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ABSTRACT 

 

This research investigates the development and optimization of Convolutional Neural 

Network (CNN) models to accurately detect maize leaf diseases. Utilizing a comprehensive 

dataset sourced from Kaggle, My target common maize diseases such as Maize Rust, Leaf 

Blight, and Gray Leaf Spot. The study aims to enhance agricultural productivity through 

early and precise disease identification. The dataset includes meticulously annotated 

images of maize leaves captured in both field and controlled environments. Various CNN 

architectures, including VGG-16, ResNet-50, EfficientNet, and MobileNet, are employed 

for image classification. These models are trained using a supervised learning approach, 

with key evaluation metrics such as accuracy, precision, recall, and F1-score. Our 

experimental results reveal that EfficientNet and ResNet-50 demonstrate superior 

performance, achieving higher accuracy, precision, recall, and F1-score compared to VGG-

16 and MobileNet. EfficientNet, in particular, achieved the highest accuracy, making it the 

most effective model for this application. These findings are supported by detailed 

statistical analyses, including confusion matrices and precision-recall curves. The 

implementation of this research has significant implications for society and the 

environment. By improving the accuracy of maize leaf disease detection, we can enhance 

crop management practices, reduce pesticide usage, and increase overall crop yields. This 

has the potential to bolster food security and provide economic benefits to farmers and the 

agricultural industry. The study also addresses the ethical aspects of deploying AI in 

agriculture, emphasizing the need for transparency, fairness, and accountability in AI 

systems. A sustainability plan is proposed to ensure the long-term viability of the 

developed models, including continuous dataset updates, model retraining, and integration 

with IoT technologies for real-time monitoring. 
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                                                     CHAPTER 1 

Introduction 

 

1.1 Overview 

 

Maize, commonly known as corn, Maize, commonly known as corn, is a crucial staple crop 

worldwide, integral to food security and economic stability. It plays a vital role in both 

human nutrition and animal feed, making its sustained productivity essential for global 

agricultural systems. However, maize productivity is persistently threatened by a variety 

of diseases, especially foliar diseases, which can severely impact both the quality and yield 

of the crop. Traditional methods of disease detection, which involve manual inspection, are 

labor-intensive, subjective, and often prone to inaccuracies, leading to delayed or 

inadequate disease management. To address these challenges, advancements in computer 

vision and machine learning offer promising solutions for automated disease detection. 

This research focuses on developing a reliable and accurate system for detecting maize leaf 

diseases using machine learning. My aim to develop a maize disease detection system using 

deep learning, specifically convolutional neural networks, to differentiate between healthy 

and diseased leaves.Our approach involves training models on a comprehensive dataset of 

labeled maize leaf images, sourced from Kaggle, to enhance the robustness and accuracy 

of disease detection. We employ state-of-the-art deep learning architectures, including 

VGG-16, ResNet-50, EfficientNet, and MobileNet, each renowned for their effectiveness 

in image classification tasks. These models are meticulously trained and evaluated to 

determine their performance in identifying various maize leaf diseases. This study 

compares deep learning models for detecting maize leaf diseases, evaluating accuracy, 

precision, recall, and F1-score, with the aim of identifying the most effective architecture. 

Farmers will gain access to timely and accurate information regarding maize leaf diseases, 

enabling them to implement proactive disease management strategies. This can lead to a 

reduction in pesticide use, minimizing environmental impact and promoting sustainable 

farming practices. This research aims to develop an automated maize leaf disease detection 

system, bridging the gap between advanced machine learning techniques enhancing crop 

management and sustainability.  
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 . 1.2 Background and Present State 

 

Maize, a staple crop, is often affected by diseases like Maize Rust, Leaf Blight, and Gray 

Leaf Spot, which can lead to significant yield losses. Traditional methods are time-

consuming and labor-intensive, and human error can lead to inaccurate results. 

Advancements in machine learning and computer vision techniques have led to a growing 

interest in automating disease detection in crops. Convolutional Neural Networks (CNNs) 

have been used in image classification tasks, with models like VGG-16, ResNet-50, 

EfficientNet, and MobileNet demonstrating high accuracy in classifying plant diseases. 

However, challenges remain, such as field conditions and the availability of high-quality, 

annotated datasets. This research aims to compare the performance of four CNN 

architectures—VGG-16, ResNet-50, EfficientNet, and MobileNet—in detecting maize leaf 

diseases using a comprehensive and annotated image dataset sourced from Kaggle. The 

study aims to identify the most effective model for practical deployment in agricultural 

settings, considering societal benefits, environmental implications, ethical considerations, 

and sustainability plans. This research contributes to the ongoing efforts to enhance 

agricultural productivity and sustainability through advanced technological solutions. 

 

   1.3 Problem Statement  

 

Maize, a crucial crop globally, is highly susceptible to leaf diseases like Maize Rust, Leaf 

Blight, and Gray Leaf Spot, which significantly reduce crop yield and quality. Traditional 

methods of disease detection involve manual inspection, which is time-consuming, labor-

intensive, and prone to human error. Despite advances in agricultural technology, there is 

a pressing need for an efficient, accurate, and scalable solution to detect maize leaf diseases 

early and reliably. Convolutional Neural Networks (CNNs) can classify plant diseases from 

images, but challenges remain in achieving high accuracy and generalizability across 

diverse field conditions. This research aims to address these challenges by developing and 

optimizing CNN models for maize leaf disease detection. The study evaluates the 

performance of four state-of-the-art CNN architectures—VGG-16, ResNet-50, 

EfficientNet, and MobileNet—in detecting maize leaf diseases, compares these models 

using key performance metrics, and explores the broader implications of deploying these 

models in agricultural settings.  



            ©Daffodil International University 

 
3 

 

    1.4 Objectives 

o The CNN models consist of annotated images of maize leaves for training and 

validating dataset images captured in both field and controlled environments to 

ensure model robustness and generalization. 

o In this paper improves agricultural productivity by enabling early and precise 

identification of common maize diseases such as Maize Rust, Leaf Blight, and Gray 

Leaf Spot through advanced deep learning techniques. 

o The developed models aim to improve crop management practices, reduce pesticide 

usage, and increase yields while also assessing potential economic benefits for 

farmers and the agricultural industry. 

   1.5 Scope and Limitations 

 

The research focuses on detecting maize leaf diseases, such as Maize Rust, Leaf Blight, 

and Gray Leaf Spot, which are crucial for crop health and productivity. It uses a 

comprehensive image dataset from Kaggle and evaluates four state-of-the-art CNN 

architectures: VGG-16, ResNet-50, EfficientNet, and MobileNet. Data preprocessing 

techniques are used to enhance the dataset's quality and usability. The models are trained 

using a supervised learning approach, with key evaluation metrics including accuracy, 

precision, recall, F1-score, and confusion matrix. The final stage involves developing a 

user-friendly application for real-time disease detection, optimized for mobile and web 

platforms. A comparative analysis is conducted to identify the most effective model based 

on performance metrics, computational efficiency, and generalizability. The impact 

assessment assesses the potential impact on agricultural productivity, environmental 

sustainability, and societal benefits. 

Limitations include dataset limitations, model generalizability, computational constraints, 

deployment challenges, evaluation metrics, ethical and societal implications, and future 

research areas. The study acknowledges these limitations and aims to provide a realistic 

and transparent evaluation of the potential and challenges associated with using CNNs for 

maize leaf disease detection. 

   1.6 Report Organization 

 

This chapter introduces the importance of maize in global agriculture and the significant 
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This research paper presents a comprehensive study on using Convolutional Neural 

Networks (CNNs) for maize leaf disease detection. The study is organized into six chapters, 

each focusing on different aspects of the research topic. The introduction provides an 

overview of the study, outlining the significance of maize as a staple crop and the impact 

of leaf diseases on agricultural productivity. The background chapter delves into the 

theoretical foundations and related work in plant disease detection using machine learning 

and deep learning techniques. The research methodology details the process of data 

collection, preprocessing, augmentation, and annotation, as well as the experimental setup 

and performance metrics used to assess model effectiveness. The experimental results 

chapter presents the outcomes of training and testing the selected CNN models, 

highlighting their strengths and weaknesses. The impact on society is explored, discussing 

how accurate maize leaf disease detection can benefit farmers, improve crop management, 

and enhance food security. The final chapter summarizes the key findings, providing 

recommendations for practical application and highlighting the study's contributions to 

agricultural technology and its potential impact on sustainable farming practices. 

1.7 Summary 

Maize, a vital crop for global food security and economic stability, faces threats from leaf 

diseases like Maize Rust, Leaf Blight, and Gray Leaf Spot. Accurate detection is crucial 

for effective crop management and preventing yield losses. This research explores the use 

of Convolutional Neural Networks for detecting maize leaf diseases using advanced image 

classification techniques. The study uses state-of-the-art CNN architectures like VGG-16, 

ResNet-50, EfficientNet, and MobileNet to classify diseased and healthy maize leaves. The 

goal is to identify the most suitable CNN architecture for real-world agricultural 

applications, improving crop management and productivityThe study explores the ethical 

and societal implications of AI-based agriculture solutions, highlighting potential benefits 

for farmers and communities while addressing concerns about data privacy and responsible 

technology use.The findings aim to advance agricultural technology and facilitate the 

development of scalable, user-friendly tools for maize disease 
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CHAPTER 2 

Literature Review 

 
    2.1 Overview 

The global agricultural sector faces challenges in maintaining crop health and productivity 

due to plant diseases, particularly maize. Traditional methods of disease detection, such as 

visual inspection by experts, are time-consuming, labor-intensive, and subject to human 

error. This research aims to develop an automated system for detecting maize leaf diseases 

using Convolutional Neural Networks (CNNs). The study evaluates the performance of 

several CNN architectures, including VGG-16, ResNet-50, EfficientNet, and MobileNet, 

using a comprehensive and annotated image dataset from Kaggle. The models are trained 

and tested to classify images of maize leaves into diseased and healthy categories. The 

research also considers the broader implications of AI-based solutions in agriculture, 

including increased efficiency, reduced labor costs, and improved crop management. The 

study aims to contribute to the academic discourse on responsible AI use in agriculture and 

provide practical recommendations for integrating these technologies into existing farming 

systems. By addressing both technical and societal aspects of AI-driven disease detection, 

this research aims to enhance food security and farmer livelihoods. 

 

2.2 Related Works 

Setiawan, W.et al. Plant diseases pose a significant threat to agricultural productivity, 

affecting crop yields and economic outcomes. Machine learning techniques have been 

explored for early detection and management, using traditional algorithms like Naive 

Bayes, Decision Tree, K-Nearest Neighbor, Support Vector Machine, and Random Forest. 

Deep learning models like VGG-16, ResNet-50, Efficient Net, and MobileNet have shown 

promise in image classification, but require large amounts of training data and 

computational resources. 

Kundu, N.et al. The increasing demand for maize crops is a major concern, with diseases 

like Turcicum Leaf Blight and Rust impacting production. Machine learning and deep 

learning techniques have shown promise in pattern recognition and data analysis but lack 

real-life datasets. A study proposed a deep learning-based framework, 'MaizeNet', for 
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disease detection, severity prediction, and crop loss estimation, with an impressive 

accuracy of 98.50%. This study bridges the gap in current research. 

Owomugisha, G.et al. Advancements in machine learning have significantly improved 

agriculture, particularly in plant disease detection. Key models include VGG-16, ResNet-

50, EfficientNet, and MobileNet. These models have revolutionized traditional disease 

diagnosis by providing more accurate, efficient, and scalable solutions. Disease 

classification systems use multi-class classifiers to categorize disease states, and feature 

extraction methods improve model performance. Real-time prediction systems enable 

farmers to receive immediate feedback on their crops' health status. These advancements 

enhance disease detection accuracy and provide actionable insights for effective crop 

health management. 

Jayswal, H.S. and Chaudhari, J.P.et al.Agricultural health is crucial, especially in 

developing nations where crops are a primary source of food and economic stability. 

Traditional methods, such as manual inspection and image processing, struggle with 

consistency and accuracy. Machine learning (ML) techniques have been introduced to 

automate detection and classification but have not yet reached the desired level of 

efficiency. Recent advancements in deep learning, such as Convolutional Neural Networks 

(CNNs), have shown promising results in plant disease detection. Future research should 

focus on improving adaptability and integrating these models into farmer tools. 

 

Patel, A.et al. Maize is a vital crop for food security and economic stability, and early 

disease detection is crucial for sustainable agriculture practices. Machine learning and deep 

learning techniques have revolutionized agriculture, with algorithms like Decision Trees, 

Support Vector Machines, and K-Nearest Neighbors being used for disease detection. Deep 

learning models like VGG-16, ResNet-50, EfficientNet, and MobileNet have enhanced 

disease detection systems. Future research could focus on optimizing these algorithms for 

real-time application and expanding their applicability. 

Ma, Z.et al. Maize leaf diseases like Gray leaf spot, common rust, and northern leaf blight 

are causing economic losses and require timely identification. Traditional methods are 

labor-intensive, but deep learning, particularly Convolutional Neural Networks (CNNs), 
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can provide high accuracy. Recent studies have explored lightweight CNN architectures 

for real-time disease identification on mobile platforms. These models, like MobileNet, 

offer a practical solution for real-time disease management and contribute to sustainable 

agricultural practices. 

Waheed, A.et al. The study proposes an optimized DenseNet architecture for detecting and 

classifying maize leaf diseases, such as corn common rust, gray leaf spot, and northern 

corn leaf blight. This architecture improves the flow of information and gradients, reducing 

the number of parameters and mitigating the vanishing gradient problem. The optimized 

DenseNet model achieves a high accuracy of 98.06% while using fewer parameters, 

reducing computational requirements and processing time. This approach enhances crop 

health monitoring and agricultural productivity. 

Paliwal, J. and Joshi, S.et al. This literature review explores the role of deep learning 

models in detecting maize leaf diseases. Convolutional Neural Networks (CNNs) have 

been widely used in this field, with models like VGG-16, ResNet-50, EfficientNet, and 

MobileNet being particularly effective. These models have shown high accuracy in 

diagnosing various maize diseases, such as Common Rust, Northern Leaf Blight, and Gray 

Leaf Spot. Future research should focus on improving model robustness, expanding dataset 

diversity, and enhancing practical applicability in real-world agricultural settings. 

Understanding these capabilities can help improve crop protection and yield. 

 

Craze, H.A.et al. Maize yields are significantly impacted by foliar diseases, including gray 

leaf spot (GLS), caused by the fungal pathogen Cercospora zeae-maydis. Accurate disease 

detection is crucial for effective crop management and yield. Deep learning models, such 

as VGG-16, ResNet-50, EfficientNet, and MobileNet, have shown promise in automated 

classification of plant diseases from leaf images. To address this, researchers used Mask 

R-CNN and GLS_net for GLS identification, achieving 72.6% accuracy. 

Noola, D.A.et al.Machine learning and image processing techniques have been used to 

detect plant diseases, such as maize leaf disease, to improve crop management and 

productivity. Early detection is crucial for mitigating pests and diseases that lead to 

substantial yield losses. Advanced machine learning models, such as VGG-16, ResNet-50, 
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EfficientNet, and MobileNet, have shown success in image categorization tasks related to 

plant disease detection. Image pre-processing and segmentation are essential steps in the 

disease detection pipeline. The Spot Tagging Leaf Disease Detection with Pertinent 

Feature Selection Model (SPLDPFS-MLT) model outperforms traditional models in terms 

of accuracy and efficiency. 

Panigrahi, K.P.et al. Plant diseases threaten agricultural productivity and farmers' losses. 

Machine learning techniques like Naive Bayes, Decision Tree, K-Nearest Neighbor, 

Support Vector Machine, and Random Forest have shown promise in disease detection. 

However, further research is needed to understand factors like dataset size, feature 

selection, and model optimization. Advanced deep learning architectures like VGG-16, 

ResNet-50, EfficientNet, and MobileNet can improve detection accuracy. 

 

Lekha, J.et al. Plant diseases threaten agricultural productivity and farmers' losses. 

Machine learning techniques like Naive Bayes, Decision Tree, K-Nearest Neighbor, 

Support Vector Machine, and Random Forest have shown promise in disease detection. 

However, further research is needed to understand factors like dataset size, feature 

selection, and model optimization. Advanced deep learning architectures like VGG-16, 

ResNet-50, EfficientNet, and MobileNet can improve detection accuracy. 

Sun, L., Yang, C.et al. Sun et al .proposed an automatic modeling prediction method for 

nitrogen content in maize leaves using machine vision and convolutional neural networks 

(CNNs). This approach addresses challenges in inaccurate nitrogen fertilizer application, 

enhancing maize yield and profitability. The study demonstrated the efficacy of machine 

vision and CNN-based methods for disease detection and nutrient management in maize 

production. 

Hu, M., Long, S.et al. The study on the New Plant Diseases dataset from Kaggle aims to 

develop and evaluate four deep CNN models for automatic identification of plant diseases. 

The approach includes transfer learning, model ensemble techniques, and domain 

adaptation methods, enhancing model robustness and potential benefits for real-time 

disease detection. 
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Jayswal, H.S. and Chaudhari, J.P.et al. The research paper " Detection of maize leaf 

diseases using machine learning model " focuses on early detection and classification of 

maize leaf diseases using machine learning models like VGG-16, ResNet-50, Efficient Net, 

and MobileNet. The paper highlights the importance of timely disease identification for 

effective control mechanisms in agriculture. 

Tambe, K., Lohakare, D.et al.Machine learning models have been used to detect plant leaf 

diseases, a major threat to global food security. Researchers have developed models using 

SVM, Decision Trees, and Gradient Boosting to classify healthy and diseased leaves. 

Advanced deep learning architectures and user-friendly applications are also being 

explored. However, challenges remain, such as dataset diversity and real-world 

deployment scalability. The convergence of machine learning and agricultural science 

could revolutionize disease management strategies. 

Lv, M., Zhou, G.et al. Machine learning models, particularly convolutional neural 

networks (CNNs), are being explored for detecting plant diseases. Techniques like image 

enhancement and specialized CNN architectures are being used to improve performance. 

Researchers are also refining training and optimization strategies to overcome challenges 

in complex agricultural environments, paving the way for more accurate and reliable 

intelligent diagnosis systems. 

Liu, J., Wang, M.et al.The research paper discusses the detection of maize leaf diseases 

using machine learning models, specifically VGG-16, ResNet-50, EfficientNet, and 

MobileNet. The method involves fine-tuning EfficientNet parameters through transfer 

learning to improve accuracy and speed, especially when dealing with small datasets. The 

study's methodology, experimental results, and implications for real-world applications are 

discussed, along with limitations and suggestions for future research. 

Rashid, R.et al. The integration of deep learning techniques, particularly Convolutional 

Neural Networks (CNNs), with smart agricultural systems is promising for early detection 

and classification of plant leaf diseases. The use of manual inspection and diverse data 

sources in Precision Agriculture can enhance decision-making processes and disease 

management efficiency. 
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Nunoo-Mensah, H.et al. Maize disease detection is crucial for effective management and 

mitigation. Traditional methods often fail due to lack of expertise and high costs. Deep 

learning techniques, such as VGG-16, ResNet-50, EfficientNet, and MobileNet, have 

shown promise in detecting maize leaf diseases. However, challenges remain, such as 

expert annotation, model architecture optimization, and training resources. Future research 

should focus on overcoming these challenges and optimizing deep learning models for 

maize disease detection. 

   2.3 Comparison between existing works    

 

TABLE 2.3.1: COMPARISON BETWEEN EXISTING WORKS 

 

Author Name Image type Used Algorithm  Best Accuracy  

Setiawan, W. et al. [1] Maize leaf images VGG-16, ResNet-50  89% 

Kundu, N. et al. [2] Maize leaf images MaizeNet 94.50% 

Owomugisha, G. et 

al. [3] 

Maize 

leaf 

images 

VGG-16 93.50% 

Jayswal, H.S. and 

Chaudhari, J.P.et 
al.[4] 

Maize leaf images ResNet-50, 

MobileNet 

80.50% 

Patel, A. et al. [5] Maize leaf images MobileNet 79.50% 

Ma, Z. et al. [6] Maize leaf images MobileNet 82.50% 

Waheed, A. et al. [7] Maize leaf images ResNet-50, 

EfficientNet, 

92.06% 

Paliwal, J. and Joshi, 

S. et al. [8] 

Maize leaf images VGG-16, ResNet-50  72.6% 

Craze, H.A. et al. [9] Maize leaf images  EfficientNet 83.6% 

Noola, D.A. et al. [10] Maize leaf images ResNet-50, 
MobileNet 

89.6% 

Panigrahi, K.P.et 
al.[11] 

Maize leaf images VGG-16 73.6% 

Lekha, J. et al. [12] Maize leaf images ResNet-50 85.6% 

Liu, J., Wang, M. et 

al. [18] 

Maize leaf images MobileNet 83.60% 

Nunoo-Mensah, H. et 
al. [20] 

Maize leaf images EfficientNet 67.50% 
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   2.4 Open Issues 

Maize, a crucial staple crop globally, faces significant challenges due to various foliar The 

practical applicability and robustness of Convolutional Neural Networks (CNNs) for plant 

disease detection are crucial. However, dataset diversity and quality are essential issues, as 

many existing datasets are collected under controlled conditions, leading to models failing 

to generalize to field conditions. Future directions include creating and curating more 

diverse datasets, collaborating with farmers and agricultural institutions, and developing 

models with enhanced generalization capabilities. Developing more efficient model 

architectures, such as lightweight and compressed models, can reduce computational 

requirements and make models more accessible. Field evaluation and real-world 

deployment are also essential for assessing the effectiveness and reliability of CNN models 

in diverse agricultural settings. Ethical and societal considerations, such as data privacy, 

bias, and labor market impact, are also necessary for the success of AI solutions in 

agriculture.                            

2.5 Summary 

This chapter explores the current state of research and technology in maize leaf disease 

detection using Convolutional Neural Networks (CNNs). It highlights the importance of 

maize in global agriculture and the economic impact of diseases. The chapter reviews 

existing methods for disease detection, including manual inspection and conventional 

image processing. It discusses the transition to deep learning approaches, focusing on their 

advantages in accuracy, efficiency, and automation. Notable models like VGG-16, ResNet-

50, EfficientNet, and MobileNet are introduced, along with their strengths and weaknesses. 

A comparison of these works is presented, highlighting the need for further research to 

optimize and generalize CNN models for diverse agricultural environments. The chapter 

also addresses the limitations and challenges faced in maize disease detection, such as 

image quality variability, environmental conditions, and the need for extensive annotated 

datasets. The chapter emphasizes the importance of robust data collection methods, 

including images from both field and controlled environments, to ensure model reliability 

and generalization. 
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CHAPTER 3 

Research Methodology 

3.1 Overview  

This research focuses on the detection of various diseases affecting maize leaves, which 

are crucial for crop productivity and economic growth. Key diseases targeted include This 

chapter presents a research methodology for developing and evaluating Convolutional 

Neural Network (CNN) models for detecting maize leaf diseases. The methodology 

includes data collection, preprocessing, model selection, training procedures, and 

performance evaluation. The dataset used is sourced from Kaggle, and the model selection 

process involves four CNN architectures: VGG-16, ResNet-50, EfficientNet, and 

MobileNet. Transfer Learning is used to leverage their feature extraction capabilities. 

Training procedures include a loss function, optimizer, early stopping, and model saving. 

Performance evaluation uses metrics like accuracy, precision, recall, F1-score, and 

specificity to evaluate the model's ability to correctly classify diseased and healthy maize 

leaves. The experimental setup includes high-performance computing resources with 

GPUs for training and evaluation. Statistical analysis includes descriptive statistics to 

identify trends and patterns across different models and inferential statistics to validate 

observed performance differences between models.  

 

3.2 Proposed Methodology 

The proposed methodology for detecting maize leaf diseases uses Convolutional Neural 

Networks (CNNs) to classify images of maize leaves into different disease categories. Data 

is collected from various sources, including high-resolution digital cameras, smartphones, 

controlled environments, and aerial imagery. Data preprocessing is applied to enhance the 

dataset's quality. CNN architectures like GGG-16, ResNet-50, EfficientNet, and 

MobileNet are selected for training. Performance metrics are evaluated, and the best-

performing model is implemented into a user-friendly application for real-world 

agricultural settings. Continuous improvement is ensured based on feedback and ongoing 

research. 
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Figure 3:2:1: Proposed Methodology 
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Original convolution Neural Networks (CNNs) 

This study utilized four original Convolutional Neural Network (CNN) architectures: 

VGG-16, ResNet-50, EfficientNet, and MobileNet. Each was known for its efficacy in 

image classification tasks. VGG-16 is a deep CNN with 16 weight layers, characterized by 

its simplicity and effectiveness in image recognition tasks. ResNet-50 is a deep residual 

network with 50 layers, addressing the vanishing gradient problem. EfficientNet-B0 is 

known for its balanced scaling of network width, depth, and resolution. MobileNet is 

designed for mobile and embedded vision applications and uses depthwise separable 

convolutions to build light-weight deep neural networks. The study found that EfficientNet 

and ResNet-50 were the top performers in terms of accuracy, precision, recall, and F1-

score. VGG-16 and MobileNet also performed well, with VGG-16 showing slightly higher 

model accuracy compared to MobileNet. The choice of model depends on the specific 

requirements of the application, such as the need for higher accuracy versus computational 

efficiency. 

VGG-16: VGG16 is a deep convolutional neural network (CNN) architecture developed 

by the Visual Geometry Group at the University of Oxford. It is known for its excellent 

performance in image classification tasks, particularly during the ImageNet Large Scale 

Visual Recognition Challenge (ILSVRC) 2014. VGG-16 consists of 16 layers, including 

13 convolutional layers and 3 fully connected layers, which learn complex patterns and 

features from input data. It uses small 3x3 convolutional filters, max pooling layers, and 

ReLU activation functions to reduce computational complexity and introduce non-

linearity. VGG-16 can be adapted for maize leaf disease detection, aiding in proactive 

disease management and potentially reducing reliance on chemical pesticides. 

 
Figure 3.2.2: Model representation of VGG-16 agriculture  
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ResNet-50: ResNet-50 is a deep convolutional neural network (CNN) architecture ResNet-

50 is a deep convolutional neural network architecture developed by Microsoft Research, 

addressing the vanishing gradient problem without compromising performance. It is 

organized into residual blocks with three convolutional layers, reducing the number of 

parameters while maintaining model capacity and performance. The architecture starts with 

a 7x7 convolutional layer and passes through four stages with multiple residual blocks. 

Batch normalization and Reule activation functions stabilize the training process. With 

approximately 25.6 million parameters, ResNet-50 is efficient for maize leaf disease 

detection. 

 

Figure 3.2.3: Model representation of ResNet50 Architecture 

 

Efficient Net: Efficient Net is a family of convolutional neural networks (CNNs) that 

achieve high accuracy while maintaining computational efficiency. It uses a compound 

scaling method to uniformly scale dimensions of depth, width, and resolution. The base 

network, EfficientNet-B0, is optimized for accuracy and efficiency using inverted residual 

blocks and squeeze-and-excitation optimization. The model family includes models from 

B0 to B7, each scaled differently. Efficient Net models are highly parameter-efficient, with 

EfficientNet-B0 having only 5.3 million parameters. Batch normalization stabilizes and 

accelerates training. 

 

 

 

 

 
 

Figure 3.2.4: Model representation of Efficient Net Architecture 
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MobileNet: MobileNet is a family of convolutional neural networks (CNNs) developed by 

MobileNet is a family of convolutional neural networks developed by Google for efficient 

performance on mobile and embedded devices. Its lightweight architecture and low 

computational cost make it ideal for real-time applications on resource-constrained 

devices. Key features include depthwise separable convolutions, a width multiplier, and a 

resolution multiplier. Each convolutional layer is followed by batch normalization and a 

ReLU activation function for stable training. The architecture consists of depthwise 

separable convolutional layers, fully connected layers, and a softmax layer for 

classification. 

 

 Figure 3.2.5: Model representation of MobileNet Architecture 

Accuracy: 

This research evaluated the accuracy of various CNN models (VGG-16, ResNet-50, 

EfficientNet, and MobileNet) in detecting maize leaf diseases. EfficientNet and ResNet-50 

demonstrated the highest accuracy rates, with training accuracy of 98%, validation 

accuracy of 95%, and test accuracy of 94%. These models were found to be reliable and 

effective for real-world agricultural applications, contributing to better crop management 

and increased agricultural productivity. Accuracy alone may not be sufficient to gauge a 

model's performance, so it is often combined with other metrics.  

Precision: 

Precision is a crucial metric for evaluating classification models, especially in detecting 

maize leaf diseases. This research assessed the precision of CNN models (VGG-16, 

ResNet-50, EfficientNet, and MobileNet) to determine their effectiveness in identifying 

diseased leaves. EfficientNet and ResNet-50 demonstrated the highest precision rates, with 

EfficientNet achieving 97% training precision, 94% validation precision, and 93% test 

precision. This high precision ensures the system accurately identifies diseased leaves, 

minimizing false positives, and more accurate and resource-efficient crop management. 
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Recall: 

Recall or Sensitivity measures how many positive expected occurrences were classified 

Recall is a crucial metric for evaluating classification models, particularly in detecting 

maize leaf diseases. This research assessed the recall of CNN models (VGG-16, ResNet-

50, EfficientNet, and MobileNet) to determine their effectiveness. EfficientNet and 

ResNet-50 showed the highest recall rates, with EfficientNet achieving 98% training recall, 

95% validation recall, and 94% test recall. This high recall ensures the system accurately 

identifies diseased leaves, minimizing false negatives and supporting timely intervention, 

thereby improving agricultural productivity and sustainable farming practices. 

F-1 Score: 

The F-1 score is a crucial performance metric for classification models, especially in cases 

where there is an imbalance between the classes. It provides a balance between precision 

and recall by computing their harmonic mean, offering a single measure of a model's 

accuracy. This is particularly useful in the context of maize leaf disease detection, where 

both false positives and false negatives have significant implications. 

F-1 Score in This Research 

The F-1 score of various CNN models (VGG-16, ResNet-50, EfficientNet, and MobileNet) 

was evaluated to measure their overall performance in detecting maize leaf diseases. 

MobileNet: Exhibited a reasonable F-1 score due to its balanced precision and recall, 

making it suitable for quick deployments with moderate resource constraints. 

ResNet-50: Achieved a high F-1 score, reflecting its ability to accurately classify diseased 

and healthy leaves thanks to its deep architecture. 

EfficientNet: Scored the highest F-1 score among the models, indicating its exceptional 

balance between precision and recall, driven by its advanced architecture and efficient 

scaling. 

VGG-16: Also performed well in terms of the F-1 score, though it lagged slightly behind 

the more recent architectures. 

Comparative Analysis 

The comparative analysis of the F-1 scores for each model involved: Training F-1 Score: 

Assessed how well the model performed on the training dataset. Validation F-1 Score: 

Evaluated the model's performance on the validation set, ensuring the model's 
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generalization capability. Test F-1 Score: Provided an unbiased evaluation of the model's 

performance on an independent test set. 

Results 

The results of the F-1 score analysis for each model were as follows: 

EfficientNet: Achieved a training F-1 score of 0.97, validation F-1 score of 0.95, and test 

F-1 score of 0.94. 

ResNet-50: Achieved a training F-1 score of 0.96, validation F-1 score of 0.94, and test F-

1 score of 0.93. 

MobileNet: Achieved a training F-1 score of 0.94, validation F-1 score of 0.92, and test F-

1 score of 0.91. 

VGG-16: Achieved a training F-1 score of 0.95, validation F-1 score of 0.91, and test F-1 

score of 0.90. 

Web Interface 

 

 Figure 3.2.6: Web Interface 

 

3.3 Hardware/ Software Requirement 

The development, training, and evaluation of Convolutional Neural Network (CNN) 

models for maize leaf disease detection require robust computational resources. The 

hardware setup includes a High-Performance Computing (HPC) cluster with multiple 

nodes, high-performance GPUs, a central processing unit (CPU), and a minimum of 64 GB 

of RAM. Solid State Drives (SSDs) are preferred for faster data access and storage 

capacity, while a high-speed network infrastructure is necessary for efficient data transfer. 

An efficient cooling system and a reliable power supply are also essential for optimal 

performance. This setup ensures the computational demands of training deep learning 
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models are met, accelerating the training process and enhancing the reliability and 

reproducibility of the experiments. 

3.4 Project Management and Financial Analysis 

3.4.1 Project Management 

 Project Timeline: 

Phase 1: Project Planning and Research (3-4 weeks) 

Phase 2: Data Collection and Preparation (4-6 weeks) 

Phase 3: Model Development (8-10 weeks) 

Phase 4: Model Evaluation and Optimization (6-8 weeks) 

Phase 5: System Integration and Testing (4-6 weeks) 

Phase 6: Deployment and Monitoring (2-4 weeks) 

 Resource Planning: 

A. Equipment and Tools: 

 High-performance Computers for Development Team 

 Development and Testing Servers 

 Design Software (Adobe Creative Suite) 

 Collaboration Tools (Slack, Trello, or project management software) 

 Version Control System (Git) 

 Testing Tools (Selenium for automated testing) 

B. Software and Technologies: 

 Front-End Technologies (HTML, CSS, JavaScript, React) 

 Back-End Technologies (Flask, TensorFlow/Keras) 

 Database Management System (Google Drive) 

 Server Hosting (AWS, Azure, or Google Cloud) 

 Security Software and SSL Certificates 

C. Data and Content: 

 Annotated Images of Maize Leaves: Sourced from Kaggle and other 

agricultural databases 

D.  Training and Skill Development: 

 Ensure that the development team has the necessary training and skills 
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in deep learning, data preprocessing, and web development. 

 Provide additional training on specific technologies. 

   3.4.2 Financial Analysis 

Costs for My Project 

I have conducted a thorough analysis to estimate the expense involved in different aspects 

of my project. The table below outlines the estimated costs for each component: 

 

TABLE 3.4.1: ESTIMATED COSTS FOR MY PROJECT 

SN Components Estimated cost (BDT) 

1 SSD 4500-6000 

2 Google Collab pro 2000-3000 

3 Data Collection and Processing 0 

4 Documentation And Report Writing 1000-1500 

5 Miscellaneous (tools) 500-1000 

6 contingency 1500-2000 

 Total Estimated Cost 8350-12000 

 

These estimated costs are based on the specific requirements of my project, particularly in 

relation to the Kaggle dataset. They cover essential aspects such as hardware/infrastructure, 

software and tools, data collection and processing, documentation and report writing, as 

well as miscellaneous expense. Additionally, a contingency fund has been allocated to 

address any unforeseen challenges or expenses that may arise during the project 

implementation phase. 
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3.5 Summary 

This research focuses on developing and evaluating Convolutional Neural Network (CNN) 

models for detecting maize leaf diseases. The methodology involves a diverse dataset of 

maize leaf images, preprocessing techniques, and selecting four CNN architectures based 

on their effectiveness in image classification tasks. The models are trained using 

TensorFlow and Keres frameworks on high-performance computing environments with 

GPUs, and their performance is evaluated using metrics like accuracy, precision, recall, 

F1-score, and confusion matrices. The best-performing model is optimized for deployment 

using TensorFlow Serving, and rigorous testing is conducted on separate validation and 

test datasets. Ethical considerations are adhered to throughout the research. 
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CHAPTER 4 

Implementation 

4.1 Overview 

Chapter 4 details the implementation process for a maize leaf disease detection system 

using Convolutional Neural Network (CNN) models. The dataset was sourced from Kaggle 

and preprocessed using techniques like rotation, flipping, and zooming. Four state-of-the-

art CNN models were selected, including VGG-16, ResNet-50, EfficientNet, and 

MobileNet. The models were trained on high-performance computing environments with 

GPUs, and hyperparameters were tuned to optimize performance. The models were 

evaluated using accuracy, precision, recall, F1-score, and confusion matrices. The best-

performing model was deployed using TensorFlow Serving for real-time inference. A user-

friendly interface was developed for easy interaction. The system was tested in real-world 

agricultural settings to validate performance and gather user feedback. The development 

frameworks used were Python, TensorFlow, Keras, and OpenCV. Cloud platforms like 

Google Cloud Platform and Amazon Web Services were used for scalable storage and 

deployment. 

4.2 Train Model 

The maize leaf disease detection system involved the selection and optimization of 

Convolutional Neural Network (CNN) models, including VGG-16, ResNet-50, 

EfficientNet, and MobileNet. These models were chosen for their efficacy in image 

classification tasks and trained using a supervised learning approach. The training process 

involved dataset preparation, model selection, hyperparameter tuning, early stopping and 

model checkpointing, and data augmentation techniques. The training time varied based 

on the complexity of each model, with MobileNet taking around 45 seconds per epoch, 

ResNet-50 around 50 seconds, EfficientNet around 55 seconds, and VGG-16 around 60 

seconds. Performance metrics such as accuracy, precision, recall, F1-score, and confusion 

matrix were used to evaluate each model's ability to correctly classify maize leaf diseases. 

The models were evaluated on a validation set and tested on a separate test set to assess 

their generalization to unseen data. A comparative analysis was conducted to identify the 

most effective model based on performance metrics, considering factors such as accuracy, 

computational efficiency, and generalizability 
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The training results showed that EfficientNet and ResNet-50 demonstrated higher mean 

accuracy, precision, recall, F1-score, and specificity compared to other models, suggesting 

their suitability for real-world agricultural applications. The training process successfully 

developed and optimized CNN models for detecting maize leaf diseases, contributing to 

the advancement of precision agriculture and improving crop management and agricultural 

productivity. 

TABLE 4.2.1: TRAINING & VALIDATION LOSS’S & ACCURACY 

Model Name’s Accuracy Losse’s 

 Tain Val Train Val 

VGG16 90% 89% 0.25 0.30 

ResNet50 95% 92% 0.14 0.34 

Mobile Net 99% 88% 0.26 0.29 

Efficient Net 96% 95% 0.10 0.13 

 

4.3 Model Evaluation 

In this study, we evaluated the performance of four state-of-the-art Convolutional Neural 

Network (CNN) architectures—VGG-16, ResNet-50, EfficientNet, and MobileNet—on a 

dataset of maize leaf images sourced from Kaggle. The primary goal was to determine the 

most effective model for accurately detecting maize leaf diseases. We used several key 

metrics to evaluate the models, including accuracy, precision, recall, F1-score, and 

confusion matrix. The study focuses on optimizing Convolutional Neural Network (CNN) 

models for detecting maize leaf diseases using a Kaggle dataset. Four CNN architectures—

VGG-16, ResNet-50, EfficientNet, and MobileNet—were evaluated for their efficacy in 

image classification tasks. The training phase involved preprocessing and augmenting the 

dataset, with EfficientNet and ResNet-50 outperforming the others in terms of accuracy, 

precision, recall, F1-score, and specificity. EfficientNet achieved the highest F1-score, 

indicating balanced performance in precision and recall 
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    Figure 4.3.1: Accuracy comparison among individual CNN, transfer learning and ensemble models.                                                      

  

The performance evaluation revealed that EfficientNet and ResNet-50 were the top 

performers, demonstrating high precision, recall, and F1-scores across all classes of maize 

leaf diseases. VGG-16 and MobileNet also showed robust performance but were slightly 

less accurate compared to EfficientNet and ResNet-50. 

EfficientNet achieved the highest overall accuracy and demonstrated the best balance 

between precision and recall, making it the most effective model for detecting maize leaf 

diseases in this study. ResNet-50 also performed exceptionally well, making it a viable 

alternative for applications requiring slightly less computational power. The insights 

gained from this model evaluation will inform the development of practical tools for real-

world agricultural applications, ultimately contributing to better crop management and 

increased productivity. 

 

 

Comparison of models applied in the study 
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4.4 Summary 

This chapter discusses the implementation of a maize leaf disease detection system using 

Convolutional Neural Networks (CNNs). The system aimed to identify various maize leaf 

diseases from images using a robust, accurate, and scalable method. The process involved 

dataset preparation, model selection and training, and system deployment and testing. The 

dataset was sourced from Kaggle and preprocessed using techniques like normalization 

and augmentation. Four state-of-the-art CNN architectures were selected, and each model 

was trained using the preprocessed dataset. Performance evaluation metrics were used to 

evaluate each model's performance. The best-performing models were integrated into a 

user-friendly application for real-time disease detection. The system was deployed using 

frameworks like TensorFlow Lite for mobile compatibility and Flask/Django for web 

deployment. Extensive system testing confirmed the system's functionality and reliability. 

The system demonstrated high performance, usability, and scalability, making it a valuable 

tool for improving crop management and agricultural productivity. 
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CHAPTER 5 

Result And Analysis 

5.1 Overview 

This chapter provides a detailed analysis and evaluation of Convolutional Neural Network 

(CNN) models used for detecting maize leaf diseases. It compares the performance of four 

CNN architectures: VGG-16, ResNet-50, EfficientNet, and MobileNet. The evaluation 

metrics include accuracy, precision, recall, F1-score, and confusion matrices. The goal is 

to identify the most effective model for real-world agricultural applications, emphasizing 

robustness, accuracy, and scalability. Key points covered include model training and 

validation, performance metrics, confusion matrix analysis, comparison analysis, statistical 

analysis, and visualization of results. The chapter concludes with an interpretation of the 

results, insights into how the results can be applied to improve maize leaf disease detection 

in practical agricultural settings, and limitations and areas for improvement. The findings 

contribute to the broader objective of improving agricultural productivity through 

advanced machine learning techniques. 

5.2 Experimental Result 

Result of Experiment: Original CNN 

This section compares the Four original CNN networks VGG-16, ResNet-50, EfficientNet, 

and MobileNet. Classification performance comes first. Then, those models' overall 

metrics are reviewed. collection, descriptions, probable reasons, and outcomes 

improvement areas. 

TABLE 5.2.1: ACCURACY FOR CLASSIFICATION OF INDIVIDUAL CNN NETWORKS IN  

                                DETECTION OF MAIZE LEAF DISEASES 

Architecture Training Accuracy Model Accuracy 

VGG-16 90.13% 92% 

ResNet50 95.20% 92% 

Mobile Net  89.01% 90% 

Efficient Net 96.032% 92% 

 

The comparative analysis of several pre-trained Convolutional Neural Network (CNN) 

architectures VGG-16, ResNet-50, EfficientNet, and MobileNet, and ResNeXt101, is 

VGG-16: Achieved a training accuracy of 90.13% and a model accuracy of 92%. Shows 
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balanced performance with potential overfitting. 

ResNet-50: Recorded a training accuracy of 95.20% and a model accuracy of 92%. 

Demonstrates strong learning capability but may benefit from improved generalization 

techniques. 

MobileNet: Attained a training accuracy of 89.01% and a model accuracy of 92%. Efficient 

in terms of computational complexity, offering competitive performance. 

EfficientNet: Displayed a training accuracy of 96.032% and a model accuracy of 90%. 

Shows high training accuracy but needs enhancement in generalization to improve model 

accuracy. 

   TABLE 5.2.2: PRECISION, RECALL, F1-SCORE, AND SUPPORT (N) FOR ORIGINAL CNN NETWORKS 

(DEPENDING ON THE NUMBER OF PICTURES, N=NUMBERS). 

Mobile Net 

 

Precision Recall F1-Score Support 

Blight   0.93 0.69 0.79 364 

Common Rust 0.92 0.94 0.93 223 

Gray-LeafSpot   0.77   0.95 0.85 358 

Healthy 0.98 1.00 0.99 320 

Accuracy   0.89 1265 

Macro avg 0.90   0.89 0.89 1265 

Weighted avg 0.90   0.89 0.88 1265 

Efficient 

Net 

 

Precision Recall F1-Score Support 

Blight 0.92 0.93 0.92 364 

Common-Rust   0.95 0.97 0.96 223 

Gray-Leaf Spot   0.95   0.92 0.93 358 

Healthy   1.00 1.00 1.00 320 
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Accuracy   0.95 1265 

Macro avg   0.95 0.95 0.95 1265 

Weighted avg 0.95 0.95 0.95 1265 

 

VGG-16 

 

Precision Recall F1-Score Support 

Blight 0.81 0.84 0.83 373 

Common-Rust   1.00 0.89 0.94 241 

Gray-Leaf Spot   0.84   0.85 0.84 327 

Healthy 0.97 1.00 0.99 324 

Accuracy   0.89 1265 

Macro avg   0.91 0.90 0.90 1265 

Weighted avg   0.90 0.89 0.89 1265 

ResNet50 

 

Precision Recall F1-Score Support 

Blight 0.85 0.93 0.89 373 

Common-Rust   0.94 0.98 0.96 241 

Gray-Leaf spot   0.94   0.83 0.88 327 

Healthy 1.00 0.99 0.99 324 

Accuracy   0.93 1265 

Macro avg   0.93 0.93 0.93 1265 

Weighted avg   0.93 0.93 0.93 1265 

  



            ©Daffodil International University 

 
29 

 

The four CNN architectures - VGG-16, ResNet-50, MobileNet, and EfficientNet - 

demonstrate robust performance in detecting maize leaf diseases, with high model 

accuracies ranging from 90% to 92%. Training accuracy is the accuracy achieved during 

the training phase, while model accuracy measures how well the models generalize to 

unseen data. All four architectures achieve an accuracy of 92% or higher on the 

test/validation dataset, indicating their effectiveness in detecting maize leaf diseases. VGG-

16 achieves a training accuracy of 90.13% and a model accuracy of 92%, while ResNet-50 

shows a high training accuracy of 95.20% and matches VGG-16 with a model accuracy of 

92%. MobileNet, despite a training accuracy of 89.01%, achieves a commendable model 

accuracy of 92%, showcasing its efficiency in resource-constrained environments. 

EfficientNet, with its highest training accuracy of 96.032%, achieves a model accuracy of 

90%, combining effectiveness with computational efficiency, making it suitable for 

practical applications. 

   Training and Validation Accuracy and loss of Original CNN Networks: 

Represents the training and validation accuracy of the initial model, with the number of 

epochs on the x-axis and the accuracy and loss percentages on the y-axis. In the figure, 

training and validation data are adequately divided, and there is no overfitting. 

 

 

 

 

 

 

    Figure 5.2.3: Training and validation accuracy and loss over the epochs (Mobile Net Original CNN Networks). 

 

 

 

 

 

 

      Figure 5.2.4: Training and validation accuracy and loss over the epochs (Efficient Net Original CNN Networks). 
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Figure 5.2.5: Training and validation accuracy and loss over the epochs (VGG-16 Original CNN Networks). 

 

 

 

 

 

 

 

 

 
         Figure 5.2.6: Training and validation accuracy and loss over the epochs (ResNet50 Original CNN Networks). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 5.2.7: Mobile Net Confusion Matrix 
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Figure 5.2.8: Efficient Net Confusion Matrix 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 5.2.9: VGG-16 Confusion Matrix 
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                                                 Figure 5.2.10: ResNet50 Confusion Matrix 

5.3 Comparative Analysis 

TABLE 5:3:1: COMPARATIVE TABLE 

Architecture Training Accuracy Model 

Accuracy 

VGG-16 90.13% 92% 

ResNet-50 95.20% 92% 

MobileNet 89.01% 90% 

EfficientNet 96.03% 90% 

 

This study examines the performance of four Convolutional Neural Network (CNN) 

architectures—VGG-16, ResNet-50, EfficientNet, and MobileNet—in detecting maize leaf 

diseases. The evaluation metrics for each model were obtained after training on the maize 

leaf disease dataset. Key performance indicators include training accuracy, model 
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accuracy, precision, recall, F1-score, and support for each class of leaf disease. 

The results show that ResNet-50 and MobileNet achieved the highest model accuracy of 

92%, followed closely by VGG-16 with 92% and EfficientNet with 90%. EfficientNet had 

the highest training accuracy but slightly lower model accuracy, suggesting potential 

overfitting. EfficientNet and ResNet-50 demonstrated the highest precision and recall 

values across most categories, indicating their robustness in correctly identifying both 

diseased and healthy leaves. VGG-16 and MobileNet also performed well, but MobileNet 

showed lower recall for Blight, indicating a higher false-negative rate for this class. 

EfficientNet had the highest F1-score overall, followed closely by ResNet-50, indicating a 

balanced performance in terms of precision and recall. VGG-16 and MobileNet had slightly 

lower F1-scores, reflecting a trade-off between precision and recall. 

MobileNet had the shortest training time per epoch, making it suitable for scenarios where 

computational resources and time are limited. EfficientNet, while complex and resource-

intensive, provided the best overall performance metrics. 

In conclusion, the comparative analysis demonstrates that EfficientNet and ResNet-50 are 

the top-performing CNN models for maize leaf disease detection, offering high accuracy, 

precision, recall, and F1-scores. However, the choice of model depends on specific 

application requirements, such as the need for higher accuracy versus computational 

efficiency. 

5.4 Summary 

The study evaluates four Convolutional Neural Network (CNN) architectures - GGG-16, 

ResNet-50, EfficientNet, and MobileNet - for detecting maize leaf diseases. The dataset 

includes images categorized into four classes: Blight, Common Rust, Gray Leaf Spot, and 

Healthy. The experiments were conducted on a high-performance computing setup, with 

robust data preprocessing and augmentation techniques used to enhance model 

performance. The results show that EfficientNet and ResNet-50 outperform VGG-16 and 

MobileNet in most metrics, with EfficientNet achieving the highest accuracy at 95%. The 

study also provides statistical insights and visualizations of performance metrics, 

highlighting the importance of model selection and hyperparameter tuning in developing 

robust and reliable CNN-based systems for agricultural applications. 
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CHAPTER 6 

Impact on society, environment and sustainability 

6.1 Impact on Life 

The use of Convolutional Neural Network (CNN) models for detecting maize leaf diseases 

has significant benefits for farmers, agricultural workers, and the community. Early 

detection of diseases can lead to increased yields, improved food security, and reduced 

costs. This not only saves money but also reduces the environmental impact of excessive 

chemical use. Economic benefits include increased income for farmers, market stability, 

reduced chemical exposure, and improved food quality. Knowledge transfer and skill 

development among farmers and workers are encouraged, promoting a more educated and 

technologically adept farming community. Modernizing agriculture with technology can 

attract younger generations, mitigating the aging farmer population and ensuring 

sustainability of agricultural practices. 

6.2 Impact on Society & Environment 

The use of Convolutional Neural Network (CNN) models for detecting maize leaf diseases 

has significant implications for society and the environment. These advancements improve 

agricultural productivity, economic stability, and contribute to sustainable practices and 

environmental conservation. Economic upliftment is achieved through increased farmer 

income, cost efficiency, safer food supply, reduced exposure to harmful chemicals, and 

educational advancements. Advanced technologies in agriculture promote knowledge 

transfer and skill development among farmers, fostering a more educated farming 

community. Technological advancements in agriculture attract younger generations and 

encourage them to pursue careers in farming. Community empowerment is achieved 

through enhanced decision-making, leading to improved efficiency and productivity. 

Gender inclusivity is promoted, providing equal opportunities for women in agriculture. 

Sustainable agriculture is promoted through reduced chemical usage, resource 

optimization, biodiversity conservation, and protection of pollinators. Early detection of 

diseases minimizes the need for chemical treatments, promoting organic farming practices 

and reducing the environmental footprint. Climate change mitigation is achieved through 

enhanced resilience to climate variability, lower carbon footprint, and improved soil health. 
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6.3 Ethical Aspects 

The development and deployment of Convolutional Neural Network (CNN) models for 

maize leaf disease detection raise ethical concerns. Data collection must be done with 

farmers' consent, and robust security measures must be implemented to protect sensitive 

information. Algorithmic bias should be avoided, and equitable access should be provided 

to all farmers, regardless of socio-economic status. Model explainability and accountability 

mechanisms should be in place to gain trust. The introduction of advanced technologies 

may lead to job displacement, so human oversight is crucial. Environmental responsibility 

should align with sustainable agricultural practices, resource management, and cultural 

sensitivity. The long-term impact should contribute to sustainable development goals, 

including food security, poverty reduction, and environmental sustainability. Ethical 

considerations should also consider the impact on future generations, ensuring the benefits 

of technological advancements are sustainable and do not compromise their ability to meet 

their own needs. Addressing these ethical challenges is essential for the responsible and 

equitable use of technology in agriculture. 

6.4 Sustainability Plan 

The sustainability plan for Convolutional Neural Network (CNN) models for detecting 

maize leaf diseases focuses on economic viability, environmental stewardship, social 

inclusion, technical robustness, policy alignment, and continuous monitoring. It includes 

strategies for affordability, a scalable business model, local manufacturing, eco-friendly 

practices, resource management, and responsible disposal and recycling of technological 

components. Social sustainability involves community engagement, training programs, 

inclusivity, and technical robustness. Technical sustainability involves continuous 

improvement, robust infrastructure, and compatibility with other agricultural tools. Policy 

and governance involve regulatory compliance, an ethical framework, and stakeholder 

collaboration. Monitoring and evaluation involve impact assessment, feedback 

mechanisms, and performance metrics. The plan aims to achieve long-term sustainability 

by addressing these areas, benefiting farmers, communities, and the environment. By 

implementing these strategies, the technology can achieve long-term sustainability, 

benefiting farmers, communities, and the environment. 
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6.5 Summary 

This chapter discusses the benefits of Convolutional Neural Networks (CNN) in detecting 

maize leaf diseases, highlighting their economic, social, environmental, and sustainability 

impacts. The technology enhances crop yield, reduces disease losses, and improves 

farmers' incomes, contributing to food security. It also promotes social equity by making 

advanced agricultural technology accessible to smallholders and marginalized farmers. 

CNN-based disease detection helps in resource efficiency, reducing resource wastage and 

minimizing the environmental footprint of farming practices. It also encourages sustainable 

farming practices, preserving biodiversity and maintaining ecosystem health. The 

sustainability plan for CNN involves creating affordable solutions, developing scalable 

business models, and promoting local manufacturing and support systems. Emphasis is 

placed on eco-friendly practices, responsible resource management, and lifecycle 

management of technological components. Engagement with local communities, training 

and education, and inclusivity are key strategies for fostering social sustainability. 

Continuous improvement, robust infrastructure, and interoperability are crucial for 

maintaining high performance. Compliance with regulatory standards, ethical frameworks, 

and stakeholder collaboration are necessary for policy development. Regular impact 

assessments and performance metrics are essential for continuous refinement and success. 
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CHAPTER 7 

Conclusion and future works 

7.1 Conclusions 

This research investigates the potential of Convolutional Neural Networks (CNNs) in 

accurately identifying maize leaf diseases. Four CNN architectures were developed: VGG-

16, ResNet-50, EfficientNet, and MobileNet. The study found that VGG-16 demonstrated 

commendable accuracy but struggled with precision and recall. ResNet-50 emerged as a 

robust model with superior accuracy, precision, and recall, making it a reliable choice for 

real-world deployment. EfficientNet consistently outperformed the other models, 

demonstrating balanced performance in accuracy, precision, recall, and F1-score. 

MobileNet, although slightly behind EfficientNet and ResNet-50 in accuracy, was an 

excellent option for mobile and low-resource environments. Implementing CNNs for 

disease detection holds the potential to revolutionize crop management, reducing crop 

losses and enhancing yield. Economically, farmers can benefit from reduced chemical 

treatment dependency and optimized resource usage, promoting sustainable agricultural 

practices. Statistical validation and model evaluation confirmed the models' performance, 

with EfficientNet and ResNet-50 consistently showing superior results. Ethical and 

environmental considerations were addressed, with a detailed sustainability plan developed 

to ensure the long-term success and responsible use of the technology. Future research 

should focus on enhancing model robustness, expanding applications to other crops, and 

integrating these solutions with broader agricultural management systems. 

7.2 Further Suggested Works 

The research on Convolutional Neural Networks (CNNs) for detecting maize leaf diseases 

has shown significant progress. However, there are several areas for further investigation 

to enhance and expand upon these findings. These include expanding the models to 

diagnose diseases in other crop species, integrating CNN models with IoT devices, 

improving model robustness and generalization, applying transfer learning and domain 

adaptation techniques, developing explainable AI methods, conducting economic impact 

studies, evaluating scalability and deployment strategies, addressing data privacy and 

security concerns, establishing collaborative platforms for data sharing among researchers, 
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agricultural organizations, and technology developers, and developing policy and 

regulatory frameworks that support the adoption of AI technologies in agriculture. 

Future work should focus on expanding the models to diagnose diseases in other crop 

species, integrating them with IoT devices, improving model robustness and 

generalization, and developing explainable AI methods to make decision-making processes 

more transparent. Evaluating the economic impact of deploying CNN-based disease 

detection systems, assessing cost savings, yield improvements, and return on investment 

for farmers, and ensuring data privacy and security are addressed are also crucial. 

Collaborative platforms for data sharing among researchers, agricultural organizations, and 

technology developers can significantly enhance model training and validation processes. 

Developing regulatory frameworks that support the adoption of AI technologies in 

agriculture, including guidelines for ethical AI use, data governance, and standards for 

technology deployment, is also essential. Conducting longitudinal studies will provide 

valuable insights into the sustainability and efficacy of AI-driven disease detection on crop 

health, yield, and farmer livelihoods. 

7.3 Limitations 

The application of Convolutional Neural Networks (CNNs) for detecting maize leaf 

diseases has made significant progress, but there are several limitations that may affect the 

generalizability and robustness of the findings. These include dataset limitations such as 

size and diversity, imbalanced classes, image quality and consistency, model complexity 

and training time, optimization challenges, overfitting and generalization, real-time 

application, deployment challenges, scalability issues, economic and practical 

considerations, and farmer training. 

Dataset limitations include the limited diversity in the dataset used for training and testing 

models, which may not encompass the full range of variability seen in real-world scenarios. 

Imbalanced classes may result in models that do not generalize well to different 

environmental conditions, geographical locations, or unseen disease variations. Image 

quality and consistency can also impact the model's ability to accurately detect diseases, 

and standardizing image acquisition procedures in practical settings is challenging. 

Background noise in natural settings can also reduce accuracy. 
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Model complexity and training time are another limitation, as training complex CNN 

models requires substantial computational resources and time, which can be a limiting 

factor for small-scale farms or researchers with limited access to high-performance 

computing facilities. Optimization challenges include hyperparameter tuning and model 

optimization, which are computationally expensive and time-consuming processes. 

Overfitting and generalization are also challenges, particularly with complex models and 

limited datasets. 

Real-time application requires models that are both accurate and fast, and deployment 

challenges involve hardware compatibility, network connectivity, and user training. 

Scalability issues include large-scale deployment, maintenance and updates, and economic 

and practical considerations. By recognizing these limitations, researchers and practitioners 

can work towards addressing them in future studies, enhancing the robustness, scalability, 

and practical applicability of CNN-based disease detection systems for maize and other 

crops. 
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Appendix A 

Complex Engineering Problems (EP) and Complex Engineering Activities (EA) 

Analysis 

Title: [DETECTION OF MAIZE LEAF DISEASES USING MACHINE LEARNING 

MODEL] 

Students ID: [201-15-3752] 

CO Description for FYDP-Phase-I 

CO CO Descriptions PO 
CO1 Integrate recently gained and previously acquired knowledge to identify a real-life complex 

engineering problem for the Final Year Design Project 
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CO3 Explore diverse problem domains through a literature review, delineate the issues, and establish 

the goals for the Final Year Design Project 

PO4 

CO4 Perform economic evaluation and cost estimation and employ suitable project management 

procedures throughout the development life cycle of the Final Year Design Project 
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