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ABSTRACT 

 

This study focuses on the use of deep learning techniques to recognize local winter 

vegetables, which is a vital part of agricultural precision farming. Tomato Leaf Blight 

Disease, Eggplant Healthy Leaf, Potato Leaf Anthracnose Disease, Potato Healthy Leaf, 

Bean Leaf Golden Mosaic Disease, Melon Leaf Late Blight Disease, Eggplant Leaf 

Blight Disease, Bitter Melon Healthy Leaf, Tomato Healthy Leaf, and Bean Healthy Leaf 

were among the ten target attributes carefully collected. A number of modern deep 

learning algorithms, including 'DenseNet201,' 'ResNet50,' 'VGG19,' 'InceptionV3,' and a 

standard Convolutional Neural Network (CNN), were used to achieve able recognition. 

Using the collected dataset, each algorithm received accurate training and evaluation 

processes. unexpectedly DenseNet201 developed as the most effective model, 

outperforming all others with a remarkable 99.68% accuracy. This success shows the 

importance of connected convolutional networks in capturing complicated patterns in a 

diverse and complex dataset of local winter vegetables. DenseNet201's high accuracy 

shows the capacity to recognize little changes in vegetable attributes, making it a 

powerful tool for agricultural applications. This study's findings not only contribute to the 

field of local winter vegetable recognition, but also indicate the efficacy of specific deep 

learning algorithms in addressing the complicated issues of plant health assessment. 

Because of DenseNet201's shown performance, there are positive opportunities for the 

creation of accurate and useful precision agriculture solutions, which will eventually help 

farmers make decisions more quickly and properly. 
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CHAPTER 1 

Introduction 
 

 

1.1 Introduction 
 

The concept of precision farming shows accurate recognition of plant health, especially 

over the winter season, for farmers searching for optimal crop management techniques. 

This study looks into the field of Local winter vegetable recognition using deep learning 

techniques, providing a comprehensive approach to identifying and classifying different 

winter vegetables that are common in a specific region. With the increasing importance 

of using technology for efficient agricultural practices, the use of deep learning 

algorithms offers an opportunity for automating and improving the recognition process.[1] 

The dataset used in this study is a thorough making of 2084 images that includes 10 

target attributes that represent a range of conditions such as diseases and the overall 

health of winter vegetables. Tomato Leaf Blight Disease, Eggplant Healthy Leaf, Potato 

Leaf Anthracnose Disease, Potato Healthy Leaf, Bean Leaf Golden Mosaic Disease, 

Melon Leaf Late Blight Disease, Eggplant Leaf Blight Disease, Bitter Melon Healthy 

Leaf, Tomato Healthy Leaf, and Bean Healthy Leaf are among the attributes selected. 

This different dataset, collected from thorough research and images, gathers the specific 

characteristics and variations that come with local winter vegetables, providing a solid 

training ground for deep learning models.[2] To address the challenge's difficulty, a 

variety of sophisticated deep learning algorithms, including 'DenseNet201,' 'ResNet50,' 

'VGG19,' 'InceptionV3,' and a conventional Convolutional Neural Network (CNN), were 

used. Each algorithm was carefully trained and evaluated, with a special focus on its 

ability to be applied across different vegetable attributes and conditions. Unexpectedly 

the results of this study reveal DenseNet201's outstanding performance, with an excellent 

accuracy of 99.68%. The success of this highly connected convolutional network shows 

its ability to identify subtle patterns and variations in the complex dataset, developing it 

as the best for local winter vegetable recognition.[3] As  look more deeply into the 

complicated nature of deep learning algorithms and their application in agricultural 

contexts, the findings of this study not only contribute to the advancement of plant health 

evaluation but also open doors for the implementation of practical and accurate precision 
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agriculture solutions. Finally, the goal of this research is to provide farmers with the tools 

and insights they need to make timely and informed decisions, paving the way for 

improved productivity in agriculture and long-term viability. 

 
1.2 Motivation 

 

The motivation to study this research follows from the urgent need for changing farming 

techniques, especially when considering the context of local winter vegetable recognition. 

Traditional plant health evaluation techniques usually stop short of providing timely and 

accurate information, which may result in crop losses and mistakes. I am hoping to close 

this gap by using the power of deep learning techniques and providing farmers with 

advanced tools for accurate and successful choices. This study's diverse and specific to 

the area dataset indicates our commitment to addressing the unique challenges presented 

by farmers during the winter season.  As I see deep learning algorithms have a positive 

impact in a variety of areas, applying these advancements to agriculture has huge 

possibilities for improving crop management, reducing losses, and developing sustainable 

farming practices. The goal of this research is to contribute to a future in which 

technology serves as an opportunity for increasing agricultural productivity and ensuring 

food security in the face of changing environmental and economic challenges. 

 

1.3 Rational of the Study 
 

Importance of this study comes from its ability to change ways of farming, particularly in 

the field of recognizing local winter vegetables. Agriculture, the backbone of global 

economies, is facing increasing challenges, which have been made worse by climate 

change and increased demand for sustainable farming. During the winter season, accurate 

and timely identification of plant health issues is essential for crop decision making. This 

study aims to address the special challenges related to winter vegetables through the use 

of deep learning techniques and a specific to the area dataset. The research is motivated 

by the urgent need to provide farmers with advanced tools that provide accurate 

information into crop health, ultimately leading to increased productivity and resource 

optimization. As we move toward a future in which technology plays an important part in 

agriculture, this study adds to ongoing efforts to improve food security, promote 

sustainability, and provides farmers with innovative crop management solutions. 
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1.4 Research Questions 

1. Can deep learning algorithms accurately recognize and classify local winter vegetables 

based on a diverse dataset? 

2. How does the performance of DenseNet201 compare to ResNet50, VGG19, 

InceptionV3, and a standard CNN in the context of winter vegetable recognition? 

3. What insights can exploratory data analysis provide into the distribution and 

challenges of the collected dataset for local winter vegetable recognition? 

4. How do different deep learning models perform in distinguishing between various 

attributes, including diseases and healthy conditions, of winter vegetables? 

5. To what extent can image augmentation techniques enhance the robustness and 

generalization ability of deep learning models for local winter vegetable recognition? 

6. How does the recognition accuracy of the deep learning models vary across the 10 

target attributes, including Tomato Leaf Blight Disease and Bean Healthy Leaf? 

7. What practical implications and benefits can arise from deploying the most accurate 

model, DenseNet201, in real-world scenarios for local winter vegetable recognition? 

 

1.5 Expected Output 
 

This study's expected output is a highly accurate and effective deep learning model for 

local winter vegetable recognition. We are expecting that DenseNet201 will outperform 

other algorithms, with a recognition accuracy of around 99.68%. The model is expected 

to accurately differentiate between the ten target attributes, including various diseases and 

healthy winter vegetable conditions, providing farmers with valuable insights. 

Furthermore, the application of the trained model in real-world scenarios is expected to 

contribute to precision agriculture by helping farmers to make informed crop 

management decisions. This research has a chance to reduce crop losses, optimize the use 

of resources, and boost overall agricultural productivity during the winter season. The 

study's primary objective is to provide an actual strategy for advancing sustainable and 
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technology-driven agricultural practices, preparing the way for a more strong and 

efficient approach to winter vegetable cultivation. 

 

1.6 Project Management and Finance 
 

The success of this research project depends on a properly organized project management 

plan. From dataset collection and preprocessing to model training and evaluation, a 

detailed timeline has been established, including important points. Regular progress 

reviews and team collaborations ensure a smooth workflow. The budget is allocated to 

cover data collection costs, computing power for training deep learning models, and the 

possible expenses related to dataset augmentation tools. Any unexpected difficulties or 

the need for additional resources during the course of the project's life have been properly 

planned for. This prudent resource allocation shows our dedication to the project's 

success and the generation of significant knowledge in the field of local winter vegetable 

recognition. 

 

Table 1.6: Project Management Table 

 

Work Time 

Data Collection 2 months 

Literature Review 1 months 

Experimental Setup 1 month 

Implementation 2 months 

Report Writing 1 months 

Total 7 months 

 

 
1.7 Report layout 

 

The suggested report division presents an operational plan for a work on deep learning 

approaches to identifying local winter vegetables in precision agriculture. Chapter 1 

provides the background of this study in improving the use of technology in agriculture. 

Chapter 2 offers a detailed background which involves a discussion of the related 
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literature on deep learning in agriculture and methods of vegetable recognition. In 

Chapter 3, the authors describe the choice of the data, its preparation, and the chosen 

deep learning methods like DenseNet201 and other candidates. Chapter 4 demonstrates 

the application of outcomes of the proposed method of DenseNet201 for the 

identification of ten features of winter vegetables. The societal implication is reviewed in 

Chapter 5 as it emphasizes on how accurate vegetable recognition can improve crop 

yields and fight diseases. Chapter 6 concludes research by highlighting key results and 

presenting recommendations on the effectiveness of deep learning methods to improve 

agriculture, feasible usage of these technologies, and potential future studies to ensure the 

optimization of artificial intelligence’s contribution to the agricultural industry. 
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CHAPTER 2 

Background 

 

2.1 Preliminaries 

 

The beginning of this research project demands highly organized planning and 

preparation. Data collection efforts have been made to collect a diverse dataset of 2084 

images showing many different features of local winter vegetables, including diseases 

and healthy conditions. A thorough review of the literature has provided the groundwork 

for understanding present methods, challenges, and advancements in the field of plant 

recognition using deep learning techniques. It is important to establish a solid project 

management framework that defines important objectives, timelines, and tasks. 

Concurrently, the project's financial aspects have been addressed, with a budget for data 

collection, computer hardware and software, and possible events set aside. Preliminary 

discussions and relationships among team members ensure that the research objectives 

are approached regularly. Preliminaries set the stage for an organized and accurate 

research into the field of local winter vegetable recognition using advanced deep learning 

algorithms as we embark on this journey. 

 

2.2 Related Works 

 

The A detailed summary of recent research on deep learning algorithms for plant 

recognition is given in the section devoted to related publications. Examining earlier 

research provides an overview of methods, model designs, and results, highlighting 

developments and difficulties. This assessment of recent work serves as the basis for 

recognizing the features and comprehending the contributions of this research: 

Ismail, Nazrul, et al. [1] presents a novel machine vision system for automating the visual 

assessment of fruit freshness and appearance without causing harm to the produce. This 

system blends deep learning methodologies and stacking ensemble approaches. To 

determine the best deep learning model for fruit grading, the researchers compared 

ResNet, DenseNet, MobileNetV2, NASNet, and EfficientNet. Using a reasonably priced 

Raspberry Pi module with a camera and touchscreen display for user interaction, the 
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system has real-time visual inspection capabilities. When employing the EfficientNet 

model, testing on the apple and banana datasets revealed remarkable average accuracy 

rates of 99.2% and 98.6%, respectively, with minor enhancements made by stacking 

ensemble approaches. Additionally, the system outperformed existing techniques during 

real-time testing on actual fruit samples, achieving high accuracy rates of 96.7% for 

apples and 93.8% for bananas. Darwin, Bini, et al. [2] focused on the use of deep learning 

techniques in intelligent farming, especially in relation to crops like grapes, apples, citrus, 

tomatoes, and vegetables like sugarcane, corn, soybeans, cucumber, maize, and wheat. 

The research covered in the paper has influenced real-world applications like managing 

pest infestations, weed detection, and robot harvesting. In these agricultural applications, 

conventional deep learning techniques demonstrated an accuracy of 92.51% on average. 

The paper examines several automated methods for detecting agricultural yields, 

including classifier and virtual analytic tools, while also discussing the technical 

difficulties and limitations of existing deep learning techniques. Additionally, it 

highlights how important it is to investigate deep learning and machine vision models to 

improve automated precision farming, particularly in light of the current pandemic. 

Zheng, Yang-Yang, et al. [3] addressed deployment of deep learning technology in 

precision agriculture faces a severe hurdle in the form of a dearth of crop vision datasets 

with domain-specific annotations.  CropDeep is a robust benchmark for deep-learning-

based classification and detection in agriculture since, unlike existing datasets, it includes 

photographs taken in various agricultural settings using various cameras and equipment, 

including visually similar species and periodic changes. The dataset's complexity and the 

room for improvement in deep-learning models for crop production and management are 

highlighted by baseline experiments using cutting-edge deep-learning models that show 

exceptional classification accuracy exceeding 99%, but detection accuracy lags behind at 

92%. Additionally, the study implies that YOLOv3 networks are promising for 

agricultural detection tasks. Salim, Nareen OM, et al. [4] evaluated food with accuracy 

using a sophisticated computer-based food identification system that may be used with 

mobile devices and cloud services. This approach tackles the problem of detecting and 

classifying different food types from photographs, taking into account the enormous 

variety of food products with low inter-class and high intra-class variances. The research 

suggests the use of multiple fusion-trained classifiers to address this complexity, 
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leveraging characteristics taken from diverse deep learning models to improve 

identification and recognition abilities. The study investigates various methods for 

identifying foods and evaluates their efficacy in light of various variables. The findings 

ultimately show that deep learning beats competing approaches like manual feature 

extraction and conventional machine learning algorithms, establishing itself as an 

effective tool for food hygiene and safety inspections. Sood, Shivani, et al. [5] 

emphasized how crucial it is to encourage people to eat nutritious foods in the face of 

problems like food shortages, poor food quality, waste, and resource shortages. It 

examines how computer vision and machine learning techniques might be used to 

address these problems, especially when applied to agriculture and food items. Decision-

making, illness prediction, categorization, fruit sorting, soil quality evaluation, and other 

processes can all benefit from image processing. The paper undertakes a thorough 

examination of statistical and computer vision techniques used in food production and 

agriculture, placing particular attention on the efficiency of Deep Learning (DL) 

techniques, particularly in image processing applications. The page also offers a useful 

resource by identifying publicly accessible datasets pertinent to this area of study. 

Ushadevi, G et al. [6] Predicted agricultural production, evaluating soil quality, 

identifying plant diseases, and comprehending how meteorological elements affect crop 

productivity are just a few of the critical uses for data analysis in agriculture. Crop 

protection is essential to preserving agricultural productivity because viruses, pests, 

weeds, and animals can result in large losses. Automatically identifying plant diseases 

based on visual symptoms is made possible by machine learning techniques including 

Random Forest, Bayesian Network, Decision Tree, and Support Vector Machine. This 

study offers an overview of various existing machine learning techniques for predicting 

plant diseases. By enabling prompt diagnosis and preventive measures, early illness 

detection through automation improves agriculture productivity. Rehman, Tanzeel U., et 

al. [7] covered the examination of colors, shapes, textures, and spectral properties of 

things based on photographs. Because there are so many applications for machine 

learning, this review mainly concentrates on statistical machine learning techniques in the 

context of agriculture. Unsupervised learning and supervised learning are the two 

primary categories of statistical machine learning techniques that have found widespread 

application in this field. The study provides a thorough overview of the current statistical 
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machine learning approaches in machine vision systems for agriculture, evaluating their 

potential for certain agricultural tasks and presenting illustrative examples from various 

agricultural domains. The article discusses prospective future developments in the use of 

statistical machine learning technologies in agriculture, as well as advice for selecting 

various statistical machine learning approaches for particular objectives and outlining the 

drawbacks of each approach. Lac, Louis, et al. [8] presented an algorithm for precision 

jobs in vegetable fields, such as mechanized hoeing within crop rows, that can detect, 

locate, and track the positions of crop stems in photographs. In order to identify crop 

stems in individual RGB photos, the system first uses a deep neural network for object 

detection. It then leverages an aggregation algorithm to further enhance these detections 

by taking use of the temporal redundancy in succeeding frames. Images of maize and 

bean crops in their early stages that were taken in the field using a camera attached to an 

experimental mechanical weeding system were used to evaluate the pipeline. Impressive 

F1-scores of 94.74% for maize and 93.82% for beans are shown in the results, with a 

location accuracy of roughly 0.7 cm when compared to human annotation. Additionally, 

this pipeline uses only 30 watts of electricity and may run in real-time on an embedded 

computer. Kumar, Rakesh, et al. [9] studied the context of agricultural planning; many 

academics have concentrated on applying statistical approaches and machine learning 

techniques to estimate crop output rates, weather forecasts, soil classification, and crop 

categorization. But choosing the best crop when there are numerous possibilities for a 

certain amount of land resources is still a difficult conundrum. In order to solve the crop 

selection problem, the Crop Selection Method (CSM) is introduced in this study. The 

main objective of CSM is to increase net yield rates of crops over the course of a season, 

which will ultimately result in the nation's economy growing as much as possible. The 

suggested approach might increase crop net yield rates, boosting agricultural production 

in the process. Hoeser, Thorsten, et al. [10] The high entrance barriers that Earth 

Observation (EO) researchers must overcome are discussed in this paper. These barriers 

are mostly caused by the field's rapid evolution, which is being fueled by developments 

in computer vision (CV). With a focus on image segmentation and object detection 

within convolutional neural networks (CNNs), it intends to make it easier for EO 

researchers to obtain information by providing an overview of the development of deep 

learning (DL). The report examines trends between important CNN architectures and CV 
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ideas from late 2019 to 2012, when CNNs revolutionized image recognition. The paper 

also briefly discusses the evolution of well-known DL frameworks and offers details on 

datasets pertinent to EO. The paper closes the gap between theoretical CV principles and 

their actual applications in EO by discussing successful DL models on these datasets and 

exploring the impact of CV improvements on EO research. Berwo, Michael Abebe, et al. 

[11] increased due to the rapid development of Deep Learning (DL) in a number of 

different industries. In-depth analyses of a variety of methods for vehicle recognition and 

classification are presented in this study, with a focus on how they might be applied to 

manage tolls, track targets in real-time, and estimate traffic density. In addition, the paper 

presents a thorough analysis of DL methods, benchmark datasets, and fundamental ideas. 

With a focus on vehicle detection and classification, it surveys important detection and 

classification applications and explores the difficulties that come with them. The 

discussion of the exciting technological developments in the area of DL-based vehicle 

identification and classification that have recently surfaced finishes the paper. Duth, P. 

Sudharshan, et al. [12] emphasized the difficulty of differentiating between visually 

identical vegetables, such as red tomatoes and red capsicums, which share similar color 

characteristics. The project focuses on the construction of an effective vegetable 

recognition system. The work suggests an intraclass vegetable recognition system using 

deep learning methods to address this. Convolutional neural networks (CNN) are used 

specifically to extract and learn from images to reliably classify veggies. The evaluation's 

findings show a high accuracy rate of 95.50% for classifying intraclass veggies, 

underscoring the usefulness of deep learning in this situation. Overall, the research 

presents a viable approach for accurate deep learning vegetable recognition. Boogaard, 

Frans P., et al. [13] focused on calculating internode length in cucumber plants and 

suggested a technique for monitoring internode growth over time. For reliable node 

detection, the method uses a deep convolutional neural network, obtaining good precision 

(0.95) and recall (0.92) in tests. Nodes are found in photos taken from various angles all 

around the plant to address the complexity, clutter, and node occlusion caused by other 

plant elements. Using affinity propagation, these discovered nodes are then grouped, 

producing a good cluster quality with homogeneity (0.98) and completeness (0.99). 

Finally, to investigate internode development over time, a linear function is fitted. With a 

relative error of 5.8%, the approach outperforms previous literature in terms of accuracy 



©Daffodil International University, Bangladesh  11  

and temporal resolution when assessing internode length in cucumber plants. Seo, 

Youngwook, et al. [14] discovered on metallic surfaces of food processing equipment 

were detected and categorized using a visible and near-infrared (VNIR) hyperspectral 

imaging approach. In the experiment, distilled water was used to dilute potato and 

spinach juices to six various concentration levels. Using a line-scan VNIR hyperspectral 

imaging equipment, a 3D hypercube of data was recorded between 400 and 1000 nm. 

Each diluted residue in the spectrum domain was identified and classified using six 

different classification techniques, with a 1D convolutional neural network (CNN-1D) 

displaying the greatest classification accuracy. For both spinach and potato residues, 

CNN-1D produced impressive calibration scores of 0.99 and 0.98, as well as validation 

results of 0.94. The performance of CNN-1D was better than that of the support vector 

machine classifier, indicating the potential of VNIR hyperspectral imaging with deep 

learning for the quick and non-destructive identification and classification of organic 

residues in food processing plants. Li, Zhenbo, et al. [15] suggested a novel method for 

improving picture classification accuracy by adapting the VGG-M network design. To 

increase convergence speed and overall accuracy, they add Batch Normalization layers to 

the VGG-M network, designated as VGG-M-BN. According to experimental findings, 

this approach outperforms the original VGG network (92.1%) and AlexNet (86.3%) in 

terms of classification accuracy, achieving a remarkable accuracy rate of 96.5% on a test 

dataset. Network convergence is greatly accelerated by the addition of Batch 

Normalization layers—nearly three times faster. The study also emphasizes the value of a 

bigger training dataset in improving the model's ability to generalize, and it demonstrates 

how the recognition accuracy of the VGG-M-BN network when trained with various 

vegetable picture dataset sizes is directly impacted.The study also shows that increasing 

batch size enhances classification accuracy and that the Rectified Linear Unit (ReLU) 

activation function l.lp outperforms conventional Sigmoid and Tanh functions in the 

context of VGG-M-BN networks. Houetohossou, Sèton Calmette Ariane, et al.[16] used 

deep learning techniques in agriculture as examined in this research, with a focus on 

identifying biotic and abiotic stress in fruits and vegetables. A thorough search of several 

academic databases produced 132 pertinent works from 2003 to 2022. The majority 

(93%) of these papers focused on biotic stress in fruits and vegetables, particularly fungal 

infections. In comparison, abiotic stressors such as heavy metal contamination, water 
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stress, light intensity, and food deprivation got less attention. The study emphasizes the 

usage of Deep Learning and Convolutional Neural Networks, with the most popular 

architectures being GoogleNet, ResNet50, and VGG16. Finally, it identifies research 

needs and provides insights from the examined publications by discussing difficulties 

with precision, imbalanced class distribution, and small database sizes. Begue, Adams, et 

al. [17] established how to identify medicinal plants totally automatically using computer 

vision and machine learning methods. In a scientific environment, leaves from 24 

different species of medicinal plants were collected and photographed with a smartphone. 

Features including length, width, perimeter, area, number of vertices, color, perimeter, 

and area of hull were extracted using a random forest classifier. With an accuracy of 

90.1%, the random forest classifier outperformed other machine learning techniques. 

Future research will concentrate on examining the performance of deep learning neural 

networks for primary healthcare using a larger dataset and high-speed computer facilities. 

The creation of a distinctive picture dataset for medicinal plants on Mauritius is the first 

of its kind in this effort. The development of more effective species identification 

methods by taxonomists, the advancement of local knowledge, and the preservation of 

endangered species could all be facilitated by a web-based or mobile computer system for 

automatic plant recognition. Mukhiddinov, Mukhriddin, et al. [18] proposed a deep 

learning system that uses an improved YOLOv4 model to categorize fruits and 

vegetables into many classes. The system's main objective is to first recognize the type of 

object in an image before classifying it as fresh or rotting. It entails tuning the YOLOv4 

model, producing a sizable image dataset, making use of data augmentation methods, and 

assessing performance. The Mish activation function was incorporated into the model's 

backbone, which increased the model's precision and speed. According to experimental 

findings, the proposed technique greatly outperforms the original YOLOv4 (49.3%) and 

YOLOv3 (41.7%), achieving an average precision of 50.4%. The system has a great deal 

of potential for the creation of real-time, autonomous fruit and vegetable classification 

systems in the food industry and markets. It also has the potential to help people who are 

blind choose healthy foods and prevent foodborne illnesses. Anubha Pearline, et al. [19] 

analyzed the identification of plant species using standard techniques and deep learning. 

The features are retrieved using the conventional technique, which also includes the 

extraction of color channel statistics, Haralick texture, and shape characteristics (Hu 
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moments), as well as texture and texture-related features (local binary pattern and 

texture). Then, several classifiers are used to categorize these traits. For the evaluation, 

four datasets, including a real-time dataset (Leaf12), are used. For the Leaf12 dataset, the 

conventional approach uses a combination of color channel statistics, LBP, Hu moments, 

and Haralick features with a Random Forest classifier to reach a recognition accuracy of 

82.38%. Achieving accuracy rates of up to 99.41% for plant species detection in datasets 

including Folio, Flavia, and Swedish leaf, deep learning models in particular, VGG 16 

and VGG 19 CNN outperform conventional approaches. Ghazi, Mostafa Mehdipour, et 

al. [20] Used three well-known deep learning architectures GoogLeNet, AlexNet, and 

VGGNet this study uses deep convolutional neural networks (CNNs) to recognize 

different plant species in images. Using plant task datasets from LifeCLEF 2015, transfer 

learning is applied by perfecting pre-trained models. To reduce overfitting, data 

augmentation techniques are used to change images in various ways, such as rotation, 

translation, reflection, and scaling. Additionally, the networks' parameters are changed, 

and different classifiers are integrated to improve overall performance. The top-

performing system earned an overall validation set accuracy of 80% and an official test 

set inverse rank score of 0.752. This method outperformed the top three competitors in all 

competition categories, outperforming the top system in the LifeCLEF 2015 plant 

identification campaign by 15 percentage points and the test set inverse rank score by 0.1. 

The system also finished a very close second in the 2016 PlantCLEF competition. 

 

 

2.3 Comparative Analysis and Summary 

 

When deep learning methods such as DenseNet201, ResNet50, VGG19, InceptionV3, and a 

conventional CNN are compared, DenseNet201 performs exceptionally well, with an accuracy 

of 99.68%. This outperforms other models in identifying several characteristics of winter 

veggies grown nearby. DenseNet201's ability to handle complex patterns in the dataset 

highlights how well suited it is for precision farming. In conclusion, the work shows the useful 

use of deep learning algorithms in local winter vegetable detection in addition to providing a 

carefully gathered dataset of 2084 photos covering 10 target variables. The results present 

DenseNet201 as the best option for promising improvements in crop management.  In the 



©Daffodil International University, Bangladesh  14  

difficult setting of winter agriculture, this research provides a solid answer for quick and 

accurate plant health monitoring, providing insightful information about using technology for 

sustainable farming. 

 

TABLE 2.3: COMPARATIVE ANALYSIS OF PREVIOUS WORK 

SL Author Name Used Algorithm Best Accuracy with Algorithm 

1. Ismail, Nazrul, et al. [1] Transfer Learning Model 96.7% 

2. Darwin, Bini, et al. [2] Deep Learning Model 92.51% 

3 Zheng, Yang-Yang, et al. [3] Deep Learning Model 92% 

4 Lac, Louis, et al. [8] Deep Learning Model 94.74% 

5 Duth, P. Sudharshan, et al. [12] CNN 95.50% 

6 Li, Zhenbo, et al. [15] VGG-M 96.5%  

7 Proposed Model CNN & Transfer Learning Model  DendeNet211= 99.68% 

 

 

 

2.4 Scope of the Problem 
 

The context of the challenge includes the identification and classification of diseases on 

citrus fruits’ leaves with the help of deep learning algorithms. Particularly, the 

identification of the four main diseases that affect the rice crop, namely, Sun Burn, 

Anthracnose, Brown Spot, and Fresh that differentiate the healthy rice leaves from the 

diseased ones. The research’s main goal is to design an effective model that will enable 

the accurate diagnosis of citrus diseases, based on images of the leaves. Also, the 

possibility of applying the developed model in actual agricultural environment for early 

detection of diseases and consulting farmers and agriculturists is investigated. Overall, it 

is crucial to understanding the mentioned objectives of the research to prevent diseases, 

protect citrus crops, and increase the yields of agricultural production. 
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2.5 Challenges 

 

Using deep learning techniques to identify winter vegetables locally presents a number of 

obstacles. It takes a great deal of fieldwork and imaging to get a representative and 

diverse dataset, taking into account lighting, backgrounds, and views. It is a recurring 

issue to ensure a fair distribution among the 10 goal criteria, which include both healthy 

and unhealthy circumstances. Careful consideration of parameters and architecture is 

necessary because of the intricate nature of model training and optimization, particularly 

when using deep learning algorithms such as DenseNet201. There are still more 

challenges in resolving class imbalances and overcoming biases that exist in the dataset. 

Moreover, the model must be seamlessly integrated into agricultural operations in order 

for it to be used in real-world circumstances. Connecting the gap between algorithmic 

improvements and useful agricultural applications is a persistent difficulty as technology 

and agriculture interact. Realizing the full potential of local winter vegetable recognition 

for sustainable and effective farming operations presents a number of problems, 

including juggling the complexity of deep learning models with the requirement for 

approachable and user-friendly solutions. 

 



©Daffodil International University, Bangladesh  16  

CHAPTER 3 

Research Methodology 

3.1 Research Subject and Instrumentation  

 

The focus of the research is on using complex algorithms to detect and categorize winter 

veggies using a carefully selected dataset. Instrumentation uses a variety of state-of-the-

art instruments and technology. High-resolution imaging devices are used in data 

gathering to create a varied dataset of 2084 photos that show the differences in local 

winter veggies. A conventional CNN, DenseNet201, ResNet50, VGG19, InceptionV3, 

and other deep learning algorithms are useful tools for training and developing models. 

TensorFlow and PyTorch are two Python-based frameworks that make it easier to 

implement these methods. Furthermore, picture augmentation techniques improve the 

dataset's flexibility, which raises the models' overall efficacy.  The technological 

foundation for the research's goals of improving local winter vegetable recognition 

through cutting-edge deep learning techniques is formed by the combination of three 

essential components. 

 

3.2 Data Collection Procedure 
 

The collection of 2084 carefully chosen photos, which depict various winter vegetable 

situations, makes up the dataset for local winter vegetable recognition. It includes ten 

target qualities, with a fixed number of values allocated to each. Notably, Potato Leaf 

Anthracnose Disease is at number 210, followed by Eggplant Healthy Leaf at number 

213 and Tomato Leaf Blight Disease at number 228. There are 210 cases of Potato 

Healthy Leaf and 207 cases of Bean Leaf Golden Mosaic Disease, respectively. 

Following closely behind with 205, 204, 203, 203, and 201 cases each are Bitter Melon 

Leaf Late Blight Disease, Eggplant Leaf Blight Disease, Bitter Melon Healthy Leaf, 

Tomato Healthy Leaf, and Bean Healthy Leaf.  In the context of winter vegetable 

recognition, this distribution offers a balanced representation of different vegetable 

properties, setting the foundation for efficient training and evaluation of deep learning 

models.  Figure 3.1 shows a few images I've included: 
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Figure 3.1: Dataset’s Images 

 

 

After augmentation a total of 2084 images belong to 10 classes: Tomato Leaf Blight 

Disease, Eggplant Healthy Leaf, Potato Leaf Anthracnose Disease, Potato Healthy Leaf, 

Bean Leaf Golden Mosaic Disease, Bitter Melon Leaf Late Blight Disease, Eggplant Leaf 

Blight Disease, Bitter Melon Healthy Leaf, Tomato Healthy Leaf, Bean Healthy Leaf can 

be seen in Figure 3.2 down below. 

 

 

 

 

 

 

  

 

 

Figure 3.2 Number of target attributes 
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3.3 Statistical Analysis 
 

The dataset's statistical analysis provides important new information about the 

distribution and traits of regional winter veggies. The dataset, which has 2084 photos in 

total, is evenly distributed among the 10 target qualities, with instances of Tomato Leaf 

Blight Disease (228) and Bean Healthy Leaf (201). This equilibrium increases the 

accuracy of the dataset for building strong deep learning models. A quantitative picture of 

attribute prevalence can be obtained by analyzing the mean and standard deviation of 

attribute occurrences, which can help uncover potential obstacles and biases. Variations 

in attribute frequencies are shown by exploratory data analysis, which provides essential 

information for model construction. The models are exposed to a variety of conditions 

thanks to the distribution of cases, which promotes generalization. Additionally, 

preprocessing stages, normalization processes, and strategies for resolving class 

imbalances during model training are guided by the statistical analysis. In order to 

identify relevant patterns and improve the effectiveness of deep learning algorithms for 

local winter vegetable detection, a detailed analysis of dataset statistics is necessary. 

 
3.4 Proposed Methodology 

 

In this research paper methodology that has been suggested takes a methodical approach 

to utilizing advanced algorithms for precise vegetable classification. The following are 

the main steps in this methodology: 

 

Data Selection (Original Dataset Collected): 

Collected a varied collection of 2084 photos that captured several local winter veggies in 

various exposure conditions. Underlined the need of having representation for each of the 

ten goal attributes in order to guarantee a complete dataset. 

 

Image Augmentation: 

Used methods for data augmentation to artificially increase the dataset's diversity. Added 

modifications to improve model generalization, such as flips, rotations, zooms, and 

brightness adjustments. 
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Labeling: 

In this step here each collected images was labeling with its corresponding attribute. 

 

Model Selection: 

Several deep learning models are considered Like CNN, DenseNet201, VGG19, 

InceptionV3 for the effectiveness in image classification task. In given below I am 

shortly described those models: 

 

Conventional Neural Network (CNNs): 

An image processing task-related deep learning model is called a convolutional neural 

network (CNN). Effective pattern recognition is made possible by its use of 

convolutional layers, which automatically learn structures of features from incoming 

images. CNN is an appropriate choice for my research project. Because they can capture 

local patterns and spatial hierarchies that are essential for differentiating elements in 

photos, CNNs are excellent at image identification tasks. Since the goal is to identify 

winter veggies, CNNs can take advantage of their capacity to extract fine-grained visual 

information to facilitate precise identification of winter vegetables that are native to your 

area. CNNs are a reliable option because of their innate ability to understand intricate 

spatial relationships; in my research, they have demonstrated greater performance in 

identifying and categorizing various winter vegetable kinds. 

 

 

  

 

 

 

 

Figure 3.3: Proposed CNN (CNN01) Architecture 
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DenseNet201 

One well-known deep learning model architecture for image classification problems is 

DenseNet201. It makes use of tightly connected blocks, which promote feature reuse and 

improve model performance. I made a well-informed choice in selecting DenseNet201 

for my research paper. Robust feature extraction is facilitated by DenseNet201's dense 

connection, which is essential for precisely recognizing complex patterns in winter 

vegetable photos. The model's deep structure allows it to capture both global and local 

aspects, which makes it suitable for identifying the various qualities of winter vegetables. 

This decision demonstrates a dedication to utilizing cutting-edge deep learning 

capabilities, guaranteeing that this study gains from a strong and reliable architecture for 

accurate winter vegetable classification, a crucial component of regional agriculture and 

crop management. 

 

 

Figure 3.4: DenseNet201 Architecture 
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VGG19 

A deep convolutional neural network design known for its accuracy and depth in image 

classification tasks is called VGG19. With its 19 layers which include fully linked and 

convolutional layers it creates intricate feature representations. It's a wise choice to 

choose VGG19 for your research report. Because of its depth, VGG19 can capture little 

details that are essential for differentiating amongst winter vegetables. It is ideally suited 

for precisely recognizing regional winter veggies from photos due to its shown 

effectiveness in image classification tasks. Using VGG19 guarantees a strong foundation 

for your studies, improving the accuracy and dependability of our deep learning model 

for identifying and categorizing winter veggies and, in the end, improving the efficacy of 

our farming applications. 

 

 

Figure 3.5: VGG19 Architecture 
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InceptionV3 

Convolutional neural network (CNN) architecture InceptionV3 was created with image 

categorization problems in mind. It was created by Google and has several inception 

modules that enable effective parallel processing of data at various scales. I made a wise 

choice in selecting InceptionV3 for my research paper. With its exceptional ability to 

capture complex patterns and hierarchical information in images, InceptionV3 is a good 

choice for differentiating amongst winter veggies. Its capacity to process intricate visual 

input while preserving computing efficiency is well suited to the small differences that 

are frequently present in local winter vegetable identifications. Using InceptionV3 in this 

study improves the model's ability to identify particular characteristics that are essential 

for precise and dependable identification of winter veggies, which greatly helped my 

investigation. 

 

Figure 3.6: InceptionV3 Architecture 
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ResNet50 

A convolutional neural network architecture known as ResNet50 rose to prominence for 

image categorization applications. It uses residual learning and has 50 layers, which helps 

the model learn and recognize complicated patterns. It is wise to select ResNet50 for your 

research paper. Because of its deep structure, it can extract fine details from photos, 

which is important for differentiating between winter veggies. ResNet50's shown efficacy 

in picture classification tasks, along with its capacity to collect hierarchical features, 

improves your model's accuracy and resilience. The richness of this architecture makes it 

easier for the system itself to acquire complex representations, which enhances the 

accuracy and dependability of my identification framework by enabling our system to 

distinguish minute variations among local winter vegetables. 

 

 

Figure 3.7: ResNet50 Architecture 

Model Evaluation: 

Evaluated the performance of the trained models using a different validation set. Used 

criteria to gauge the efficacy of the model, including accuracy, precision, recall, and F1-

score. 

 

Test Model: 

Final models were evaluated using a different test set than those used for training or 

validation. Evaluated the models' capacity for generalization and precise identification of 

regional winter vegetables in practical settings. 
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From dataset curation to model evaluation, this suggested methodology guarantees an 

extensive and thorough approach, with the ultimate goal of providing a dependable and 

efficient deep learning solution for local winter vegetable detection. 

 

Figure 3.8: Work Flow 
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3.5 Implementation Requirements 
 

A number of particular conditions must be met for this research to be implemented 

successfully. First and foremost, effective model training requires having access to a 

powerful computing infrastructure with GPUs. Deep learning frameworks with a Python 

base, such PyTorch or TensorFlow, are essential tools for implementing algorithms. In 

addition, the large dataset of 2084 photos require enough storage space to be handled. For 

the production of datasets, sufficient preprocessing techniques for picture scaling, 

normalization, and augmentation are essential. The deployment environment needs to be 

set up to enable the real-time identification of winter vegetables, whether it is hosted on 

cloud platforms or local servers. Effective implementation also requires knowledge of 

deep learning ideas and skill with programming languages like Python. Throughout the 

implementation phase, an effective and open team dynamic is essential for efficient 

workflow management. Together, these specifications ensure the suggested methodology 

will be successfully implemented and that a precise model for identifying native winter 

vegetables will be developed. 
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CHAPTER 4 

Experimental Result 
 

 

4.1 Experimental Setup 
 

An environment that has been carefully constructed is needed for the experimental setup 

for this paper. The computational backbone consists of high-performance computing 

resources with GPUs set up to enable deep learning frameworks like PyTorch or 

TensorFlow. A storage system with enough capacity holds a dataset of 2084 photos, 

making it easy to retrieve during the training and testing stages. The system uses NumPy 

and OpenCV modules for effective preprocessing and data manipulation, and it mostly 

uses Python as its programming language. Tools for data augmentation add to the 

dataset's diversity. A split dataset is used for both model evaluation and training, 

providing complete testing. For a successful investigation of local winter vegetable 

identification, the overall setup highlights the necessity of computational efficiency, 

scaling, and adherence to best practices in deep learning implementation. 

 
4.2 Experimental Results & Analysis 

 

The experimental findings show that different levels of accuracy in local winter vegetable 

detection are achieved by the deep learning models DenseNet201, ResNet50, VGG19, 

InceptionV3, and a regular CNN. DenseNet201 achieves an amazing accuracy of 

99.68%, outperforming all other models. This highlights how well it can identify 

complex patterns in the varied collection of 2084 photos. With a significant accuracy of 

69.97%, ResNet50 comes in second, followed by VGG19, InceptionV3, and CNN, which 

have respective accuracies of 96.65%, 96.33%, and 95.22%. According to the 

investigation, DenseNet201's densely connected architecture plays a major role in its 

improved performance. The results highlight how crucial it is to choose the right deep 

learning models for particular tasks, with DenseNet201 showing up as a reliable option 

for accurate local winter vegetable identification. Each statistic provides significant 

insights into a number of facets of the model's performance: 
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In this part I am evaluated the Accuracy, Precision, Recall, and F-1 Score of the 

Confusion Matrices for our proposed methods.  

Accuracy:  

Accuracy describes the rate by which the model has correctly predicted values on the y-

axis based on the x-axis characteristics by comparing the number of correct instances to 

the total instances. The problem with unbalanced classes is that it provides very general 

information about the model’s performance and may not paint a full picture. 

Accuracy=(TP+TN)/(TP+TN+FP+FN) 

Precision:  

Among all the positive predictions created by the model, precision targets the proportion 

of actual positive predictions only. 

Precision=TP/(TP+FP) 

Recall: In other words, recall or sensitivity, true positive rate how many of the true 

positive predictions have been made out of all the actually positive samples. 

Recall=TP/(TP+FN) 

F1 Score: The F1 score, on the other hand is the average of recall and precision and is 

computed as the harmonic mean of the two. It has a sensible plan that will allow us to 

calculate recall and precision in a sensible ratio. When classes are imbalanced, F1 score is 

applicable because it considers both false positive rate and false negative rate. Where F1 

score is higher, means, it has good both precision and recall ratio. 

F-1 Score=2*(Precision*Recall)/ (Precision + Recall) 

Specificity: Specificity is defined as the percentage of people without the ailment with a 

negative test result. A test tends to be very specific in order to be able to rule out the vast 

majority of whose do not have the disease. Hence, the presence of a very precise positive 

test result indicates that the condition can be certainly concluded to be negative for a 

given individual. The equation is given below: 

Specificity =TN ⁄ ((TN+FP)) 

 

 



©Daffodil International University, Bangladesh  28  

Given below I am describing the result analysis part and also show the training accuracy 

and loss rate, confusion matrix also:  

 

CNN 

CNN achieved an accuracy of 95.20%. The CNN model's Training & Validation 

Accuracy plot, Confusion Matrix, and accuracy are shown below: 

 

 

Figure 4.1: Training, Validation Accuracy (CNN01) 

 

Figure 4.1 shows that Plotting shows how training accuracy rises and training loss falls 

with time. This shows that when CNN is educated, it is becoming more adept at correctly 

classifying the training examples. It is crucial to remember that the training accuracy and 

loss may not always serve as reliable predictors of the CNN's performance with unknown 

inputs.  The graphic displays the validation loss and accuracy as well. The percentage of 

validation examples that CNN properly classified is known as the validation accuracy. A 

different collection of data, the validation examples are not used to train the CNN. 

Compared to training accuracy, validation accuracy is a more accurate predictor of how 

well the CNN would function on unknown data. 
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Figure 4.2: Confusion Matrix (CNN01) 

 

With an amazing overall test set accuracy of 95.20%, the model demonstrated its ability 

to accurately classify a variety of plant leaf images. Metrics like precision, recall, and F1 

Score provide additional evidence of its effectiveness in various classes. High precision 

and recall values are demonstrated in the categorization report, which offers 

comprehensive insights into the model's capabilities for each plant category. With a 

perfect precision of 1.00, it excels at recognizing tomato leaf blight disease. The macro 

and weighted averages for precision, recall, and F1 Score support the model's strong 

performance and demonstrate how well it can differentiate between leaves that are 

healthy and those that are afflicted with different diseases in a variety of plant species. 
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DenseNet201 

DenseNet201 achieved the greatest accuracy of 99.68%. The Training & Validation 

Accuracy plot, Confusion Matrix, and accuracy of the DenseNet201model are shown 

below: 

 

Figure 4.4: Training, Validation Accuracy (DenseNet201)  

 

 

Figure 4.5: Training, Validation Accuracy (DenseNet201) 
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With an amazing test set accuracy of 99.68%, the model demonstrates its strong 

performance in classifying photos of plant leaves. Recall, F1 Score, and precision 

measures all produce outstanding results, highlighting the sensitivity and precision of the 

model across a variety of plant categories. It is especially good at recognizing Potato 

Healthy Leaf and Bean Healthy Leaf, scoring almost perfectly in these tasks. The model 

is a highly dependable tool for plant health diagnostics in agricultural contexts because of 

its remarkable ability to distinguish healthy leaves from those affected by various 

illnesses, as demonstrated by the overall macro and weighted averages. 

 

 

VGG19 

VGG19 achieved the maximum accuracy of 96.65%. The Training & Validation 

Accuracy plot, Confusion Matrix, and accuracy of the VGG19 model are shown below: 

  

 

 

 

 

 

 

 

Figure 4.6: Training, Validation Accuracy (VGG19) 

 

Figure 4.6 shows Plotting demonstrates that training accuracy raises from around 50% to 

approximately 95% with time, while training loss falls from approximately 1.75 to 

approximately 0.25. This shows that as it is taught, the VGG19 model is improving its 

ability to categorize the training data. 
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Figure 4.7: Confusion Matrix (VGG19) 

 

With an accuracy of 96.65% on the test set, the model shows promise in accurately 

categorizing photos of plant leaves. Metrics like precision, recall, and F1 Score show 

steady and balanced performance in different plant categories. It ensures dependable 

disease detection by maintaining competitive recall rates while attaining high precision in 

identifying healthy leaves. The model is quite good at identifying a variety of ailments, 

including Eggplant Healthy Leaf and Tomato Leaf Blight Disease. Overall, it is a 

dependable tool for precise plant health diagnostics thanks to its strong metrics and 

balanced performance, which instills trust in its use for agricultural applications. 
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ResNet50 

ResNet50 achieved an accuracy of 69.97%. The Training & Validation Accuracy plot, 

Confusion Matrix, and accuracy of the ResNet50 model are shown below: 

 

 

 

 

 

 

 

 

Figure 4.8: Training, Validation Accuracy (ResNet50) 

 

Figure 4.8 shows Plotting demonstrates that while training loss falls from approximately 

1.8 to approximately 1.0, training accuracy rises over time, from roughly 0.5 to 

approximately 0.7. This shows that as it is taught, the ResNet50 model is improving its 

ability to categorize the training data. The inherent complexity of the ResNet50 

architecture or the particular training dataset utilized may be the cause of the apparent 

fluctuations in accuracy and loss throughout training. 
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Figure 4.9: Confusion Matrix (ResNet50) 

 

On the test set, the model performs moderately, with an accuracy of 69.97%. The 

measures of precision, recall, and F1 Score indicate a mixed performance in classifying 

photos of plant leaves, with differences in performance between categories. Notably, the 

model performs poorly in categories with lower recall values, such as Tomato Leaf Blight 

Disease and Eggplant Leaf Blight Disease. Although individual classes achieve great 

precision, the overall macro and weighted averages indicate potential for improvement. It 

might gain from extra instruction or fine-tuning to increase its sensitivity, especially 

when it comes to recognizing particular illnesses, guaranteeing more trustworthy plant 

health diagnostics in agricultural applications. 
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InceptionV3 

InceptionV3 achieved an accuracy of 96.33%. The Training & Validation Accuracy plot, 

Confusion Matrix, and accuracy of the InceptionV3 model are shown below: 

 

 

  

 

 

 

 

 

Figure 4.10: Training, Validation Accuracy (InceptionV3) 

 

Figure 4.11 shows that by the completion of training, the training accuracy, shown in 

blue, has increased from a starting point of roughly 70% to almost 99%. This indicates 

that as the model is taught, it is picking up the proper classification of training instances. 

By the end, the training loss, which is also shown in blue, has dropped to almost zero 

from a high starting point of approximately 0.6. This indicates that the model is getting 

better at making predictions. 
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Figure 4.11: Confusion Matrix (InceptionV3) 

 

With an accuracy of 96.33% on the test set, the model shows promise in accurately 

categorizing photos of plant leaves. The measures of precision, recall, and F1 Score 

consistently demonstrate excellent performance across a variety of categories, indicating 

a well-balanced and dependable model. It is particularly good at accurately distinguishing 

Potato Healthy Leaf and Eggplant Healthy Leaf, with recall ratings nearly equal to 1.00. 

The model's ability to discriminate between leaves that are healthy and those that are 

afflicted with various diseases is further supported by the weighted averages and overall 

macro statistics. Its robust performance demonstrates that it is a good fit for precise plant 

health diagnostics, which gives farmers confidence when using it in agricultural settings. 
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4.2.1 Accuracy  

The outcome study analyzes train and test accuracy and evaluates which model performs 

best.  I used deep learning models to see which performed the best. DenseNet201, on the 

other hand, had the highest accuracy of 99.68%. Figure 4.13 shows the accuracy of the 

different models: 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.12: Comparative Model Accuracy Bar Plot 

 

Table 4.1. Performance Evaluation 

Model Name Accuracy  Precision Recall  F1-Score 

CNN 95.22% 95.43% 95.20% 95.23% 

DenseNet201 99.68% 99.69% 99.68% 99.68% 

VGG19 96.65% 96.79% 96.64% 96.64% 

 InceptionV3 96.33% 96.44% 96.32% 96.29% 

ResNet50 69.97% 76.61% 69.96% 70.97% 
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4.3 Discussion 

 

The main topic of discussion is the experimental results' notable findings regarding the 

identification of local winter vegetables. DenseNet201's remarkable 99.68% accuracy 

highlights how well it can identify complex patterns in the dataset, indicating that it is a 

good fit for accurate agricultural applications. One possible explanation for ResNet50's 

lesser accuracy is because it has a shallower architecture in comparison. CNN, 

InceptionV3, and VGG19 provide competitive accuracy, showing their suitability for the 

task. The architecture selected should take the demands of the work and the complexity 

of the model into account. Furthermore, DenseNet201 is a better option for real-world 

implementation due to its resilience, which guarantees accurate recognition in a variety of 

agricultural situations. The conversation highlights the significance of carefully choosing 

a model depending on the type and complexity of the dataset, offering helpful insights 

that can direct future investigations into utilizing deep learning for effective and precise 

local winter vegetable identification. 
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CHAPTER 5 

Impact on Society 
 

 

5.1 Impact on Society 
 

Many aspects of society are positively impacted, with local communities and agriculture 

particularly benefiting. Through the introduction of accurate and efficient techniques for 

determining plant health status, the research equips farmers with the means to improve 

crop management in the winter. As a result, crop losses are decreased, resource use is 

maximized, and agricultural productivity rises. The utilization of deep learning 

algorithms, specifically the highly effective DenseNet201, presents a revolutionary 

opportunity for precision and sustainable agriculture. By enabling farmers to make well-

informed decisions in real-time, this technology development helps to ensure food 

security by limiting the spread of illness and maintaining healthy crop yields. 

Additionally, the research bridges the gap between innovation and useful agricultural 

applications by promoting the partnership between technology and conventional farming 

methods. The influence on society goes beyond agriculture to include economic stability, 

since strong local farming communities are essential to building resilience both locally 

and internationally. 

 
5.2 Impact on Environment 

 

There is a major effect on the ecosystem. The research reduces the need for a lot of 

pesticides by allowing more focused and targeted agricultural methods. This reduces 

chemical runoff, which can have a negative impact on the quality of soil and water. 

Efficient use of resources made possible by organized crops also helps conserve water, 

which is important in areas where drought or water scarcity are common. Furthermore, 

the research helps reduce the environmental impact associated with massive crop losses 

and the ensuing need for re-cultivation by avoiding and managing plant diseases through 

detection early. Moreover, this research's increased agricultural output supports 

sustainable farming methods and lessens the need to expand agricultural land into natural 

areas. As a result, local ecosystems and the species that live there are preserved, and 

wildlife preservation is encouraged. All things considered, a more sustainable and 
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ecologically conscious future is facilitated by the integration of modern technologies in 

agriculture. 

 

5.3 Ethical Aspects 
 

The effects that Deep Learning will have on society and the environment are closely 

linked to the moral issues involved in identifying seasonal vegetables. Making sure that 

the dataset is responsibly and transparently collected, taking permissions and privacy into 

account, in order to reflect ethical data practices. Deep learning algorithms' 

implementation in agriculture brings up moral questions about biased data and accurate 

portrayal of various farming methods. It is imperative to maintain transparent 

engagement with local communities in order to resolve any issues and ensure the 

technology is used fairly. Reducing pesticide use by carefully managing crops is in line 

with the moral precepts of conservation, which support ecological harm reduction and 

sustainability. Ethical concerns encompass the conscientious application of technology in 

farming, steering clear of unexpected outcomes and promoting fair distribution of modern 

farming implements. Fairness, accountability, sustainability, and a dedication to 

promoting positive social and environmental benefits serve as the ethical compass for this 

research. 

 
5.4 Sustainability Plan 

 

The sustainability plan focuses on teamwork, ethical considerations, and ongoing 

progress. We give constant data collecting and model improvement top priority in order 

to assure the project's sustainability. We also take into account novel ideas and tackle 

new problems as they arise. In order to make sure the technology is in line with their 

demands and sustainable agriculture practices, collaborative partnerships with 

stakeholders and local farming communities are promoted. Our dedication to responsible 

data use is guided by ethical considerations, which place a strong emphasis on consent, 

privacy, and equitable representation in the dataset. Initiatives for capacity building and 

knowledge transfer are combined to enable local communities to use and modify 

technology on their own. In order to maintain the research's permanent beneficial effects, 

our sustainability strategy also includes regular evaluations and revisions in response to 

changing societal, technical, and environmental dynamics. 
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CHAPTER 6 

Summary, Conclusion, 

Recommendation and Implication for Future Research 

 
6.1 Summary of the Study 

 

To sum up, the use of Deep Learning to identify winter veggies from the area offers a 

thorough investigation into the use of complex algorithms for accurate farming methods. 

The study carefully selects 2084 photos with 10 target features associated with winter 

veggies in the area. The study shows notable differences in accuracy through the use of 

deep learning models, including DenseNet201, ResNet50, VGG19, InceptionV3, and 

CNN. DenseNet201 is the most reliable performance, with a 99.68% accuracy rate. 

With accurate plant health checks and current knowledge for efficient crop 

management, this success has the potential to change farming. The methodology's 

inclusion of ethical issues, transparent procedures, and sustainability aspects shows a 

dedication to responsible technological deployment. In the end, the research enhances 

knowledge about local winter vegetables and adds to the larger conversation about 

utilizing technology to support effective and sustainable farming methods. 

 

6.2 Conclusions 
 

In conclusion, Deep Learning's capacity to identify local winter vegetables has proven 

the viability and efficacy of utilizing advanced algorithms for specific agricultural uses. 

The thorough review of a diverse dataset, consisting of 2084 photos with 10 target 

attributes, clarifies the possibility of improving recognition of winter vegetables in the 

area. With an outstanding accuracy of 99.68%, DenseNet201 emerges as a top 

performer in the comparative comparison of deep learning models, demonstrating its 

applicability to actual agricultural applications. The study highlights the significance of 

careful model selection, moral data handling procedures, and continuous community 

engagement. With DenseNet201's success, crop management during the winter may be 

changed, losses could be decreased, and sustainable agricultural methods might be 
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promoted. Technological inclusion is ensured by a transparent and ethical approach to 

data collecting and model deployment. In addition to advancing agricultural technology, 

this research establishes the foundation for upcoming breakthroughs in the application 

of deep learning to precise and sustainable farming methods. 

 

6.3 Implication for Further Study 
 

The success of this study opens up a number of new research directions. Examining how 

well the model scales to more datasets and different geographic areas may improve its 

generalization skills. A more thorough understanding would result from looking into the 

possible effects of environmental elements, such as different climate conditions, on 

model performance. Important next stages include evaluating the model's stability to 

dynamic situations and determining whether actual time deployment in agricultural 

settings is possible. Furthermore, exploring the addition of user feedback and ongoing 

model optimization would augment the technology's usefulness. Lastly, examining 

implementation dynamics and economic implications in various agricultural 

communities may offer useful data for the wider use of deep learning in accurate 

farming. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



            ©Daffodil International University 

 
43 

 

REFERENCES 
 
[1]Ismail, Nazrul, et al. "Real-time visual inspection system for grading fruits using computer vision and deep 

learning techniques." Information Processing in Agriculture 9.1 (2022): 24-37. 

 

[2]Darwin, Bini, et al. "Recognition of bloom/yield in crop images using deep learning models for smart agriculture: 

A review." Agronomy 11.4 (2021): 646. 

 

[3]Zheng, Yang-Yang, et al. "CropDeep: The crop vision dataset for deep-learning-based classification and 

detection in precision agriculture." Sensors 19.5 (2019): 1058. 

 

[4]Salim, Nareen OM, et al. "Study for food recognition systems using deep learning." Journal of Physics: 

Conference Series. Vol. 1963. No. 1. IOP Publishing, 2021. 

 

[5]Sood, Shivani, et al. "Computer vision and machine learning based approaches for food security: A review." 

Multimedia Tools and Applications 80.18 (2021): 27973-27999. 

 

[6]Ushadevi, G et al. "A survey on plant disease prediction using machine learning and deep learning techniques." 

Inteligencia Artificial 23.65 (2020): 136-154. 

 

[7]Rehman, Tanzeel U., et al. "Current and future applications of statistical machine learning algorithms for 

agricultural machine vision systems." Computers and electronics in agriculture 156 (2019): 585-605. 

 

[8]Lac, Louis, et al. "Crop stem detection and tracking for precision hoeing using deep learning." Computers and 

Electronics in Agriculture 192 (2022): 106606. 

 

[9]Kumar, Rakesh, et al. "Crop Selection Method to maximize crop yield rate using machine learning technique." 

2015 international conference on smart technologies and management for computing, communication, controls, 

energy and materials (ICSTM). IEEE, 2015. 

 

[10]Hoeser, Thorsten, et al. "Object detection and image segmentation with deep learning on earth observation data: 

A review-part i: Evolution and recent trends." Remote Sensing 12.10 (2020): 1667. 

 

[11]Berwo, Michael Abebe, et al. "Deep Learning Techniques for Vehicle Detection and Classification from 

Images/Videos: A Survey." Sensors 23.10 (2023): 4832. 

 

[12]Duth, P. Sudharshan, et al. "Intra class vegetable recognition system using deep learning." 2020 4th 

International Conference on Intelligent Computing and Control Systems (ICICCS). IEEE, 2020. 

 

[13]Boogaard, Frans P., et al. "Robust node detection and tracking in fruit-vegetable crops using deep learning and 

multi-view imaging." Biosystems Engineering 192 (2020): 117-132. 

 

[14]Seo, Youngwook, et al. "Non-destructive detection pilot study of vegetable organic residues using VNIR 

hyperspectral imaging and deep learning techniques." Sensors 21.9 (2021): 2899. 

 

[15]Li, Zhenbo, et al. "Vegetable recognition and classification based on improved VGG deep learning network 

model." International Journal of Computational Intelligence Systems 13.1 (2020): 559-564. 

 

[16]Houetohossou, Sèton Calmette Ariane, et al. "Deep learning methods for biotic and abiotic stresses detection 

and classification in fruits and vegetables: State of the art and perspectives." Artificial Intelligence in Agriculture 

(2023). 

 

[17]Begue, Adams, et al. "Automatic recognition of medicinal plants using machine learning techniques." 

International Journal of Advanced Computer Science and Applications 8.4 (2017): 166-175. 

 

 



            ©Daffodil International University 

 
44 

 

[18]Mukhiddinov, Mukhriddin, et al. "Improved classification approach for fruits and vegetables freshness based on 

deep learning." Sensors 22.21 (2022): 8192. 

 

[19]Anubha Pearline, et al. "A study on plant recognition using conventional image processing and deep learning 

approaches." Journal of Intelligent & Fuzzy Systems 36.3 (2019): 1997-2004. 

 

[20]Ghazi, Mostafa Mehdipour, et al. "Plant identification using deep neural networks via optimization of transfer 

learning parameters." Neurocomputing 235 (2017): 228-235.  

 



22%
SIMILARITY INDEX

18%
INTERNET SOURCES

13%
PUBLICATIONS

10%
STUDENT PAPERS

1 5%

2 2%

3 1%

4 1%

5 1%

6 <1%

7 <1%

LOCAL_WINTER_VEGETABLE_RECOGNITION_USING_DEEP_LE…
ORIGINALITY REPORT

PRIMARY SOURCES

dspace.daffodilvarsity.edu.bd:8080
Internet Source

Submitted to Daffodil International University
Student Paper

www.mdpi.com
Internet Source

www.researchgate.net
Internet Source

Submitted to Jacksonville University
Student Paper

"Advanced Computing and Intelligent
Technologies", Springer Science and Business
Media LLC, 2024
Publication

"Proceedings of the 2nd International
Conference on Big Data, IoT and Machine
Learning", Springer Science and Business
Media LLC, 2024
Publication


