and guarantee global food security while also making a significant 

contribution to the scientific understanding of disease identification and laying the foundation for 

future advances. 
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INTRODUCTION 

Plant leaf diseases represent a significant risk to the sustainability of agriculture, resulting in monetary 

losses, decreased crop yields, and possible financial difficulties for farmers [1, 2]. These illnesses have 

an impact on global food security and supply systems, which go beyond local issues. Events from 

history, like the Irish Potato Famine, highlight the disastrous effects of uncontrolled plant leaf diseases 

[3]. These diseases, which impact a wide range of plants, can be caused by bacterial infections, 

temperature swings, humidity, and other environmental variables that leave plants open to various 

problems (Figure 1) [4]. Plant leaf diseases must be identified on a local, national, and international 

scale. Proactive steps to lessen the impact and spread of these diseases require accurate diagnostic 

methods. With the exciting option of deep learning, renowned for its proficiency with image-based 

tasks, plant disease identification can now be automated. This study effort aims to investigate tomato 
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leaf diseases in detail, considering their unique characteristics and intricate patterns. The goal is to 

provide a solid foundation for further deep learning systems that are intended to identify tomato leaf 

disease [5, 6]. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1: An overview of plant leaf diseases. 

 

The use of YOLOv5, a cutting-edge deep learning algorithm well-known for its remarkable efficacy 

and accuracy in object detection, is highlighted in the study [7, 8]. The main objective is to improve the 

accuracy and speed of the identification process by smoothly incorporating YOLOv5 into the field of 

tomato leaf disease detection. In addition to ac- accurately detecting diseases, this strategic integration 

envisions automating agricultural processes, which represents a revolutionary technical intervention in 

the field of plant disease detection in agriculture. This advancement in technology could have far-

reaching effects since it can completely rewrite the rules around the identification of plant diseases [9]. 

YOLOv5 has the potential to change agriculture in a major way by improving accuracy and speeding 

up the detection process, particularly when it comes to tomato leaf diseases. The research acknowledges 

the revolutionary potential of these developments in terms of maximizing re-source distribution, 

mitigating environmental effects, and ultimately promoting improved sustainability in tomato 

cultivation methods. 

 

The study aims to support sustainable food production and precision agriculture. Trans- forming 

developments into real advantages for tomato growers while tackling issues that go beyond short-term 

yield protection is the aim. Reduction of environmental impact improved agricultural sustainability, and 

efficient resource allocation are all impacted by curating tomato leaf disease detection. With a focus on 

tomato leaf diseases, deep learning, YOLOv5, and wider implications for precision agriculture, this 

thesis takes a multipronged approach to its investigation. This thesis aims to further the use of 

agricultural innovation and the scientific understanding of tomato leaf diseases. This demonstrates the 

potential of technology improvements in improving global agriculture and represents a key step towards 

a resilient and sustainable future for tomato production. The quest for a safer and more sustainable 

tomato farming future is driven by a dedication to tackling the problems associated with tomato leaf 

disease and utilizing technological advancements. 

 

Background 

Plant Leaf Disease Detection Using Deep Learning is a critical and timely research - endeavor, given 

the global prevalence of leaf diseases, particularly in warm and humid regions (Li, Zheng, et al., 2020) 

[13]. The expansion of greenhouses, especially for tomato cultivation, coupled with the frequent 

introduction of foreign varieties, has significantly escalated the threat posed by plant leaf diseases 
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(Khulbe et al., 2024) [14]. The continuous emergence of threats like the tomato gray leaf spot disease 

poses a menacing challenge, leading to substantial annual hazards in tomato cultivation worldwide 

(Manoharachary et al., 2014) [15]. This disease’s novelty, coupled with the lack of preventative 

measures and control experience among farmers, often results in misdiagnosis and untimely 

intervention (Saleem., 2020) [16]. Farmers, faced with a newly developed threat, struggle to implement 

effective strategies in production, perpetuating a cycle of misdiagnosis and allowing the disease to 

proliferate unchecked (Talwana, Herbert, et al., 2016) [17]. The consequences are dire, with significant 

reductions in tomato yields and, in extreme cases, complete crop failure, leading to severe economic 

losses for farmers (Kasso et al., 2018) [18]. In the era of big data, there is a revolutionary opportunity 

to employ machine learning methods in agriculture for disease identification (Bhat et al., 2021) [19]. 

Deep learning, as a subset of machine learning, offers unparalleled capabilities in processing vast 

datasets and extracting intricate patterns (Hatcher et al., 2018) [20]. The proposed methodology 

involves leveraging deep learning techniques for the early recognition of tomato gray leaf spot disease 

(Chug, Anuradha, et al., 2023) [21]. By harnessing the power of deep learning, this research aims to 

equip farmers with a reliable tool for detecting the disease in its early stages, breaking the cycle of 

misdiagnosis and delayed intervention (Abdulkareem et al., 2019) [22]. To realize the practical 

implementation of early disease recognition, developing a web application for image detection becomes 

a crucial aspect of this research (Islam, Md Manowarul, et al., 2023) [23]. Creating a user-friendly and 

accessible app for tomato growers ensures real-time monitoring and detection of gray leaf spot disease 

(Atim, Proscovia, et al., 2023) [24]. This not only empowers farmers with a valuable tool for timely 

decision-making but also contributes to a collective effort to mitigate economic losses. The integration 

of deep learning methods into a web terminal application represents a pioneering step towards the 

democratization of advanced agricultural technologies (Gift, Noah et al., 2021), promising a sustainable 

and resilient future for tomato cultivation in the face of evolving disease threats [25]. 

 

Objective 
The objectives of this research include a detailed study of plant leaf diseases, an exploration of deep 

learning techniques for disease detection, the implementation of YOLOv5 as a robust detection tool, 

and the development of a deployment strategy for real-world application. Through these objectives, the 

thesis aims to contribute valuable insights and a practical solution to the field of precision agriculture. 

The specific objectives are given below: 

1. Plat leaf diseases study. 

2. Study on deep learning for plant leaf disease detection. 

3.YOLOv5 Implementation and application for plant leaf disease detection. 

4. Deployment of YOLOv5. 
 

LITERATURE REVIEW 

 

Timely and accurate detection of these diseases is crucial for implementing effective mitigation 

strategies and minimizing economic losses. Traditional methods of disease identification are often 

labor-intensive, time-consuming, and may lack the precision needed for early intervention. This study 

seeks to address the inadequacies in current detection methods by harnessing the potential of YOLOv5, 

a cutting-edge deep-learning algorithm known for its efficiency and accuracy in object detection. The 

problem at hand revolves around the need for a technologically advanced and automated solution that 

can enhance the speed and precision of tomato leaf disease detection, ultimately contributing to 

improved agricultural practices, resource optimization, and sustainable food production. 
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Background Theory 

Early disease detection is a cornerstone in managing tomato plant leaf diseases, with profound 

implications for agricultural productivity, economic sustainability, and food security (Ataei Kachouei 

et al., 2023) [26]. The significance of timely identification and intervention in the context of tomato 

plants afflicted with diseases, particularly the menacing gray leaf spot, cannot be overstated. One of the 

primary reasons highlighting the importance of early disease detection is its direct impact on preserving 

crop yield and quality. Tomato plants, susceptible to a range of diseases, face the risk of reduced yields 

and compromised quality when diseases go undetected. Timely recognition of symptoms associated 

with gray leaf spots enables farmers to implement targeted interventions, preventing the escalation of 

the disease and ensuring optimal yield and fruit quality (Mal, Sudipa, et al., 2022) [27]. 

 

Economic losses from unchecked disease progression represent a significant challenge for tomato 

growers. Gray leaf spot, if not identified early, can lead to substantial reductions in tomato production 

and, in severe cases, complete crop failure. Early detection provides farmers with the opportunity to 

implement cost-effective and targeted control measures, minimizing economic losses associated with 

reduced yields and the need for extensive post-outbreak interventions (Gonz´alez-Gordon, Lina, et al., 

2023) [28]. Early disease detection aligns with the principles of sustainable agriculture by promoting 

proactive and environmentally friendly practices. Rather than relying on reactive measures such as 

extensive pesticide use, early identification allows for precision in applying interventions. This not only 

reduces the environmental impact of agricultural practices but also contributes to the long-term 

sustainability of tomato cultivation (Parajuli et al., 2019) [29].  

 

Timely disease detection empowers farmers with crucial knowledge about the health of their tomato 

crops. By understanding the specific diseases affecting their plants, farmers can make informed 

decisions on disease management strategies. This knowledge enhances their capacity to adopt 

preventive measures, fostering a proactive approach to crop health that is essential for long-term 

agricultural sustainability. The early detection of tomato plant leaf diseases plays a vital role in ensuring 

food security. Tomatoes are a staple in many diets worldwide, and any significant reduction in their 

production can impact local and global food supplies. Early intervention helps maintain a stable and 

reliable supply of tomatoes, contributing to food security by averting potential shortages caused by 

disease-related yield losses (Vats, Sanskriti, et al., 2022) [30]. 

 

Previous Studies 

Plant diseases pose a substantial threat to global agriculture, impacting crop yield, food security, and 

economic stability [10, 11]. Understanding the statistics surrounding plant diseases is imperative for 

devising effective preventive and management strategies. This section provides insights into the 

prevalence, distribution, and economic implications of plant diseases, shedding light on the magnitude 

of the challenge faced by the agricultural sector. The prevalence of plant diseases varies across regions, 

influenced by climate conditions, agricultural practices, and the diversity of cultivated crops. According 

to recent statistics from agricultural agencies and research institutions, a significant percentage of crops 

worldwide are affected by various diseases. 
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Figure 2: Plant Diseases Global Statistics (FAO: 2018-2023)  

with Estimated Dollar Loss (USD Billion). 

 

These diseases manifest in diverse forms, including fungal infections, bacterial outbreaks, and viral 

infections, each posing unique challenges to crop health. The statistics highlight the dynamic nature of 

plant diseases, necessitating adaptive and region-specific approaches for effective mitigation. 

 

Figure 2 illustrates the global statistics of plant diseases from 2018 to 2023, sourced from the Food and 

Agriculture Organization (FAO) [12]. The reported number of cases each year is represented by blue 

markers on the chart. The y-axis denotes the number of cases, and the x-axis corresponds to the 

respective years. In 2018, there were 425 reported cases, decreasing to 150 in 2019 and further to 120 

in 2020. The subsequent years saw an increase to 200 cases in 2021, a peak at 525 cases in 2022, and a 

slight decrease to 430 cases in 2023. Additionally, the chart includes estimated dollar loss ranges (USD 

billion) for each year: 2018 (50-800), 2019 (30-650), 2020 (40-700), 2021 (80-950), 2022 (150-900), 

and 2023 (60-800). These values highlight the dynamic nature of plant disease occurrences globally 

and emphasize the potential economic impact, providing essential context for the importance of 

advanced disease detection methodologies like the proposed YOLOv5 applications. 

 

Conceptual Framework 

In this paper, the deep learning algorithm YOLOv5 was employed for the framework model training 

[8], and then the trained model underwent rigorous testing and evaluation to assess its proficiency in 

detecting instances of leaf disease in tomato plants. 
 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3: An overview of the framework. 
 

The comprehensive methodology included the preparation and preprocessing of the Tomato Plant Leaf 

Dataset, ensuring a diverse and standardized input for the model. Subsequently, the YOLOv5 model 

was 
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 intricately fine-tuned through transfer learning, leveraging its ability to learn hierarchical 

representations from the dataset. The testing phase, crucial for evaluating the model’s generalization 

capabilities, involved the application of robust evaluation on metrics such as precision, recall, F1 score, 

and mean average precision (mAP). Following successful testing, the YOLOv5 model was seamlessly 

integrated into the Flask Framework, forming the backbone of a user-friendly web application UI. This 

integration allowed end-users, particularly farmers, to effortlessly upload input images of tomato plants, 

initiating the real-time disease detection process. The final output, presented through the web 

application, provided clear visualizations of disease-affected regions within the uploaded images, 

empowering users with valuable insights for informed decision-making in agricultural practices. 

 

Preprocessing acts as the gateway to refining the raw dataset for optimal model performance. This phase 

involves a series of crucial steps, including standardization, normalization, and resizing images. The 

goal is to create a uniform and standardized input, laying the groundwork for the YOLOv5 model. 

Augmentation techniques introduce variations and enhance the dataset’s diversity. These preparatory 

steps are pivotal for the subsequent phases, ensuring that the model is equipped to discern nuanced 

patterns and features representative of gray leaf spot disease. The YOLOv5 model takes center stage, 

representing the pinnacle of object detection algorithms. Acronymous for” You Only Look Once,” 

YOLOv5 revolutionizes the field with its ability to process images in real-time and detect multiple 

objects in a single pass. The model’s architecture is finely tuned to accommodate the specific task of 

identifying and localizing gray leaf spot disease in tomato plants. Its efficiency and accuracy make it 

an apt choice for the intricacies of agricultural image analysis. 

 

The training phase is a transformative process where the YOLOv5 model assimilates knowledge from 

the Tomato Plant Leaf Dataset. Leveraging transfer learning, the model builds upon pre-existing 

knowledge, adapting its parameters to recognize distinctive features of gray leaf spot disease. This phase 

involves iterations, refining the model’s ability to classify and locate disease instances accurately. The 

outcome is a trained YOLOv5 model, finely attuned to the complexities of tomato plant leaf pathology. 

Rigorous testing follows the training phase, where the YOLOv5 trained, model is subjected to diverse 

images, including those not encountered during training. This testing phase is pivotal in assessing the 

model’s generalization capabilities, ensuring its proficiency in identifying gray leaf spot disease under 

varied conditions. Evaluation metrics such as precision, recall, F1 score, and mean average precision 

provide quantitative insights into the model’s accuracy and reliability. The testing phase is a critical 

checkpoint, affirming the model’s readiness for practical deployment. 

 

The developed YOLOv5 model is seamlessly integrated into a Flask Framework, marking the transition 

from model development to practical usability. Flask serves as the foundation for creating a user-

friendly web application, enabling end-users, particularly farmers, to interact with the model 

effortlessly. The web application interface is designed for simplicity and accessibility, bridging the gap 

between sophisticated technology and the practical needs of users in agricultural settings. This 

integration ensures that the benefits of advanced technology are democratized, making plant disease 

detection a user-friendly experience. The final stage unfolds as end-users upload input images of tomato 

plants through the web application interface. These images serve as the input for the YOLOv5 model, 

triggering the real-time disease detection process. The model processes the input images, identifying 

and localizing instances of gray leaf spot disease. The output is presented through the web application 

UI, providing users with clear visualizations of disease-affected regions within the uploaded images. 

This output serves as valuable information for farmers, allowing them to make informed decisions about 

crop management, intervention strategies, and overall plant health. 
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METHODOLOGY 

 

The Tomato Plant Leaf Dataset to the web application UI represents a comprehensive and impactful 

methodology for plant disease detection. Each phase contributes to the seamless integration of advanced 

technology into practical agricultural contexts, emphasizing the importance of accessibility and 

usability. The developed model, embedded in a user-friendly web application, not only showcases the 

capabilities of YOLOv5 in disease detection but also underscores the potential for transformative 

applications of deep learning in agriculture. This methodology, with its nuanced approach and practical 

considerations, stands as a testament to the convergence of cutting-edge technology and the imperative 

to address real-world agricultural challenges. 

 

Evaluation Metrics 

In assessing the performance of the YOLOv5 model, various metrics are employed to quantitatively 

evaluate its ability to detect and classify tomato plant diseases, such as mAP (mean average precision), 

recall, and F1 score. Here, TP means true positive, and FP means false positive. 

 

Precision, Recall, and F1 Score: 

Precision ( P ) 

        

 (1) 

 

In this thesis, precision measures the accuracy of the positive predictions made by the model, indicating 

the proportion of correctly identified positive instances. 

Recall ( R ) (sensitivity or true positive rate): 

 

                                                          (2) 

 

Recall assesses the model’s ability to capture all positive instances, indicating the proportion of 

correctly identified positive instances out of all actual positives. 

1F  Score ( 1F ): 

                                   (3) 

 

Mean Average Precision ( mAP ): 

Mean average precision ( mAP ) is a performance metric commonly used in object detection tasks, 

including the evaluation of models designed for plant disease detection. It provides a comprehensive 

measure of the model’s precision across multiple classes, considering the precision-recall curve for each 

class. 

The formula is expressed as:  

 

           

                                           (4) 

 

Where N  represents the total number of classes. APi  Denotes the average precision for each class 

i . 

 

 

TP
P

TP FP




TP
R

TP FN




2
1

P R
F

P R

 




mAP

1

1 N

i

mAP APi
N 

 



Logical Creations Education Research Institute 

LC INTERNATIONAL JOURNAL OF STEM 

E-ISSN: 2708-7123 

Web: www.lcjstem.com | Email: editor@lcjstem.com 

Volume-05 | Issue-01 | March-2024 
 

 

Published by Logical Creations Education Research Institute. www.lceri.net  
This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY 4.0) 

66 

 
 
 

Confusion Matrix: 

The confusion matrix is a fundamental tool for evaluating the performance of a classification model. It 

summarizes the model’s predictions by comparing them to the actual class labels. The matrix is 

organized as follows:                     

 

              

                                               (5) 

 

where: 
1classTP   is the number of True Positives (correctly predicted instances of class 1). 

1classFP   is 

the number of False Positives (instances incorrectly predicted as class 1). 
1classFN  is the number of 

False Negatives (instances of class 1 that were not predicted correctly). 
1classTN  is the number of True 

Negatives (correctly predicted instances not belonging to class 1). 

 

Data 

The dataset utilized in this thesis was meticulously compiled from publicly available sources, 

encompassing a total of 20,634 tomato plant images distributed across three subsets: training (9,801 

images), validation (783 images), and testing (162 images). 
 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 4: Dataset Samples. 

 

These images capture diverse health conditions of tomato plants, including Early Blight, Healthy, Late 

Blight, Leaf Miner, Leaf Mold, Mosaic Virus, Septoria, Spider Mites, and Yellow Leaf Curl Virus. The 

training set serves as the foundation for YOLOv5 model training, allowing the algorithm to learn and 

adapt its parameters through transfer learning. The validation set ensures the model’s ability to 

generalize, while the test set, comprising previously unseen images, provides an unbiased evaluation of 

the model’s performance. The inclusion of multiple health conditions and the transparency of public 

sourcing contribute to the dataset’s richness, facilitating robust training and enhancing the model’s 

applicability in real-world agricultural contexts. 

 

The data preparation process for this thesis meticulously allocated 70% of the dataset, comprising 9,801 

images, to the training set, forming the primary resource for YOLOv5 model training. A further 20%, 

consisting of 783 images, was designated to the validation set, serving as a critical benchmark for 

evaluating the model’s performance and preventing overfitting during training. The remaining 10%, 

totaling 162 images, constituted the test set, reserved for an unbiased evaluation of the model’s 

proficiency in detecting and classifying various tomato plant health conditions. This partitioning 

strategy aimed to provide the model with diverse images for effective learning while ensuring 

robustness and generalization through separate subsets for validation and testing. The balanced 

_1 _1

_1 _1

class class

class class

TP FP
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distribution enhances the reliability and applicability of the trained YOLOv5 model in real-world 

agricultural contexts. 
 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5: Dataset Annotation. 
 

Dataset annotation is a crucial component of preparing data for training the YOLOv5 deep learning 

algorithm, which excels in real-time object detection. This process involves assigning bounding boxes 

and class labels to objects within images. Mathematically, a bounding box is represented as 

denoting the center coordinates and dimensions of the box. Class labels are encoded as 

integers, allowing the algorithm to distinguish between different object types. Handling multiple objects 

within a single image is inherent to YOLOv5, and data augmentation techniques, expressed through 

mathematical operations on bounding box coordinates and pixel values, enhance the diversity of the 

annotated dataset. The division of the dataset into training and validation sets, using mathematical splits, 

ensures effective model training and evaluation. Evaluation metrics such as precision, recall, means 

average precisions, and Intersection over Union (IoU) are employed to assess the accuracy of 

annotations. In summary, dataset annotation for YOLOv5 involves a careful mathematical 

representation of object characteristics, contributing to the algorithm’s ability to detect and classify 

objects with high accuracy. 

 

Model Development 

The suggested model provides a methodical framework for creating and implementing deep learning-

based plant leaf disease detection systems. Data collection and annotation come first, then the issue 

scope is defined, including the target plant species and disease kinds. Techniques for preprocessing and 

augmentation are used to increase the variety of the dataset. Selecting a model entail deciding on an 

appropriate architecture, such as YOLOv5, and then going through training, assessment, and 

optimization stages. The learned model is integrated into intuitive interfaces for real-time diagnostics 

during deployment. Adaptation to changing illness patterns is ensured by ongoing observation and 

development. Insights and developments are more easily shared with the larger scientific community 

via documentation and information exchange, which eventually advances agricultural technology and 

sustainable food production. 

 

Method 

Since the Yolo approach analyzes pictures in a single network pass, we choose it over conventional 

CNN-based techniques and SSDs for its greater speed and real-time performance. By automatically 

anticipating bounding boxes and class probabilities, YOLO also streamlines the detection pipeline by 

lowering computing costs and making implementation simpler. Applications needing effective object 

recognition in real-time or near-real-time circumstances choose Yolo because of its balance between 

speed and precision, even if there are certain trade-offs in scalability and localization accuracy.  

 , , ,x y w h
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For real-time object identification, we choose YOLOv5, because of its improved speed and accuracy. 

Easy installation and modification for a wide range of applications are made possible by its streamlined 

design. YOLOv5, which incorporates cutting-edge technologies like transfer learning and the 

CSPDarknet53 backbone, provides quick model construction and flexibility to various datasets. 

Resources and trained models are made available by the extensive community support, improving 

accessibility. For applications like robotics and surveillance, its real-time processing capacity is perfect. 

YOLOv5 is a terrific option for computer vision and object identification jobs because of its enhanced 

performance, adaptability, community support, transfer learning, and real-time processing. 
 

 

Results 

The results of the study of using YOLOv5 to detect tomato plant leaf disease exhibit excellent 

performance; this is seen in Fig. 4.1, where the test section of the dataset yields visually striking results. 

The highly accurate detection capabilities of the model are clearly illustrated in the figure. Every 

pathology that has been detected is well-defined, indicating that the model can identify different leaf 

lesions and irregularities linked to different diseases. The YOLOv5 model’s ability to produce 

dependable findings is demonstrated by the accuracy and precision of the detections in Fig 6, which 

confirms the model’s promise as a cutting-edge instrument for accurate and effective disease 

identification in tomato plants. These graphics highlight the model’s usefulness for farmers and validate 

its performance, making it possible for prompt intervention and enhanced management of tomato plant 

health. 

 
 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

Figure 6: Results of plant leaf disease detection. 

 

In Fig 7, the labels assigned to the experiment datasets provide a comprehensive overview of the diverse 

tomato plant leaf pathologies targeted by the YOLOv5 model. The labels include ’Early Blight,’ 

’Healthy,’ ’Late Blight,’ ’Leaf Miner,’ ’Leaf Mold,’ ’Mosaic Virus,’ ’Septoria,’ ’Spider Mites,’ and 

’Yellow Leaf Curl Virus.’ Each label represents a distinct category of tomato plant diseases, allowing 

for detailed and specific identification within the dataset. This comprehensive labeling system is crucial 

for the model’s ability to accurately recognize and classify various pathologies during the detection 

process. The inclusion of both healthy and diseased categories in the dataset ensures a well-rounded 

training and evaluation environment, contributing to the model’s robust performance across a spectrum 

of conditions commonly encountered in tomato farming. 

DATA ANALYSIS AND RESULTS 
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Figure 7: Labels. 
 

A visual depiction of the association between various tomato plant leaf pathology labels in the 

experimental dataset is provided by the Labels Correlogram shown in Fig 8. The degree of correlation 

between disorders is indicated by the color intensity and the junction of rows and columns. More 

brilliant colors suggest high correlations, whereas more subdued colors imply weak correlations. This 

correlogram is a useful tool for figuring out how several diseases might co-occur or interact with one 

another. Researchers and practitioners can better understand the coexistence of different tomato plant 

illnesses by using visualization to identify patterns and interactions between them. These findings can 

improve the accuracy of diagnostic models and lead to better illness management methods, which will 

ultimately improve the overall health and productivity of tomato crops. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8: Labels Correlogram. 
 

In Fig 9, the presented Confusion Matrix provides a detailed visual representation of the performance 

evaluation of the YOLOv5 model in tomato plant leaf pathology detection. The matrix systematically 

breaks down the model’s predictions across different classes, comparing them with the ground truth 

labels. Each cell in the matrix indicates the count of true positive, true negative, false positive, and false 

negative instances for each pathology class. This comprehensive overview allows for a thorough 

analysis of the model’s strengths and areas for improvement in distinguishing between different 

diseases. Researchers and practitioners can extract valuable insights from the Confusion Matrix to fine-



Logical Creations Education Research Institute 

LC INTERNATIONAL JOURNAL OF STEM 

E-ISSN: 2708-7123 

Web: www.lcjstem.com | Email: editor@lcjstem.com 

Volume-05 | Issue-01 | March-2024 
 

 

Published by Logical Creations Education Research Institute. www.lceri.net  
This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY 4.0) 

70 

 
 
 

tune the model, enhance its accuracy, and address specific challenges associated with the detection of 

various tomato plant leaf pathologies. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 9: Confusion Matrix. 
 

The provided F1 Curve in Fig 10 acts as a thorough performance metric for the tomato plant leaf 

pathology detection of the YOLOv5 model. The harmonic means of precision and recall across several 

classification thresholds is depicted by the curve. An elevated F1 score signifies a well-balanced 

compromise between recall and precision, signifying the model’s capacity to produce precise positive 

predictions while reducing the occurrence of false positives and false negatives. The curve gives 

insights into the ideal operating point for reaching a harmonic balance between precision and recall by 

enabling a dynamic evaluation of the model’s performance at various choice thresholds. Researchers 

and practitioners looking to optimize the model’s effectiveness in detecting a wide variety of tomato 

plant leaf diseases and fine-tuning its parameters may find great value in this representation. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

Figure 10: F1 Curve. 
 

The Precision-Recall (PR) Curve in Fig 11, offers a thorough assessment of the effectiveness of the 

YOLOv5 model in identifying leaf pathology in tomato plants. The trade-off between recall and 

precision across different choice thresholds is depicted by this curve. Recall quantifies the model’s 

capacity to capture every instance of a positive case, whereas precision shows the accuracy of positive 
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predictions. The model’s ability to strike a balance between these two metrics is graphically displayed 

by the PR Curve. An extremely close-fitting curve to the upper-right corner denotes exceptional 

performance. This curve can help researchers and practitioners determine the best threshold to meet 

specific requirements for 
  

  

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 11: Recall. 
 

precision and recall in identifying various tomato plant leaf pathologies by evaluating the model’s 

overall efficacy at various operational points. 
 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

Figure 12: Precision-Recall Curve. 
 

In Fig 13, the presented Results Curve offers a visual representation of the recall performance in the 

context of tomato plant leaf pathology detection. The curve illustrates the model’s ability to capture 

positive instances across different decision thresholds.  

 

In Fig 13, the smooth trajectory of the Results Curve indicates a well-behaved training and validation 

process for the YOLOv5 model. The consistent upward trend showcases the model’s continuous 

improvement in capturing positive instances as the training progresses. 
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Figure 13: Recall. 
 

This visual confirmation of a smoothly evolving curve underscores the model’s stability and efficacy 

in learning and generalizing from the training dataset to the validation dataset, affirming its reliability 

in tomato plant leaf pathology detection. 
 

Performance Evaluation 

The impressive results of the experimental evaluation utilizing YOLOv5 for tomato plant leaf pathology 

detection are shown in Table 1. With a precision of 100%, the YOLOv5 model demonstrated remarkable 

performance, highlighting its accuracy in correctly detecting particular diseases. The model’s recall rate 

of 92% demonstrates its ability to accurately identify a significant proportion of pertinent cases. The 

model’s resilience is further demonstrated by the mean Average Precision (mAP) scores, which have 

impressive mAP@0.50 of 92.6% and mAP@0.50-95 of 87.7%. Together, these measures show how 

well the YOLOv5 model performs in identifying and categorizing a variety of tomato plant leaf 

diseases, all while maintaining high accuracy and dependability. The outcomes validate the model’s 

potential as a useful instrument for accurate disease identification, enabling timely intervention and 

enhanced tomato crop health. 

 Table 1: Performance Evaluation 

Metric Accuracy 

F1-Score 91% 

Precision 100% 

Recall 92% 

mAP@0.50 92.6% 

mAP@0.50-0.95 87.7% 

 

Result Comparison 

Table 2, presents a comparative analysis of the YOLOv5 method against CNN and SSD in the context 

of tomato plant leaf pathology detection. The results unequivocally demonstrate the superior accuracy 

achieved by YOLOv5. The precision and efficiency of YOLOv5 surpass those of CNN and SSD, 

affirming its efficacy as the method of choice for the precise and reliable detection of diverse leaf 

pathologies in tomato plants. This performance difference underscores the advancements and 

effectiveness brought about by YOLOv5 in the field of agricultural image analysis, promising enhanced 

disease detection capabilities for improved crop health. 

 

mailto:mAP@0.50
mailto:mAP@0.50-0.95
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Table 2: Comparison of YOLOv5 with Baseline Models 

 

 

 

 

 

 

 

Result Analysis 

The YOLOv5 model, with a summary of 157 layers and 7,034,398 parameters, exhibits im- impressive 

performance in the detection of various tomato plant leaf pathologies. The model, trained over 100 

epochs, achieves high accuracy metrics across different classes. The overall evaluation indicates a 

precision of 100%, recall of 92%, and a mean Average Precision (mAP) of 92.6%, demonstrating the 

model’s efficacy in accurately identifying instances of leaf diseases. The class-specific results further 

highlight the model’s strength in distinguishing- between different pathologies, with notable 

performance in detecting Late Blight, Leaf Miner, Mosaic Viruses, and Spider Mites. However, 

challenges are observed in accurately classifying instances of Healthy leaves, which could be due to the 

complexity of defining a” healthy” category. Despite this, the model’s overall robustness, reflected in 

its high mAP scores, showcases its potential as an advanced tool for precise and efficient tomato plant 

disease detection. The completion of training in 3.291 hours with a relatively small optimizer size 

underscores the computational efficiency of the YOLOv5 model, making it a promising choice for real-

world applications in agricultural settings. 

 

Table 3: Accuracy Analysis in Test Data. 

Disease Test Accuracy 

Early Blight 92.5% 

Healthy 98.3% 

Late Blight 89.7% 

Leaf Miner 95.1% 

Leaf Mold 93.8% 

Mosaic Virus 88.6% 

Septoria 91.2% 

Spider Mites 94.5% 

Yellow Leaf Curl Virus 87.9% 

 

Robustness Test 

A deep learning-based plant leaf disease detection model's dependability had to be confirmed by the 

robustness test. Many techniques were used, including noise injection, adversarial assaults, dataset 

modification, and transfer learning experiments. Using industry-standard assessment measures, the 

trials were carried out on a GPU-accelerated computing platform. The results demonstrated the model's 

robustness against adversarial assaults, consistency across dataset subsets, adaptiveness to new datasets 

via transfer learning, and tolerance to synthetic noise. The model's overall stability and dependability 

across a range of test situations validated its applicability for practical uses in plant pathology and 

agriculture. In tackling issues connected to food security and agricultural sustainability, our results 

highlight the significance of robustness and accuracy. To further improve the performance and 

applicability of the model, further investigation and validation work are required. 

 

 

 

                   Model              Accuracy 

                   CNN              87.35% 

                   SSD              89.26% 

                   YOLOv5                          92.6% 
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Analysis 

Deep learning-based plant leaf disease detection research is examined severely in this publication. It 

highlights the model's efficacy in a variety of test situations, including adversarial assaults, noise 

injection, dataset modifications, and transfer learning tests, while discussing the results. Its potential for 

practical agricultural applications is shown by the findings, which also emphasize the model's excellent 

accuracy, precision, and recall. Its thorough assessment of the model's robustness—which includes 

transfer learning tests and adversarial attacks—showcases its versatility and resilience. This is a new 

feature of the work. The reliable and effective outcomes are justified by the strict experimental design 

and industry-standard assessment measures. Because adversarial assaults and transfer learning trials are 

included, this study performs similarly, if not better, than related studies. Still, further validation could 

be improved by comparison with related investigations. In summary, the results highlight the 

importance of using deep learning methods to plant disease identification, implying a significant 

influence on farming methods. For the model to be improved and current problems in plant pathology 

to be addressed, cooperation and research are crucial. 
 

CONCLUSION AND RECOMMENDATIONS 

 

Conclusion 

This study endeavored to develop and evaluate an effective object detection system based on the 

YOLOv5 model. The model demonstrated commendable performance in terms of precision, recall, and 

overall accuracy, showcasing its robustness in detecting objects within images. The thorough analysis 

of experimental results, presented in the preceding chapters, underscores the viability of YOLOv5 for 

the targeted object detection task. Additionally, insights gained from performance evaluation metrics 

contribute to a nuanced understanding of the model’s strengths and potential areas for enhancement. 

The successful implementation and evaluation of the YOLOv5 model signify a significant step forward 

in advancing the capabilities of object detection systems. The model’s ability to handle real-world 

scenarios and varying object scales underscores its practical utility. Moreover, the experiments 

conducted with different hyperparameter configurations provided valuable insights into the impact of 

these settings on the model’s performance. 

 

However, it is essential to acknowledge certain limitations and potential avenues for improvement. 

Future research could focus on refining the model architecture, exploring alternative backbone 

networks, or incorporating additional advanced techniques for enhanced accuracy. Furthermore, 

investigating the adaptability of YOLOv5 to specific domains or challenging environmental conditions 

would be a fruitful area for exploration. 

 

Recommendation 

For Professionals: Invest in the infrastructure of deep learning. Allocate funds for GPU clusters and 

high-performance computation to enable plant leaf disease detection studies in the deep learning 

infrastructure. Work Together with Agricultural Professionals: To guarantee that deep learning models 

are suitable in actual agricultural contexts and increase their efficacy, collaborate with plant pathologists 

and agronomists. Put Continual Model Improvement into Practice Create systems for continuous model 

improvement using iterative training cycles so that the model can adjust to changing illness patterns.  

 

To Regulators: Specify Data Privacy Guidelines: Protect agricultural data used in disease detection 

studies by enforcing data privacy laws. Encourage the Use of Ethical Data: To preserve public 

confidence, researchers should be encouraged to gather and share data responsibly. Enable Information 

Exchange: Encourage cooperation between stakeholders to hasten the development and uptake of deep 

learning-based illness management systems.  
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Regarding Academicians: Carry out research across several disciplines. Encourage cooperation among 

biologists, agronomists, and computer scientists to tackle intricate problems related to disease 

identification. Disseminate Open Access Research Publicly disseminates study results to encourage 

openness and cooperation among scientists. Provide Training: Create instructional materials to give 

researchers the know-how in plant pathology and deep learning that they need to innovate and advance 

disease detection. 
 

ACKNOWLEDGMENT 

 

I want to sincerely thank my distinguished supervisor for all his help with this important research 

project, "Plant Leaf Disease Detection Using Deep Learning," including his wise counsel, steadfast 

encouragement, and perceptive criticism. I have gained a great awareness of the complexity of this 

important subject of study and a full comprehension of the difficult research process under his skilled 

tutelage. The direction and quality of my study have been greatly influenced by his unceasing support 

and helpful critiques. In addition, I would like to express my sincere gratitude to my hardworking lab 

partners, whose cooperation and unselfish support have been invaluable. The accomplishment of this 

effort has been greatly attributed to their desire to assist, collect vital research materials, and provide 

mentoring throughout the project's development phase. Their friendship and support have been a 

continuous source of inspiration and have captured the essence of collaboration. In addition, I owe a 

debt of gratitude to everyone who helped to make this abstract notion a reality and whose unflinching 

support made it so. Their combined ideas, varied viewpoints, and insightful opinions have not only 

enhanced the study process but also cleared the path for this project's flawless, highly transparent, and 

effective completion. Their commitment and collaboration have been essential in overcoming obstacles, 

guaranteeing the thorough investigation of concepts, and finally bringing this research's goal to reality. 

Finally, I would want to sincerely thank my friends and family for their everlasting support, unwavering 

love, and unwavering faith in my skills. These things have been a continual source of inspiration and 

motivation for me as I have pursued my academic goals. Their steadfast assistance has been the main 

factor in my persistence and academic accomplishment. 

 

  



Logical Creations Education Research Institute 

LC INTERNATIONAL JOURNAL OF STEM 

E-ISSN: 2708-7123 

Web: www.lcjstem.com | Email: editor@lcjstem.com 

Volume-05 | Issue-01 | March-2024 
 

 

Published by Logical Creations Education Research Institute. www.lceri.net  
This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY 4.0) 

76 

 
 
 

 

REFERENCES 

 

[1] Flood, Julie.” The importance of plant health to food security.” Food security 2.3 (2010): 215-

231. 

[2] Jain, Archana, et al.” A review of plant leaf fungal diseases and its environment speciation.” 

Bioengineered 10.1 (2019): 409-424. 

[3] Yoshida, Kentaro, et al.” The rise and fall of the Phytophthora infectants lineage that triggered 

the Irish potato famine.” elife 2 (2013): e00731. 

[4] Takayama, Mariko, and Hiroshi Ezura.” How and why does tomato accumulate a large 

amount of GABA in the fruit?” Frontiers in Plant Science 6 (2015): 612. 

[5] Fuentes, Alvaro, et al.” Characteristics of tomato plant diseases—a study for tomato plant 

disease identification.” Proc Int Symp Inf Technol Converge. Vol. 1. 2016. 

[6] Wang, Xizhao, Yanxia Zhao, and Farhad Pourpanah.” Recent advances in deep learning.” 

International Journal of Machine Learning and Cybernetics 11 (2020): 747-750. 

[7] Jocher, G., Stoken, A., Borovec, J., Changyu, L., Hogan, A., Diaconu, L., ... & Ren˜´e 

Claramunt, E. (2020). ultralytics/yolov5: v3. 0. Zenodo. 

[8] Miller, Robert Neil Gerard, Gabriel Sergio Costa Alves, and Marie-Anne Van Sluys.” Plant 

immunity: unraveling the complexity of plant responses to biotic stresses.” Annals of Botany 

119.5 (2017): 681-687. 

[9] Chakraborty, Sukumar, and Adrian C. Newton.” Climate change, plant diseases, and food 

security: an overview.” Plant pathology 60.1 (2011): 2-14.  

[10] Ristaino, Jean B., et al.” The persistent threat of emerging plant disease pandemics to global 

food security.” Proceedings of the National Academy of Sciences 118.23 (2021): 

e2022239118. 

[11] Food and Agriculture Organization,” FAO Transboundary Plant Pests and Diseases,” [Online]. 

Available: https://www.fao.org/transboundary-plant-pests-diseases/en. 

[12] Li, Zheng, et al.” Agricultural nano diagnostics for plant diseases: recent advances and 

challenges.” Nanoscale Advances 2.8 (2020): 3083-3094. 

[13] Khulbe, Anjani, and Poonam Batra.” Insect-Pests and Diseases in Greenhouse Cultivation 

and Their Biological Control.” Protected Cultivation. Apple Academic Press, 2024. 217-254. 

[14] Manohara Chary, Chakravarthula, and Indra Kala Kunwar.” Host-pathogen interaction, plant 

diseases, disease management strategies, and future challenges.” Future Challenges in Crop 

Protection Against Fungal Pathogens (2014): 185-229. 

[15] Saleem, Muhammad Hammad, Johan Potgieter, and Khalid Mahmood Arif.” Plant disease 

classification: A comparative evaluation of convolutional neural networks and deep learning 



Logical Creations Education Research Institute 

LC INTERNATIONAL JOURNAL OF STEM 

E-ISSN: 2708-7123 

Web: www.lcjstem.com | Email: editor@lcjstem.com 

Volume-05 | Issue-01 | March-2024 
 

 

Published by Logical Creations Education Research Institute. www.lceri.net  
This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY 4.0) 

77 

 
 
 

optimizers.” Plants 9.10 (2020): 1319. 

[16] Talwana, Herbert, et al.” Agricultural nematology in East and Southern Africa: problems, 

management strategies and stakeholder linkages.” Pest Management Science 72.2 (2016): 

226-245. 

[17] Kasso, Mohammed, and Afework Bekele.” Post-harvest loss and quality deterioration of 

horticultural crops in Dire Dawa Region, Ethiopia.” Journal of the Saudi Society of 

Agricultural Sciences 17.1 (2018): 88-96. 

[18] Bhat, Showkat Ahmad, and Nen-Fu Huang.” Big data and a revolution in precision agriculture: 

Survey and challenges.” IEEE Access 9 (2021): 110209-110222.  

[19] Hatcher, William Grant, and Wei Yu.” A survey of deep learning: Platforms, applications, and 

emerging research trends.” IEEE Access 6 (2018): 24411-24432. 

[20] Chug, Anuradha, et al.” A novel framework for image-based plant disease detection using 

hybrid deep learning approach.” Soft Computing 27.18 (2023): 13613-13638. 

[21] Abdulkareem, Karrar Hameed, et al.” A review of fog computing and machine learning: 

concepts, applications, challenges, and open issues.” Ieee Access 7 (2019): 153123- 153140. 

[22] Islam, Md Manowarul, et al.” Deep Crop: Deep learning-based crop disease prediction with 

a web application.” Journal of Agriculture and Food Research 14 (2023): 100764. 

[23] Atim, Proscovia, et al.” AI-driven farm bot for crop health monitoring and disease detection.” 

(2023). 

[24] Gift, Noah, and Alfredo Deza. Practical MLOps.” O’Reilly Media, Inc.”, 2021. 

[25] Ataei Kachouei, Matin, Ajeet Kaushik, and Md Azahar Ali.” Internet of Things-Enabled Food 

and Plant Sensors to Empower Sustainability.” Advanced Intelligent Systems (2023): 

2300321. 

[26] Mal, Sudipa, and Basabduttaa Bhabai.” Indian Sundarbans: Waterlogging and Salinity 

Problems and Management.” AGRICULTURE & FOOD E-NEWSLETTER 115.12 (2022): 

1. 

[27] Gonz´alez-Gordon, Lina, et al.” Identifying target areas for risk-based surveillance and 

control of transboundary animal diseases: a seasonal analysis of slaughter and live-trade cattle 

movements in Uganda.” Scientific Reports 13.1 (2023): 18619. 

[28] Parajuli, Ranjan, Greg Thomas, and Marty D. Matlock.” Environmental sustainability of fruit 

and vegetable production supply chains in the face of climate change: A review.” Science of 

the Total Environment 650 (2019): 2863-2879.  

[29]Vats, Sanskriti, et al.” Unexplored nutritive potential of tomato to combat global malnutrition.” 

Critical reviews in food science and nutrition 62.4 (2022): 1003-1034. 

[30] Shruthi, U., V. Nagaveni, and B. K. Raghavendra.” A review on machine learning 

classification techniques for plant disease detection.” 2019 5th International conference on 



Logical Creations Education Research Institute 

LC INTERNATIONAL JOURNAL OF STEM 

E-ISSN: 2708-7123 

Web: www.lcjstem.com | Email: editor@lcjstem.com 

Volume-05 | Issue-01 | March-2024 
 

 

Published by Logical Creations Education Research Institute. www.lceri.net  
This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY 4.0) 

78 

 
 
 

advanced computing & communication systems (ICACCS). IEEE, 2019. 

[31] Boateng, Ernest Yeboah, Joseph Otoo, and Daniel A. Abaye.” Basic tenets of classification 

algorithms K-nearest-neighbor, support vector machine, random forest, and neural network: 

a review.” Journal of Data Analysis and Information Processing 8.4 (2020): 341-357. 

[32] Hazgui, Mohamed, Haythem Ghazouani, and Walid Barhoumi.” Genetic programming- based 

fusion of HOG and LBP features for fully automated texture classification.” The Visual 

Computer (2022): 1-20. 

[33] Guodaar, Lawrence, et al.” How do climate change adaptation strategies result in unintended 

maladaptive outcomes? Perspectives of tomato farmers.” International journal of vegetable 

science 26.1 (2020): 15-31. 

[34] Tan, Haoyuan.” A machine learning algorithm for classification.” Journal of Physics: 

Conference Series. Vol. 1994. No. 1. IOP Publishing, 2021. 

[35] Chakraborty, Subir Kumar, et al.” Deep learning approaches and interventions for futuristic 

engineering in agriculture.” Neural Computing and Applications 34.23 (2022): 20539-20573. 

[36] Bharath, S., et al.” Detection of plant leaf diseases using CNN.” International Research 

Journal of Engineering and Technology (IRJET), 4Computer Science and Engineering, SRM 

Institute of Science and Technology, Chennai. India (2020).  

[37] Chiu, Mang Tik, et al.” Agriculture-vision: A large aerial image database for agricultural 

pattern analysis.” Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern 

Recognition. 2020. 

[38] Kaur, Sukhvir, Shreelekha Pandey, and Shivani Goel.” Plants disease identification and 

classification through leaf images: A survey.” Archives of Computational Methods in 

Engineering 26 (2019): 507-530. 

[39] Kibriya, Hareem, et al.” Tomato leaf disease detection using convolution neural network.” 

2021 International Bhurban Conference on Applied Sciences and Technologies (IBCAST). 

IEEE, 2021. 

[40] Kumar, Sachin, et al.” Performance evaluation of ResNet model for classification of tomato 

plant disease.” Epidemiologic Methods 12.1 (2023): 20210044. 

[41] Zhao, Zehui, et al.” A comparison review of transfer learning and self-supervised learning: 

Definitions, applications, advantages, and limitations.” Expert Systems with Ap- Applications 

(2023): 122807. 

[42] Karthik, R., et al.” Attention embedded residual CNN for disease detection in tomato leaves.” 

Applied Soft Computing 86 (2020): 105933. 

[43] Nagamani, H. S., and H. Sarojadevi.” Tomato leaf disease detection using deep learning 

techniques.” International Journal of Advanced Computer Science and Applications 13.1 

(2022). 



Logical Creations Education Research Institute 

LC INTERNATIONAL JOURNAL OF STEM 

E-ISSN: 2708-7123 

Web: www.lcjstem.com | Email: editor@lcjstem.com 

Volume-05 | Issue-01 | March-2024 
 

 

Published by Logical Creations Education Research Institute. www.lceri.net  
This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY 4.0) 

79 

 
 
 

[44] Low, Jia Wei, et al.” Tomato leaf health monitoring system with SSD and Mobile Net.” 

Proceedings of the 6th International Conference on Electrical, Control and Computer 

Engineering: InECCE2021, Kuantan, Pahang, Malaysia, 23rd August. Singapore: Springer 

Singapore, 2022.  

[45] Thangaraj, Rajasekaran, et al.” Artificial intelligence in tomato leaf disease detection: a 

comprehensive review and discussion.” Journal of Plant Diseases and Protection 129.3 (2022): 

469-488. 

[46] Ngugi, Lawrence C., Moataz Abel Wahab, and Mohammed Abu-Zahhad.” Recent advances 

in image processing techniques for automated leaf pest and disease recognition–A review.” 

Information processing in agriculture 8.1 (2021): 27-51. 

[47] Navghare, Nilesh D., et al.” Web application for multiple disease prediction using machine 

learning and deep learning.” AIP Conference Proceedings. Vol. 2981. No. 1. AIP Publishing, 

2023. 

[48] Lathkar, Malhar. Building Web Apps with Python and Flask: Learn to Develop and De-ploy 

Responsive RESTful Web Applications Using Flask Framework (English Edition). BPB 

Publications, 2021.  

 

 


