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ABSTRACT 

Agriculture forms the basis of food security and economic growth in most countries. Pest and 

diseases remain to be a significant challenge and a big hindrance to the success of small-scale 

farming. Pest and diseases are responsible for heavy losses through death of crops and reduced 

productivity. In Kenya, common bean is the most important pulse and is the third most 

important food crop. Fungal based angular leaf spot and rust are two major diseases of common 

beans in the tropics and sub-tropics. Therefore, there is a need to provide a reliable and 

accessible technical solution for farmers to detect early detection of common bean leaf fungal 

diseases in Kenya. The main objective of the current study is to develop a deep convolution 

neural networks model for detection of common bean fungal leaf diseases in Kenya. The data 

for training was extracted from the GitHub data (Al. Lab. Makerere, 2020). Testing was done 

using SoftMax activation function in the output layer to provide a range of probabilities to the 

various output options. The initial TensorFlow model was built using the CRISP-DM 

methodology. The ResNet-50 model was adopted and custom layers were built using transfer 

learning. The TensorFlow Lite framework was used to convert and optimize the model. Float16 

quantization was used to optimize the model. Performance metrics, including accuracy, 

precision, and recall, were used to evaluate the model. 
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DEFINATION OF OPERATION TERMS 

 

Algorithm An algorithm is a procedure used for solving a problem or 

performing a computation 

Convolutional neural 

Networks 

Convolutional neural networks stand out from other types of 

neural networks due to their exceptional performance when 

processing speech, image, or audio signal inputs. 

Deep learning model Deep learning models refer to computer files that have been 

trained by data scientists to execute specific tasks through the 

use of algorithms or pre-defined sequences of steps. 

Model evaluation  Model evaluation involves employing various evaluation 

metrics to assess the performance of a machine learning 

model, as well as to identify its strengths and weaknesses. 

Model deployment  Model deployment is the stage in machine learning where the 

trained model is put into practical use, operating in real-time 

to collect and process incoming data to fulfill specific 

business requirements. 
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CHAPTER ONE 

INTRODUCTION 

1.1 Background of the Study 

Plant diseases pose a significant threat to global food security, with smallholder farmers, who 

rely heavily on healthy crops for their livelihoods, being particularly vulnerable. In Kenya, 

agriculture is a cornerstone of the economy, contributing approximately 26% to the gross 

domestic product (GDP) (OECD, 2016). Smallholder farmers play a crucial role in this sector, 

accounting for over 80% of agricultural production (UNEP, 2019). However, they often 

experience devastating yield losses exceeding 50% due to the impact of pests and diseases, 

jeopardizing their livelihoods and food security (Fanzo, 2017). Small-scale farming is the 

backbone of Kenya's agricultural production, accounting for over 70% of output and meeting 

approximately 75% of the nation's food demand (FAO, 2017). As a result, smallholder farmers 

are indispensable in ensuring food security within the country. Moreover, with the increasing 

food demand in Kenya, urban populations are becoming increasingly reliant on small-scale 

farmers for their food supply. 

Beans are a crucial crop cultivated predominantly by smallholder farmers in Kenya. 

However, these farmers face numerous challenges that impede their productivity. These 

challenges include the implementation of suboptimal agronomic practices, weed infestations, 

limited access to and use of agricultural inputs, intercropping with competitive crops, farming 

on marginal lands characterized by low soil fertility, periodic water stress, and the detrimental 

effects of diseases and insect pests (Mwaniki, 2021). Consequently, bean yields have been 

experiencing a gradual decline over time. For instance, statistical data reveals that bean yields 

have dropped from 600 kg per hectare in 1990 to 400 kg per hectare in recent years. The 
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Western region of Kenya, a significant contributor to the country's food production and home 

to roughly one-third of the population, heavily relies on legumes, particularly beans, as a staple 

crop. However, bean productivity in this region has been waning, with current yields averaging 

less than 1 ton per hectare, falling considerably below their genetic potential and experiencing 

an alarming decline of approximately 30%. Numerous diseases pose substantial challenges to 

successful bean cultivation in the region, including angular leaf spot, anthracnose, rust, 

common bacterial blight, bean common mosaic virus (BCMV), Fusarium wilt, and root rots 

(Mukankusi et al., 2019). Over the past decade, substantial efforts have been invested in finding 

effective solutions to address the multifaceted production challenges faced by the bean sub-

sector. 

The common bean (Phaseolus vulgaris L.) holds a prominent position as one of the 

most widely consumed crops globally, serving as a crucial dietary component for people 

around the world. Remarkably, about 30% of its total harvest is produced by small-scale 

farmers in Latin America and Africa (Kijana et al., 2017). Within Eastern and Southern Africa, 

the common bean is of particular significance, ranking as the second most important source of 

dietary protein and the third most important source of calories (Mukankusi et al., 2019). In 

Kenya, the common bean is not only the most vital pulse crop but also holds the esteemed 

position of being the third most important food crop overall (GOK, 2020). Notably, the 

common bean boasts attributes that make it a near-perfect food choice due to its high protein 

content, along with substantial levels of iron, folic acid, complex carbohydrates, and other 

essential nutrients that contribute to a well-balanced diet. Additionally, the crop's inherent 

versatility and adaptability to various cropping systems, coupled with its relatively short 

growing cycle of only 65-90 days, make it a highly suitable candidate for enhancing food 

security and agricultural production (Mukankusi et al., 2019). Beyond its nutritional 

significance, the common bean plays a pivotal economic role by providing a valuable source 
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of income for smallholder farmers (Mukankusi et al., 2019; Mwaniki, 2021). Moreover, due to 

its ease of cultivation and ability to tolerate shade when intercropped, beans hold a key role in 

intensifying agricultural production systems (Mukankusi et al., 2019). 

The pervasive presence of pests and diseases remains a persistent challenge and a 

significant impediment to the success of small-scale farming. Their detrimental impact leads 

to substantial losses, often culminating in crop death and reduced productivity. In fact, pests 

and diseases have been reported to account for up to 50% of total crop failures, as highlighted 

by the FAO (2019). Therefore, implementing effective measures and strategies to mitigate the 

impact of pests and diseases is of paramount importance in improving the productivity and 

sustainability of small-scale farming operations. Early detection of plant diseases is crucial to 

prevent extensive crop damage, allowing for timely interventions that can halt the further 

spread of diseases and prevent them from spiraling out of control. However, bean plants remain 

susceptible to a wide range of diseases caused by both fungal species and bacteria (Fuentes et 

al., 2019). In current agricultural practices, the majority of small-scale farmers rely on their 

accumulated experience and direct observations to identify crop infestations. While these 

traditional methods may offer some degree of effectiveness, they often lack the precision 

required for accurate diagnosis and may lead to misinterpretations of the actual problem at 

hand, potentially hindering effective disease management. 

The extensive use of chemicals in agriculture can have unintended negative 

consequences for both human health and the environment, underscoring the critical need for 

accurate identification and classification of plant leaf diseases. Developing automated systems 

that can facilitate early disease detection and control has become a priority in modern 

agriculture. The implementation of automated techniques can bring substantial benefits to 

farmers, especially in scenarios where large production areas need to be monitored, by reducing 
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the labor-intensive nature of manual monitoring. In this regard, deep learning models have 

emerged as a promising approach for achieving automatic classification of bean leaf diseases. 

This research topic holds immense significance as it aims to empower farmers with the tools 

and knowledge necessary to effectively manage their vast crop fields and minimize yield losses 

due to diseases. The ability to rapidly and accurately identify plant diseases in their early stages 

can provide valuable solutions to the challenges faced by farmers in protecting their crops and 

ensuring food security. Deep learning has made significant strides in the field of smart 

agriculture, finding widespread applications in various domains, including disease and pest 

detection, flower and fruit recognition, plant species categorization, and many other areas 

(Singh et al., 2016). 

Deep learning, a subfield of artificial intelligence, relies on machine learning techniques 

and draws inspiration from the structure and functioning of the human brain. It involves the 

utilization of neural networks, complex computational models inspired by the interconnected 

neurons in the brain, to perform a wide range of tasks and make predictions based on data. 

Unlike traditional programming approaches, deep learning models have the unique capability 

to automatically extract and transform features from raw data using multiple layers of non-

linear processing units. The output generated by each layer serves as the input for the 

subsequent layer, enabling these models to effectively handle complex dimensionality issues 

that often arise in real-world data. Deep learning algorithms are particularly advantageous in 

scenarios where there are numerous inputs and outputs to consider, making them well-suited 

for analyzing complex datasets. One specialized type of neural network that has gained 

prominence in deep learning is the Convolutional Neural Network (CNN). CNNs have 

demonstrated remarkable effectiveness in tasks such as image classification, image clustering, 

and object detection (Elfatimi & Eryigit, 2022). These networks have found extensive 

application in the field of computer vision, where they are capable of automatically learning 
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and recognizing intricate patterns and features within images, making them ideal for tasks 

involving visual data analysis. 

The increasing ubiquity of powerful smartphones, equipped with advanced features 

such as high-quality cameras and robust computing capabilities, has opened up new avenues 

for disease detection in agriculture. With global smartphone usage projected to reach 5 to 6 

billion by 2020 and the significant expansion of mobile broadband coverage, it has become 

increasingly feasible to implement improved crop disease control methods leveraging these 

readily available devices. Researchers and developers have recognized the potential of 

integrating machine learning and deep learning models into smartphones and other small 

devices to enable real-time disease detection and monitoring directly on farms. Notably, 

researchers in various regions have already embarked on exploring the application of these 

technologies in agricultural settings. For example, in China, Miao et al. (2022) developed a 

sophisticated deep learning model for detecting soybean leaf diseases, showcasing the potential 

of this approach in real-world scenarios. Similarly, researchers at the University of Meru in 

Kenya have been working on a real-time system designed to detect tomato plant attacks and 

promptly alert farmers via SMS (2016). These examples demonstrate the ongoing efforts and 

advancements in utilizing technology to combat crop diseases and improve agricultural 

practices. 

Despite the notable progress made in this field, there remains a substantial need for a 

specialized deep learning model that focuses specifically on detecting common bean fungal 

diseases, tailored to the unique requirements of farmers who utilize low-cost smartphones. The 

development of such a model would bring about significant advantages for small-scale farmers, 

empowering them with a readily accessible and cost-effective tool for effectively managing 

crop diseases and ensuring food security for themselves and their communities. By harnessing 
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the power of deep learning and leveraging the widespread availability of smartphones, this 

innovative solution has the potential to revolutionize disease detection in agriculture and 

contribute to sustainable agricultural practices in Kenya and beyond. 

1.2 Problem Statement 

Angular leaf spot (ALS) is a significant disease affecting common bean production, leading to 

substantial yield losses. For every 10% increase in disease severity, there is a corresponding 

7.9% reduction in yield (Stenglein et al., 2003). This disease is particularly widespread in Sub-

Saharan Africa, where it is estimated to cause a considerable annual yield loss of 384.2 tonnes 

(Mahuku et al., 2015). Another prevalent disease in Africa, common bean rust, also contributes 

to substantial annual losses, amounting to 191,400 metric tons (Wortmann et al., 1998). 

Additionally, powdery mildew, a major constraint in certain regions, can lead to yield losses 

of up to 69% (Mwanzia et al., 2013). These diseases collectively pose significant challenges to 

the productivity and stability of common bean production in affected regions. 

While the application of deep learning models for plant disease identification has been 

explored in various crops, such as tomatoes, maize, and potatoes, there exists a notable research 

gap in the specific area of detecting common bean fungal leaf diseases using deep 

convolutional neural networks. Existing studies, like those conducted by Shin et al. (2021) and 

Singh et al. (2023), have demonstrated the potential of deep learning for plant disease detection. 

However, their focus was not explicitly on common bean diseases. This lack of specific 

research leaves a critical knowledge gap regarding the performance and adaptability of deep 

learning models when applied to the unique challenges presented by common bean fungal leaf 

diseases. These challenges include the variability in environmental conditions and the diverse 

image capture variations that are frequently encountered in real-world agricultural settings. 

Understanding how these models perform under such conditions is crucial for developing 
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effective and reliable disease detection tools for common bean crops. Furthermore, addressing 

this research gap could potentially lead to significant advancements in disease management 

strategies, contributing to improved yields and greater food security in regions that heavily rely 

on common bean production. 

1.3 Main objective 

The main objective of this research study is to develop a deep convolution neural networks 

model for detection of common bean fungal leaf diseases in Kenya. 

1.4 Specific objectives 

1. To explore and identify attributes that can be used to detect the existence of common 

bean fungal leaf diseases. 

2. To develop a deep learning model using convolutional neural network for common 

beans fungal leaf diseases detection. 

3. To test and validate the developed deep convolution neural networks learning model 

for common beans fungal leaf diseases detection. 

1.5 Research Questions 

1. Which attributes can be considered to detect the existence of common bean fungal leaf 

diseases? 

2. How can we develop common bean fungal leaf diseases detection model using deep 

convolution neural networks. 

3. How can we test and validate the deep convolution neural networks for common beans 

fungal leaf diseases detection. 
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1.6 Significance of the Study 

Many existing deep learning solutions for plant disease identification are designed to detect a 

wide range of diseases, but their performance can be suboptimal due to their general nature. 

For high effectiveness, models need to be rigorously trained and tested on specific plant 

diseases, making them more useful for farmers. This study focuses on developing a model 

specifically tailored for detecting common bean fungal diseases in the Kenyan context. Publicly 

available plant disease models often rely on datasets collected under controlled conditions, 

which may not translate well to real-world scenarios like farms. This poses a challenge as 

models trained on such data may not generalize effectively in diverse local environments, 

leading to potential misdiagnoses. To overcome this, this study proposes a hybrid approach 

that combines training data from online datasets with locally sourced test data, ensuring better 

generalizability and reducing the risk of misdiagnosis. Although deep learning models show 

promise as early warning systems for farmers, there is limited research on their application in 

detecting legume diseases in Kenya. Misclassifications of diseases can be particularly 

problematic, causing uncertainty and confusion among farmers. To address this, this study 

introduces a novel ResNet50 deep learning architecture specifically designed for mobile 

phones. This new model aims to improve the accuracy and efficiency of disease detection, 

providing farmers with a reliable and trustworthy tool for identifying diseases and minimizing 

misclassifications (Elfatimi & Eryigit, 2022). 

1.7 Motivation of the Study 

Agriculture is a fundamental pillar of food security and economic development, especially in 

countries like Kenya, where the common bean holds a position of great importance as the most 

significant pulse crop and the third most important food crop overall. However, the cultivation 

of common beans faces significant challenges, primarily due to the prevalence of fungal 
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diseases such as angular leaf spot and rust. These diseases can wreak havoc on bean crops, with 

angular leaf spot alone causing a substantial 7.9% yield loss for every 10% increase in disease 

severity. Common bean rust, widespread throughout Africa, also contributes to significant 

annual yield losses, estimated at a staggering 191,400 metric tons. The devastating impact of 

these diseases underscores the critical need for accurate and timely disease detection to enable 

farmers to implement effective remedial measures promptly. 

To address this pressing issue, this study aims to provide a reliable and easily accessible 

technical solution for farmers in Kenya. By focusing on the early detection of common bean 

leaf fungal diseases, the study seeks to empower farmers with the knowledge and tools needed 

to combat these diseases effectively. The proposed solution has the potential to revolutionize 

bean cultivation practices in the region, enabling farmers to detect diseases at their initial stages 

and take appropriate action before they cause extensive damage. By doing so, farmers can 

significantly reduce agricultural production costs, enhance productivity, and ultimately 

contribute to the alleviation of hunger and food insecurity in Kenya. 

The motivation for this study is further fueled by the increasing penetration of mobile 

phones in developing nations. Mobile phones have become ubiquitous tools with immense 

potential for various applications, including agricultural diagnostics. Farmers in Kenya, like 

those in many other developing countries, can leverage the power of mobile phones as a 

diagnostic tool for plant diseases. By capturing images of plant leaves and transmitting them 

to experts or utilizing machine learning algorithms for analysis, farmers can quickly identify 

signs of disease and implement timely treatment strategies. While challenges such as limited 

internet connectivity and infrastructure constraints may exist, the potential benefits of using 

mobile phones for plant disease diagnosis are vast. The ability to detect diseases early on can 
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significantly reduce crop losses, improve yields, and enhance the livelihoods of farmers, 

making this an important avenue for research and development. 

Deep convolutional neural networks (CNNs) have been chosen as the preferred method 

for this study due to their exceptional capabilities in extracting and learning complex patterns 

from visual data. CNNs have consistently demonstrated outstanding performance in various 

computer vision tasks, including image classification, object detection, and segmentation. 

Their unique architecture, comprising multiple layers with learnable filters, enables them to 

automatically learn increasingly complex representations of features as they process data 

through the network. In the context of plant disease identification, CNNs offer a range of 

advantages that make them a compelling choice. 

Firstly, CNNs can efficiently handle large-scale image datasets, which is essential for 

agricultural applications where datasets often encompass a wide range of variations and 

instances of diseases. Secondly, their hierarchical feature learning capability allows them to 

capture subtle, fine-grained patterns that may not be easily discernible to human observers. 

This is particularly important for distinguishing between healthy and diseased plant tissues, 

where minute differences in texture, color, or shape can be indicative of disease presence. 

Additionally, deep CNNs have demonstrated a remarkable ability to generalize well, meaning 

they can effectively recognize diseases in new, unseen images after being trained on a large 

and diverse dataset. This generalizability is crucial for real-world agricultural settings, where 

the model must be able to cope with various environmental factors, different camera angles, 

and varying lighting conditions. 

By harnessing the power of deep CNNs for plant disease detection, researchers and 

farmers can create an automated, scalable, and highly accurate system capable of rapidly 

identifying diseases in crops. This technology has the potential to revolutionize agricultural 
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practices by facilitating early disease detection and intervention, leading to reduced crop losses, 

improved yields, and increased profitability for farmers. Furthermore, the widespread adoption 

of such technology can contribute to more sustainable agriculture practices, as it allows for 

targeted disease management strategies, reducing the need for excessive pesticide use and 

minimizing the negative environmental impact. In conclusion, the motivation for choosing 

deep CNNs in this study stems from their transformative potential to revolutionize the way 

plant diseases are detected and managed, ultimately improving agricultural productivity, 

enhancing food security, and promoting sustainable agricultural practices in Kenya and 

beyond. 

1.8 Scope of the Study 

This research focused on small-scale common bean farmers in Kenya, aiming to develop a tool 

for early detection of common bean leaf fungal diseases. The study specifically targeted 

diseases affecting the leaf part of the plant. Training data was obtained from a GitHub 

repository (Al. Lab. Makerere, 2020), while test images were collected directly from local 

farms. To account for regional variations, a combined dataset from Uganda, known to share 

common diseases with Kenya, was used alongside locally sourced Kenyan images. This 

approach aimed to enhance the model's ability to generalize and accurately identify fungal 

diseases in the Kenyan context. The TensorFlow deep learning platform and ResNet50 

architecture, optimized for mobile phone use, were employed to develop and test the model, 

catering to the needs of Kenyan small-scale farmers. The TensorFlow deep learning platform 

and the Deep Convolution Neural Network (DCNN) model were used to create the digital 

imaging model for detecting common bean leaf fungal diseases. The SoftMax activation 

function was used in the output layer during testing to generate probabilities for different output 

options (Elfatimi & Eryigit, 2022). 
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CHAPTER TWO 

LITERATURE REVIEW 

2.1 Introduction 

The chapter is divided into two sections: Section one discusses the deep learning process, types 

of deep learning and techniques and their application in building common bean fungal diseases 

model. The second section focuses on detailed review of previous studies related to plant 

diseases detection models, theoretical framework, and the conceptual framework. 

2.2 Theoretical Review 

2.2.1 Fungal leaf diseases 

Globally, a vast array of fungi, numbering over 19,000, are known to be responsible for causing 

diseases in crop plants (Miljaković, Marinković & Balešević-Tubić, 2020). These fungi possess 

the remarkable ability to remain dormant but still alive on both living and dead plant tissues, 

patiently waiting for favorable environmental conditions to trigger their proliferation. This 

dormancy allows them to persist in the environment, posing a constant threat to agricultural 

productivity. When conditions become conducive, such as warm temperatures and high 

humidity, these fungi can rapidly activate and spread, leading to widespread crop damage and 

significant yield losses. 

Among the myriad of plant pathogens that exist, fungi constitute the largest group and 

are accountable for a wide range of severe plant diseases, including many that afflict vegetable 

crops. This prevalence highlights their significant impact on global food production and the 

livelihoods of farmers worldwide. These microscopic organisms thraive by feeding on living 

green plants or decaying organic matter, extracting nutrients for their growth and reproduction. 
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In the process, they cause significant damage by killing plant cells and inducing stress within 

the plant, which manifests as various symptoms like wilting, discoloration, and stunted growth. 

Fungal infections can originate from various sources, making their control and 

management a complex challenge. Infected seeds can carry fungal pathogens, introducing them 

into fields during planting. Soil can harbor dormant spores, which can germinate and infect 

plants under suitable conditions. Crop residues left over from previous harvests can also serve 

as reservoirs for fungal pathogens, perpetuating their presence in the environment. 

Additionally, neighboring crops already infected with fungal diseases can act as sources of 

inoculum, leading to the spread of the disease to healthy plants. Even weeds, often overlooked, 

can play a role in harboring and disseminating fungal pathogens. Fungi typically produce 

microscopic reproductive units called spores, which have the potential to initiate infections 

once they come into contact with a susceptible plant. These spores are often airborne and can 

be carried over long distances by wind currents, increasing the risk of widespread outbreaks. 

Water splash during rain or irrigation can also disperse spores, facilitating their spread to 

neighboring plants. Furthermore, the movement of contaminated soil, animals, workers, 

machinery, tools, seedlings, and other plant materials can contribute to the dispersal of fungal 

pathogens across fields and regions. For new infections to take hold, fungal spores require 

specific environmental conditions, including adequate moisture and the right air temperature. 

Additionally, plant wounds, whether caused by natural processes or human activities, can serve 

as entry points for these opportunistic pathogens, allowing them to bypass the plant's natural 

defenses and establish infections. 
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Figure 1: An overview of plant leaf diseases, its microbial and environmental interaction. 

Source: (Jain, et. al., 2019) 
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Table 1: Types and Description of fungal leaf diseases 

Type of 

fungal leaf 

disease  

Description Image 

Angular Leaf 

Spot 

Angular Leaf Spot manifests as dark spots on the 

upper surfaces of leaves and remains absent from the 

leaf undersides. As the disease progresses, the spots 

enlarge, leading to the development of yellow leaves 

adorned with black dots. Similar to other fungal 

diseases, Angular Leaf Spot requires a ready supply 

of water on plant surfaces, either in the form of 

droplets or a thin film, to facilitate its reproduction 

and dissemination. Conditions that favor the spread 

of Angular Leaf Spot include crowded and moist 

environments, as well as overhead watering practices 

 

 

Rust The fungal disease known as Rust derives its name 

from the rust-orange pustules that emerge on the 

undersides of leaves. As the fungus continues to 

grow and spread, the upper surfaces of leaves also 

show discoloration, eventually leading to the  
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shedding of leaves from the affected plant. Rust 

thrives in cool and moist weather conditions, 

particularly when foliage remains wet. The disease 

spreads with the assistance of wind, water, and 

unwitting insects. 

 

Botrytis 

blight 

Botrytis blight is characterized by the decay and 

deterioration of once vibrant and healthy flower 

petals and buds, often displaying fuzzy, gray mold. 

This airborne disease strikes primarily during cool 

and damp spring and fall days. Conditions of high 

humidity, inadequate air circulation, and 

overcrowding contribute to the ideal environment for 

the development and spread of botrytis blight 

 

Powdery 

mildew 

Powdery mildew is characterized by the appearance 

of a white, powdery growth on leaves, new shoots, 

and other plant parts, indicating its presence. Unlike 

several fungal diseases, powdery mildew does not 

require free water for its development and spread; it 

can remain active even in dry and warm weather 

conditions. This wind-borne disease thrives in 

environments with high humidity and poor air 

circulation, particularly targeting succulent new 

growth of plants. 

 

Source: (Jain, et.al., 2019) 
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2.2.2 Attributes that detect the existence of fungal leaf diseases. 

a) The attributes that can be used to detect Angular Leaf Spot (ALS) disease (Vishnoi, Kumar, 

Kumar 2022):  

• Lesion size: ALS lesions can range from small to several centimeters in diameter. The 

size of the lesion is a helpful characteristic in identifying the disease. 

• Lesion shape: While typically angular, ALS lesions can also be irregular in shape, 

providing another visual clue for identification. 

• Lesion color: Lesion color can vary, including brown, black, yellow, or orange, offering 

an additional characteristic for disease detection. 

• Lesion location: Primarily found on leaves, ALS lesions can also appear on stems and 

petioles, making location a relevant factor for identification. 

• Lesion density: ALS lesions can occur individually or in clusters, and the density of 

these lesions provides further information for disease diagnosis. 

b) The attributes that can be used to detect Rust leaf disease (Vishnoi, Kumar, Kumar 2022): 

• Spot size: Rust spots can range from small to several centimeters in diameter, similar 

to ALS lesions, making size an important identifying feature. 

• Spot shape: Rust spots are usually circular or oval, but they can also present in irregular 

shapes, which can help differentiate them from other diseases. 

• Spot color: The color of rust spots is a key characteristic, often appearing as orange, 

yellow, or brown, and can be used to distinguish them from other leaf spots. 

• Spot location: Rust spots typically occur on leaves, but they can also be found on stems 

and petioles, providing additional information for disease identification. 

• Spot density: Rust spots can appear as single spots or in clusters, and the density of 

these spots is another factor to consider when diagnosing the disease. 
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2.2.3 Convolutional Neural Network 

Convolutional Neural Networks (CNNs) are a specific type of deep learning that analyzes input 

images, assigning importance to different objects within those images through adaptable 

weights and biases (Khan, Sohail, Zahoora & Qureshi, 2020). Machine learning, a field with 

roots in the 1950s, has progressed into deep learning, which involves multi-layered structures 

of non-linear functions, dating back to 1965 (Mattsson, 2016). The fundamental goal of both 

machine learning and deep learning is to develop computer systems that can learn and solve 

problems independently, with minimal human intervention. 

CNNs have demonstrated significant success in image analysis and object recognition. 

Yann LeCun's pioneering work in 1989 applied CNNs to classify handwritten digits, marking 

a significant milestone (Mattsson, 2016). Recent advancements in machine learning, especially 

in deep learning, have propelled accuracy and efficiency to new heights, leading to increased 

popularity. Graphics processing units (GPUs), now capable of outperforming central 

processing units (CPUs) in specific tasks, have been instrumental in these advancements. Due 

to these breakthroughs, deep learning is widely used in various fields, including image analysis, 

speech recognition, and data mining. This technology has surpassed human abilities in image 

object recognition and even defeated a top player in the game of Go (Chang, Fu, Hu, & Marcus, 

2016). The adoption of deep learning is growing rapidly, highlighting its vast potential. 

As Mattsson (2016) points out, CNNs have outperformed humans in image object 

recognition, reaching an impressive 99% accuracy with sufficient data and the appropriate 

CNN model. This project specifically focuses on deep learning for image recognition, utilizing 

CNNs as the primary approach. A CNN is a composite structure comprising various 

interconnected components that collectively form the network. The fundamental usage of 

CNNs is represented in the following form: 
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Preprocessed image → (Conv → ReLU → Pool) ∗ M → (FC →ReLU) ∗ K → FC → 

Classification 

In this structure: 

• Conv denotes the Convolution Layer 

• ReLU stands for the Rectified Linear Unit 

• Pool represents the Pooling Layer 

• FC corresponds to the Fully-Connected Layer 

• M and K are numerical values indicating the number of times each operation is 

performed (Mattsson, 2016). 

The organization of a CNN involves these sequential operations to process 

preprocessed images, extracting meaningful features through convolution, non-linear 

activation using ReLU, and downsampling via pooling. The fully-connected layers further 

analyze the learned features and finally produce the classification output (Mattsson, 2016). The 

image processing in CNN involves several sequential steps. Initially, a Convolutional Layer 

(ConvLayer) is applied to the image, performing convolutions in smaller regions to extract data 

from neighboring pixels. Next, the Rectified Linear Unit (ReLU) is applied to the output of the 

ConvLayer to capture both linear and non-linear relationships in the data. Following that, 

pooling is applied to the ReLU output to extract the most significant information. 

This sequence can be repeated multiple times, depending on the size of the input image 

and the allowable reduction of pixels in the pooling layer and ConvLayer, which may vary 

based on the padding used (Khan, Sohail, Zahoora & Qureshi, 2020). Figure 2 illustrates how 

the image size reduces between the layers, indicating the extraction of spatial information as 

larger sections of the original image influence progressively fewer intermediate data points. 

The process concludes with fully-connected layers, which transform the data into a 2D matrix, 
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facilitating the generation of an output in the form of a vector. This vector is then utilized to 

produce a probability vector for the input image using a Softmax Classifier (Khan, Sohail, 

Zahoora & Qureshi, 2020). 

 

Figure 2: CNN with M = 2 and K = 1. This type of architecture is called ”LeNet” 

Source (Khan, Sohail, Zahoora & Qureshi, 2020). 

2.2.4 Different Machine Learning Models for Leaf Disease Detection 

Early detection of common bean leaf diseases is crucial for sustainable development, as it 

allows for timely interventions to prevent further losses. However, traditional detection 

methods can be costly, time-consuming, and prone to errors. Machine learning (ML) and deep 

learning (DL) offer advanced technologies to overcome these challenges by enabling early 

identification of plant diseases. Popular ML models for leaf disease prediction include support 

vector machine (SVM), Random Forest, and multiple twin SVM (MTSVM). Meanwhile, deep 

learning models such as convolutional neural networks (CNN), visual geometry group (VGG), 

ResNet (RNet), GoogLeNet, deep CNN (DCNN), back propagation neural networks (BPNN), 

DenseNet (DNet), LeafNet (LN), and LeNet are frequently employed for leaf disease detection. 

Among these, CNN, VGG, and ResNet have demonstrated exceptional capability in identifying 

leaf diseases. The performance of these algorithms is typically assessed using metrics like F1 

score, precision, and accuracy. 
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2.3 Empirical Review 

In a 2018 study, Rangarajan and colleagues investigated the performance of AlexNet and 

VGG16 net deep learning models for classifying tomato crops using pre-training techniques. 

They explored the impact of the number of images and hyperparameters such as minibatch size 

and learning rates on model performance. The study found that increasing the number of 

images in the dataset significantly improved model performance, while minibatch size and 

learning rates had a lesser but potentially optimizable effect. However, the study was limited 

by the absence of data augmentation and dropout techniques, as well as the exclusive evaluation 

of models on the training dataset, potentially affecting the generalizability of the findings. 

Mahenge et al. (2023) conducted a comprehensive review of artificial intelligence and 

deep learning technologies for early disease and pest detection in beans (Phaseolus vulgaris 

L.). The study aimed to identify existing knowledge and technological gaps in the application 

of AI-based solutions for plant disease management in developing countries. The authors 

employed a meta-analysis and systematic review approach to assess the state of the art in AI 

and deep learning techniques for crop disease identification and pest prediction. The results 

revealed that conventional methods for plant disease management face significant challenges, 

including high labor costs, low detection and prediction accuracy, and potential environmental 

harm. Additionally, the rapid growth of data-intensive and computationally intensive tasks in 

plant disease classification using traditional machine learning methods poses challenges related 

to processing time and storage capacity. 

Shin et al. (2021) presented a comparative analysis of six convolutional neural network 

(CNN) models for detecting diseases on strawberry leaves. The study evaluated the models 

based on various criteria, including speed, accuracy, memory requirements, and hardware 

compatibility. ResNet-50 emerged as the model with the highest classification accuracy, 
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achieving 98.11%. On the other hand, SqueezeNet-MOD2 was found to require the least 

amount of memory, making it a potentially suitable option for resource-constrained devices. 

AlexNet, on the other hand, demonstrated the fastest processing time among the compared 

models, highlighting its potential for real-time applications. 

In 2023, Singh et al. conducted a study focusing on the classification of bean leaf 

diseases using fine-tuned convolutional neural network (CNN) models. The research aimed to 

address the growing need for automation in agriculture by utilizing deep learning models to 

identify and classify visual symptoms of plant diseases. The authors employed three pre-trained 

deep learning models, namely MobileNetV2, EfficientNetB6, and NasNet, for transfer learning 

on a Beans Leaf image dataset consisting of 1295 images categorized into three distinct disease 

classes. The study involved fine-tuning the CNN models and investigating various optimization 

techniques to assess their impact on model performance. The results revealed that the 

EfficientNetB6 model outperformed the other models, achieving an accuracy of 91.74%. This 

finding underscores the effectiveness of deep learning models in the early diagnosis of bean 

leaf diseases and highlights the importance of optimization techniques in further enhancing 

their performance. 

Chowdhury et al. (2021) conducted a study focusing on the automatic and reliable 

detection of leaf diseases using deep learning techniques. The researchers proposed a deep 

learning architecture based on a recent convolutional neural network called EfficientNet. The 

study utilized a dataset comprising 18,161 plain and segmented tomato leaf images for 

classifying tomato diseases. The study evaluated the model's performance under three different 

classification scenarios: binary classification (healthy and unhealthy leaves), six-class 

classification (healthy and various groups of diseased leaves), and ten-class classification 

(healthy and various types of unhealthy leaves). The findings of the study revealed that the 
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modified U-net segmentation model achieved high accuracy, Intersection over Union (IoU), 

and Dice score of 98.66%, 98.5%, and 98.73%, respectively, for the segmentation of leaf 

images. Furthermore, EfficientNet-B7 demonstrated superior performance in binary 

classification and six-class classification using segmented images, with accuracy rates of 

99.95% and 99.12%, respectively. Additionally, EfficientNet-B4 achieved an accuracy of 

99.89% for ten-class classification using segmented images. These results highlighted the 

effectiveness of the proposed approach in accurately classifying tomato leaf diseases and 

underscored the potential of deep learning in plant disease detection. 

Ahmad, Saraswat, and Gamal (2023) conducted a comprehensive survey on the 

utilization of deep learning techniques for plant disease diagnosis and provided 

recommendations for developing appropriate tools in this domain. The survey encompassed a 

review of 70 studies that explored various deep learning applications and the trends associated 

with their use for disease diagnosis and management in agriculture. The authors also examined 

different imaging sensors and data collection platforms for plant disease identification, 

highlighting the diverse approaches used in this field. The study further discussed the 

generalization performance of deep learning models, emphasizing their ability to outperform 

humans in certain tasks. Based on their findings, the authors concluded that a useful plant 

disease analysis system should be capable of identifying multiple crops and their respective 

diseases early in the growing season, as well as providing accurate estimations of disease 

severity. This information can then be utilized to develop a comprehensive and automated end-

to-end plant disease management system, offering valuable support to farmers and agricultural 

stakeholders. 

Shahoveisi et al. (2023) conducted a study focusing on the application of image 

processing and transfer learning techniques for the detection of rust disease in plants. The 
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research aimed to evaluate the performance of four different convolutional neural network 

(CNN) models: Xception, Residual Networks (ResNet)50, EfficientNetB4, and MobileNet. 

The models were assessed in terms of their ability to detect rust in three major commercially 

important field crops. The findings of the study indicated that the EfficientNetB4 model 

achieved the highest accuracy, with an average accuracy of 94.29%, in the detection of rust 

across the three crops. The ResNet50 model followed closely with an average accuracy of 

93.52%. Additionally, the study revealed that the Adaptive Moment Estimation (Adam) 

optimizer, combined with a learning rate of 0.001, outperformed all other corresponding 

hyperparameter configurations. These results highlight the potential of image processing and 

transfer learning in conjunction with CNN models for the accurate and efficient detection of 

rust disease in field crops. 

Elfatimi et al. (2022) conducted a study focusing on the classification of bean leaf 

diseases using MobileNet models. The research aimed to address the challenge of accurately 

identifying and classifying diseases such as angular leaf spot and bean rust in bean plants, 

which can have a significant impact on crop production. The methodology involved training a 

MobileNet model, a type of convolutional neural network known for its efficiency and 

suitability for mobile devices, with the TensorFlow library using a publicly available dataset 

of leaf images. The study involved evaluating and comparing the performance of different 

MobileNet architectures on a dataset of 1296 images of bean leaves. The results obtained from 

the study indicated that the proposed MobileNet model achieved high classification 

performance, with an average accuracy exceeding 97% on the training dataset and surpassing 

92% on the test dataset. These findings demonstrate the potential of MobileNet architectures 

for accurate and efficient classification of bean leaf diseases, providing valuable insights into 

the optimal configuration of these models for effective disease detection. 
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In 2021, Tiwari et al. introduced a dense convolutional neural network (CNN) approach 

for the detection and classification of plant diseases using leaf images. Their research sought 

to tackle the challenges associated with the automatic identification of plant diseases in 

agricultural settings. The methodology involved training a dense CNN architecture, known for 

its ability to capture intricate features, on a large and diverse dataset comprising plant leaf 

images sourced from multiple countries and encompassing a wide range of crops. The study 

encompassed six different crops across 27 distinct categories and employed a rigorous five-

fold cross-validation process for comprehensive evaluation. The results of the study were 

promising, with the model achieving an average cross-validation accuracy of 99.58% and an 

average test accuracy of 99.199% on unseen images. These findings underscore the 

effectiveness of the dense CNN approach in accurately classifying various types of plant 

diseases. Moreover, the study emphasized the potential of this approach for real-time plant 

disease detection and classification, highlighting not only its accuracy but also its processing 

speed, making it a valuable tool for practical applications in agriculture. 

In 2021, Abade et al. conducted a systematic review aimed at identifying the state of 

the art in the utilization of convolutional neural networks (CNNs) for plant disease detection. 

The research sought to address the increasing demand for fast and accurate methods for 

recognizing plant diseases, leveraging the recent advancements in deep learning. The 

methodology involved a thorough review of 121 papers published over the past ten years, 

focusing on various CNN approaches, dataset characteristics, and the crops and pathogens 

investigated in these studies. The review provided valuable insights into innovative trends and 

identified existing gaps in the application of CNNs for plant disease recognition. The results of 

the review highlighted the robustness of CNNs in achieving highly accurate results in plant 

disease detection tasks. However, the review also emphasized the need for ongoing research to 

address emerging challenges in this field, such as the development of models that can 
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generalize well to diverse environmental conditions and the need for more comprehensive and 

diverse datasets for training and evaluating CNN models. 

In 2023, Önler focused on enhancing the accuracy and generalizability of machine 

learning models for non-destructive plant leaf disease detection. This research involved fusing 

descriptive vectors obtained from bean leaves with Histogram Oriented Gradient (HOG) 

feature extraction and transfer learning feature extraction methods. Notably, the model utilizing 

feature fusion outperformed models relying solely on HOG or transfer learning, achieving 

impressive accuracy rates of 98.33%, 98.40%, and 99.24% on training, validation, and test 

datasets, respectively. These results highlighted the efficacy of the feature fusion method in 

capturing distinguishing features, leading to a faster and more precise solution for bean leaf 

disease detection. The study underscores the potential of feature fusion to significantly improve 

the performance of machine learning models in this domain. 

Senbato & Ayalew (2023) developed a deep learning-based model for the early 

detection of common bacteria blight (CBB) in common beans, a prevalent disease in Ethiopia. 

The research involved collecting images of both healthy and diseased common bean leaves and 

designing a modern convolutional neural network (CNN) architecture. After training and 

evaluating the model, it achieved a remarkable classification accuracy of 98.2% in detecting 

CBB. This study emphasizes the potential of deep learning approaches for rapid and accurate 

disease detection, offering a viable alternative to traditional, more resource-intensive methods. 

The results further highlight the practical applications of the proposed model in assisting 

farmers and experts in early disease identification and treatment, ultimately contributing to 

improved crop management and yield. 

Barbedo (2019) conducted a study exploring the use of individual lesions and spots for 

the automatic identification of plant diseases using deep learning. The research aimed to 
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address the limitations of traditional approaches that typically rely on analyzing entire leaf 

images. By focusing on specific regions of interest, namely individual lesions and spots, the 

study sought to improve the accuracy and precision of plant disease detection. The 

methodology involved utilizing deep learning techniques for image classification based on 

these isolated features. The results of the study were promising, revealing that this approach 

achieved, on average, a 12% higher accuracy compared to methods that utilize whole leaf 

images for analysis. The research demonstrated the effectiveness of deep learning in handling 

the diverse characteristics of plant diseases in practical scenarios, including variations in lesion 

size, shape, color, and texture. This approach highlights the potential for more targeted and 

accurate plant disease detection systems. While the database used in the study had limitations, 

the results suggested that with a larger and more comprehensive dataset, deep learning 

techniques could be even more effective in real-world plant disease recognition scenarios. 

In 2023, Kursun et al. conducted a study investigating the segmentation of dry bean leaf 

disease images using the U-Net architecture, followed by classification using deep learning 

algorithms. The study aimed to enhance the accuracy and efficiency of disease detection in dry 

bean crops by leveraging the power of image segmentation and deep learning. The U-Net 

architecture, known for its effectiveness in biomedical image segmentation, was employed to 

isolate diseased regions within leaf images. Subsequent classification of these segmented 

regions was performed using various deep learning algorithms. The results of the study 

revealed that the classification accuracy was notably higher for segmented images compared 

to raw, unsegmented images. In particular, the DenseNet201 algorithm achieved a remarkable 

100% accuracy in classifying segmented diseased regions. This finding underscores the 

significance of image segmentation as a preprocessing step in plant disease detection, as it 

allows the model to focus on the most relevant features and ignore irrelevant background 

information. Moreover, the study highlighted the potential of developing end-to-end systems 
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that integrate image segmentation and deep learning classification for more effective and 

efficient disease detection in agricultural settings. 

2.4 Conceptual Framework 

 

Independent Variable           Dependent Variable 

 

 

 

 

 

 

 Figure 3: Conceptual framework 

There are four primary attributes associated with detecting common bean fungal leaf 

diseases such as Angular leaf spot and Rust. These attributes include Leaf Discoloration, 

Presence of Spots, Leaf Texture Alterations, and Irregular Leaf Shape. By identifying these 

attributes, it is possible to determine the type and severity of fungal infections affecting the 

leaves. A deep convolutional neural network can be trained using these four attributes to 

effectively learn and accurately detect the presence of these leaf fungal diseases in common 

beans. 

 

 

2.5 Operationalization of Variables 

 

Leaf Discoloration 

Irregular Leaf Shape 

Leaf Texture Alterations 

Presence of Spots 
Detection of Common Bean 

Fungal Leaf Disease 
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Table 2: Operationalization of Variables 

2.6. Chapter Summary 

A major obstacle for deep learning models in plant disease detection is their limited 

accessibility to farmers, often due to the need for internet access and expensive specialized 

hardware. This can be particularly problematic for small-scale farmers in rural areas with 

unreliable internet connectivity and limited resources. 

Another challenge is the potential inaccuracy of deep learning models due to training 

on large but potentially unrepresentative datasets. This can lead to errors when diagnosing 

diseases on images that differ from those used during training. Manual feature detection, a 

time-consuming and error-prone process, can contribute to this inaccuracy by causing the 

Variable 

(Attribute) 

Indicators 

 

Data to be collected 

Angular leaf spot Rust  

Spot Size 

Size of lesions grow up to 

15 mm diameter 

Spots size are 0.4–

0.6 mm in 

diameter 

 

The Available dataset for 

training the model has over 

50,000 well curated images 

for both healthy and infected 

leaves produced by the 

Makerere AI research lab 

and available at github 

 

Spot Shape 

Angular in shape 

Circular or oval in 

shape 

Spot Color Brow, black, yellow or 

orange 

Orange, yellow, or 

brown 

Spot Location Leaves of plants Leaves of plants 

Spot Density 

Occur singly or in clusters 

Occur singly or in 

clusters 
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model to miss or misidentify important features. Additionally, the lack of data augmentation, 

which artificially increases the dataset by creating variations of existing images, can limit the 

model's ability to generalize to real-world conditions. 

To overcome these challenges, the present study aimed to develop a deep learning 

model deployable on mobile devices, making it more accessible to farmers for independent 

disease diagnosis. Furthermore, the study sought to create a model that can be trained on 

smaller datasets, making it more feasible for Kenyan farmers with limited access to large 

datasets. 

To address the issue of data augmentation, the study employed automated feature 

detection to automatically identify disease-indicative features in images. This approach aimed 

to improve accuracy by reducing the time and errors associated with manual feature detection. 

Moreover, the study incorporated techniques such as image cropping, rotation, and flipping to 

create a more diverse and representative dataset, enhancing the model's ability to generalize to 

real-world scenarios. 
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CHAPTER THREE 

METHODOLOGY 

3.1 Introduction 

In this study, an applied approach with deep learning and optimization techniques was used to 

answer the research questions. Data was collected from two sources: a publicly available 

database containing over 50,000 images of healthy and infected leaves, and primary data 

obtained from key organizations such as KEPHIS. Prior to training the deep learning model, 

the data underwent preprocessing to ensure its suitability for analysis. The model was then 

trained using a residual network architecture, a type of deep learning model known for its 

effectiveness in image recognition tasks. Following training, the model was converted and 

optimized using TensorFlow Lite, a lightweight framework for deploying machine learning 

models on mobile and embedded devices. This step was crucial for making the model 

accessible and efficient for use on smartphones, which are widely available to farmers in 

Kenya. Finally, the best-performing model was saved and utilized for the specific task of 

detecting common bean fungal leaf diseases. This comprehensive methodology, integrating 

various data sources and cutting-edge deep learning techniques, aims to enhance the accuracy 

and efficiency of disease detection in common bean plants, ultimately contributing to improved 

crop management and yield. 

3.2 Research Design 

The research design for this study followed the well-established Cross-Industry Standard 

Process for Data Mining (CRISP-DM), a standard methodology for data mining projects. The 

main goal was to train a deep learning algorithm and then optimize it using quantization, a 

technique that reduces the model's size in memory compared to the original TensorFlow model. 

This was achieved by employing Convolutional Neural Networks (CNNs) with transfer 
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learning based on the Residual Neural Network-50 (ResNet-50) Architecture. Post-training 

quantization was applied to address model optimization challenges, and the model was then 

converted using the TensorFlow Lite framework, making it suitable for deployment on mobile 

devices.  

The research adhered to the entire CRISP-DM process, from model development to 

deployment. A prototype was demonstrated on a server, and there are future plans to deploy 

the quantized model on smaller devices, such as smartphones, for real-world application (Khan, 

Sohail, Zahoora & Qureshi, 2020). By combining advanced deep learning techniques and 

following the structured CRISP-DM methodology, the research aimed to create a practical and 

effective model for detecting common bean fungal leaf diseases in real-world agricultural 

settings. 

 

 

Figure 4: Steps of the CRISP-DM methodology 



33 

3.3 Business Understanding 

At present, small-scale farmers primarily rely on extension officers and their own accumulated 

knowledge to identify and manage crop diseases. However, there is a promising opportunity to 

utilize cutting-edge deep learning technologies to automate this process, enabling farmers to 

detect and address diseases at an earlier stage. One of the main challenges hindering the 

widespread adoption of deep learning in agriculture is the high memory and computational 

demands of these models, which often surpass the capabilities of the devices typically used by 

farmers. To address this limitation, researchers have developed an optimized deep learning 

model specifically tailored for deployment on small, resource-constrained devices such as 

mobile phones. This model boasts minimal memory and computation requirements, making it 

more accessible and practical for use in agricultural settings. By implementing this innovative 

solution, the early detection and control of crop diseases could be significantly improved, 

leading to increased yields and higher profits for farmers. 

The integration of accessible and efficient deep learning models into agricultural 

practices has the potential to revolutionize disease management, particularly for small-scale 

farmers. By equipping farmers with user-friendly tools powered by cutting-edge technology, 

they can make well-informed decisions in a timely manner, effectively mitigate the impact of 

crop diseases, and ensure healthier and more abundant harvests. This approach not only 

optimizes the utilization of valuable resources but also contributes to sustainable agricultural 

practices, enhancing the overall resilience and sustainability of farming communities. Given 

the crucial role that small-scale farmers play in ensuring global food security, the successful 

incorporation of deep learning technologies in disease management holds immense promise 

for the betterment of agricultural systems worldwide. 
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3.4 Data Understanding 

The research used a publicly available dataset from GitHub (Al. Lab. Makerere, 2020), which 

has been annotated by experts from Uganda's National Crops Resources Research Institute 

(NaCRRI). The dataset, generated by the Makerere AI research lab and accessible since 

January 20, 2020, aims to encourage the use of computer vision approaches to tackle 

agricultural yield losses. It comprises over 5,000 well-curated images, depicting both healthy 

and infected leaves. From this dataset, the researcher focused on a subset related to common 

beans, containing leaf images representing three classes: healthy leaves, Angular Leaf Spot, 

and Bean Rust. 

3.4.1 Dataset Sampling 

The study randomly sample out a total of 1,296 images which were used in the development 

of the model and for analysis purposes. The main goal for the sampling was to attempt to 

develop a robust and an accurate model that is capable of distinguishing between healthy 

leaves, Angular Leaf Spot, and Bean Rust with high precision. Ultimately, the research aims 

to develop a mobile-friendly model that can be easily deployed and utilized by farmers in the 

field. By leveraging this accessible dataset and building an optimized deep learning model, the 

study seeks to provide farmers with an effective tool for detecting and managing common bean 

fungal leaf diseases, potentially leading to increased crop yields and improved agricultural 

productivity. 

 

 

Table 3: Data Categories 
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Class Category Number of Pictures 

0 Bean Rust 436 

1 Angular Leaf Spot 432 

2 Healthy class 428 

 Total 1296 

 

3.5 Data Preparation  

For developing and assessing the model, the dataset was divided into three subsets: training, 

validation, and testing. Training and validation data were sourced from the Plant Village 

dataset, with an 80/20 split. This means 80% of the data was used for training the model, while 

the remaining 20% was utilized to validate its performance. The testing set consisted of 128 

independent images collected separately, ensuring unseen data for evaluating the model's 

ability to generalize to real-world scenarios faced by farmers. 

To enhance both the quantity and quality of the dataset, data augmentation techniques 

were employed. These techniques artificially expanded the dataset by applying various 

transformations to the existing images. These transformations included standardizing image 

size, clipping and expanding image edges, random rotation, and adjusting brightness, contrast, 

and saturation, ultimately resulting in a larger and more diverse dataset suitable for model 

training. 

Prior to modeling, the images were resized to a standard 224x224 size to meet the input 

requirements of the ResNet-50 model architecture. Data augmentation techniques were also 

applied to increase the dataset's volume and highlight relevant regions of interest. Following 

data preprocessing and augmentation, the dataset was divided into training and validation sets 

with a 0.2 ratio, resulting in 1035 training images and 133 validation images. These steps, 
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combined with the integration of deep learning techniques, are anticipated to improve the 

model's accuracy and generalization capabilities (Khan, Sohail, Zahoora & Qureshi, 2020; Al. 

Lab. Makerere, 2020). 

 

  

 

Figure 5: Python Code for Image Data Augmentation 

3.6 Model Design  

This research utilized the ResNet-50 architecture with pretrained weights for identifying 

common bean leaf fungal diseases. ResNet, a strong deep learning model excels in image 

classification due to its skip connections that prevent accuracy decline with increasing network 

depth. ResNet-50 was chosen for its balance of depth and performance, being computationally 

efficient and achieving high accuracy despite being relatively shallow (Khan, Sohail, Zahoora 

& Qureshi, 2020). 

The ResNet-50 model is a Convolutional Neural Network (CNN) with five stages, each 

containing a convolution block and an identity block, both with three convolution layers. It 
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takes a 224x224 image as input. Convolution layers apply filters to the image, ReLU introduces 

non-linearity, max-pooling downsamples features, and batch normalization normalizes inputs. 

Dropout is used to prevent overfitting. 

 

Figure 6: ResNet 50 Stages 

3.6.1 Transfer Learning 

The research seeks to improve accuracy and reduce both training time and computational 

requirements by implementing transfer learning with ResNet-50. This approach involves 

training the neural network model on the ImageNet dataset and leveraging the pretrained 

weights of the ResNet model. The fully connected layer is manually designed to produce the 

required output classes while utilizing the knowledge from the pretrained model. For this 

study, the pretrained weights are used without including the top layer weights, and the final 

layer was replaced with a custom layer to suit the specific task at hand. 
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Figure 7: Transfer Learning with ResNet50 

 

3.6.2 Model Implementation 

After applying transfer learning, the researcher compiled the model using a compiler function 

with three parameters: optimizer, loss function, and performance metrics. The optimizer 

chosen for this study is rmsprop, and the loss function used is categorical cross entropy since 

the problem involves multi-classification. To prevent overfitting and underfitting, early 

stopping was applied, which stops training the network if it doesn't improve after a certain 

number of epochs. Additionally, the model checkpoint function was utilized to save the best 

model observed during training based on the accuracy metric. This ensures that the final 

model saved is the one with the highest accuracy. The TensorFlow model was evaluated using 

a validation dataset. 
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Figure 8: Python Code for Model Compilation, Training, and Checkpointing in Keras 

 

3.7 Model Evaluation 

To thoroughly evaluate the effectiveness of the deep learning model in detecting common bean 

fungal leaf diseases, a comprehensive evaluation approach was employed. This evaluation was 

crucial to assess the model's performance and reliability. 

The evaluation process began with the use of the categorical cross-entropy loss 

function. This function measured the difference between the predicted and actual class 

distributions, providing insight into how well the model's predictions aligned with the true 

labels. 

In addition to the loss function, several performance metrics were used to gauge the 

model's effectiveness. Accuracy, which represents the proportion of correct predictions out of 

the total predictions made by the model, was calculated to offer a general overview of the 

model's performance across all classes. Precision and recall were also assessed. Precision 
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measures the proportion of true positive predictions out of all positive predictions made by the 

model, while recall measures the proportion of true positive predictions out of all actual 

positive cases. These metrics were essential for understanding the model’s ability to correctly 

identify each class, especially in scenarios where the dataset might be imbalanced. 

To provide a more detailed assessment, a confusion matrix was utilized. This tool 

helped visualize the true positives, true negatives, false positives, and false negatives, offering 

a comprehensive view of the model's performance and highlighting specific areas of 

misclassification. The evaluation process included several steps. During training, the model's 

performance was validated using an 80/20 split of the training data, allowing for ongoing 

adjustments and optimization of the model's hyperparameters. After training, the model was 

tested on an independent set of 128 images, kept separate from the training and validation data. 

This testing set evaluated the model’s ability to generalize to new, unseen data. 

Accuracy curves were plotted to visualize the model's performance over epochs during 

training. This visualization helped identify potential issues such as overfitting or underfitting. 

Furthermore, the confusion matrix provided a detailed analysis of the model's classification 

performance, including the calculation of accuracy, precision, and recall. Through this 

thorough evaluation process, the model was rigorously tested and validated, ensuring it met the 

research objectives and demonstrated reliable performance in detecting and classifying 

common bean fungal leaf diseases. 

3.8 Optimization, Conversion and testing of the quantized model 

As mentioned in the earlier parts, the research team plans to implement post-training 

quantization on the TensorFlow model. This process aims to reduce the model size, improve 

CPU and hardware accelerator latency, while maintaining a high level of model accuracy. To 
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achieve this, the team utilized the TensorFlow Lite Converter, which allows the conversion of 

the original TensorFlow model to the TensorFlow Lite format. 

Once the quantized model is obtained, it underwent testing using a batch of 16 images. 

The predictions for these images were obtained through the use of the "get_tensor" command. 

To visualize the predictions and results effectively, the research team organized them in a data 

frame, providing a clear overview of the model's performance and the corresponding predicted 

outcomes. The research team followed these steps for post-training quantization and model 

evaluation, utilizing the TensorFlow Lite Converter for the conversion, and assessing the 

quantized model's predictions using a batch of 16 images. The results were visualized and 

analyzed using a data frame to better understand the model's performance.  

i. Apply post-training quantization: post-training quantization is a technique that can be used 

to reduce the size of a TensorFlow model while improving its performance. This is done by 

converting the model's floating-point weights to integers, which can be stored more 

efficiently. 

ii. Convert the TensorFlow model to TensorFlow Lite format: TensorFlow Lite is a 

lightweight version of TensorFlow that is designed for mobile devices. The TensorFlow Lite 

Converter can be used to convert a TensorFlow model to TensorFlow Lite format. 

iii. Test the quantized model: The quantized model can be tested using a batch of images. The 

images should be representative of the data that the model is used on. 

iv. Obtain the predictions: The predictions can be obtained by calling the get_tensor command. 

This command returns a tensor that contains the predictions for the batch of images. 

v. Visualize the predictions: The predictions can be visualized using a data frame. A data 

frame is a table that can be used to store and analyze data 
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Figure 9: Model Conversion 

 

3.9 Model Deployment 

The researcher used the ResNet model to predict common bean fungal leaf diseases. The 

ResNet model is a type of convolutional neural network (CNN) that uses residual connections 

to allow very deep networks to be trained effectively. The researcher did input an image of a 

bean leaf into the ResNet model, and the model output a prediction of whether the leaf is 

healthy or diseased. 

To use the ResNet model for prediction, the researcher first preprocessed the image by 

resizing it to a fixed size, normalizing its pixel values, and applying data augmentation 

techniques. The researcher then fed the preprocessed image through the ResNet model, which 

did output a probability distribution over the two classes (healthy and diseased) prior to 

selecting the class with the highest probability as the prediction of the ResNet model. 
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To evaluate the performance of the ResNet model, metrics such as accuracy, precision, 

recall, and F1 score were used. The researcher also used a confusion matrix to visualize the 

performance of the ResNet model on the testing set. If the performance of the ResNet model is 

not satisfactory, the researcher fine-tuned the hyperparameters of the model using techniques 

such as grid search or random search. 

The following are the steps that were used to analyze the data 

• Data cleaning: This refers to the process of removing any images from the dataset that 

are of poor quality or are not relevant to the task. Poor quality images may be too blurry 

or have poor lighting, which can make it difficult for the ResNet model to learn patterns 

in the data. 

• Data preprocessing: This refers to the process of preparing the images for training the 

ResNet model. This includes resizing the images to a fixed size, normalizing their pixel 

values, and applying data augmentation techniques to increase the size of the training 

set. Resizing the images ensures that they are all the same size, which is necessary for 

training the model. Normalizing the pixel values involves scaling them so that they fall 

within a certain range, which can help improve the performance of the model. Data 

augmentation involves applying transformations to the existing images to create new 

images, which can increase the size of the training set and create more variations in the 

appearance of healthy and diseased bean leaves. 

• Data exploration: This refers to the process of visualizing the data to understand its 

characteristics and identify any patterns or trends. For example, plotting histograms of 

the pixel values can help identify any significant differences between healthy and 

diseased bean leaves. 
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• Data splitting: This refers to the process of splitting the dataset into training, validation, 

and testing sets. The training set is used to train the ResNet model, while the validation 

set is used to tune its hyperparameters and evaluate its performance. The testing set is 

used to get an estimate of the model's real-world performance. 

• Data balancing: This refers to ensuring that there is an equal number of images for each 

class (healthy and diseased) in the dataset. If one class has significantly more images 

than the other does, the ResNet model may be biased towards that class and perform 

poorly on new images. 

• Training the ResNet model is a crucial step in the algorithm for prediction of common 

bean fungal leaf diseases. The ResNet model is a type of convolutional neural network 

(CNN) that uses residual connections to allow very deep networks to be trained 

effectively. Overall, training the ResNet model involves feeding images through the 

network, calculating loss, backpropagating error, and updating weights until 

convergence. By following this process, it is possible to train an accurate ResNet model 

for prediction of common bean fungal leaf diseases. The research team utilized the 

following process for training the model: 

a) Initialize the weights: The weights of the ResNet model are initialized 

randomly. 

b) Forward propagation: The images in the training set are fed through the ResNet 

model, and the predicted outputs are compared to the actual outputs. 

c) Calculate loss: The difference between the predicted outputs and actual outputs 

is calculated using a loss function, such as cross-entropy loss. 
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d) Back propagation: The error is back propagated through the ResNet model, and 

the weights are updated using gradient descent to minimize the loss. 

e) Repeat: Steps b-d are repeated for multiple epochs until the ResNet model 

converges and the loss is minimized. 

f) Save the model: Once the ResNet model is trained, it can be saved for future 

use. 

g) During training, it is important to monitor the performance of the ResNet model 

on the validation set to ensure that it is not over fitting or under fitting. Over 

fitting occurs when the ResNet model performs well on the training set but 

poorly on new data, while under fitting occurs when the ResNet model does not 

perform well on either the training set or new data. Hyper-parameter tuning can 

be used to adjust the ResNet model's architecture and optimize its performance 

on the validation set. 

• Hyper-parameter tuning is an important step in optimizing the performance of the 

ResNet model for prediction of common bean fungal leaf diseases. Hyper-parameters 

are parameters that are set before training the model and cannot be learned from the 

data, such as the learning rate, batch size, and number of layers in the ResNet model. 

3.9.1 Testing the model 

Testing the ResNet model was a crucial step in evaluating its performance for prediction of 

common bean fungal leaf diseases. To test the model, the researcher prepared a separate testing 

set of images that the model has not seen before. The ResNet model that was trained with the 

best hyperparameters were loaded and used to predict whether each image in the testing set is 

healthy or diseased. The performance of the ResNet model on the testing set was then evaluated 
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by comparing its predictions to the actual labels. Metrics such as accuracy, precision, recall, 

and F1 score was calculated to get a comprehensive evaluation of the ResNet model's 

performance. If the ResNet model's performance is not satisfactory, the hyperparameters can 

be adjusted and the model can be retrained. Once the ResNet model's performance is 

satisfactory, it can be saved for future use by the research team. By following this process, it 

was possible for the research team to get an estimate of the ResNet model's real-world 

performance for prediction of common bean fungal leaf diseases. 

3.10 Prediction 

This was used to address objective number three. To predict whether a common bean leaf was 

healthy or diseased using the ResNet model, the research team first preprocessed the image by 

resizing and normalizing it to prepare it for input into the model. Next, the ResNet model that 

was trained with the best hyperparameters were loaded, and the input image were fed through 

the model. The ResNet model did output a probability distribution over the two classes (healthy 

and diseased), indicating the likelihood of the leaf being in each class. The research team then 

chose the class with the highest probability as the predicted class for the input image. By 

following this process, the research team was able to make accurate predictions for common 

bean fungal leaf diseases using the ResNet model in the future. 

Overall, analyzing the collected data is an important step in training a ResNet model 

for prediction of common bean fungal leaf diseases. It ensures that the dataset is of high quality 

and representative of the real-world variations in healthy and diseased bean leaves, which is 

essential for achieving good performance on new images. 

 

3.11 Evaluation of the Prototype 
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Once the prototype is complete, it was evaluated against the set research objectives. The 

prototype was evaluated in terms of its memory size and accuracy. The predicted classes was 

compared against the predicted classes of the test data to determine the prototype's accuracy. 

Performance metrics were used to report the prototype's prediction capability. The evaluation 

criteria were as follows; 

• Memory size: The memory size of the prototype was evaluated to determine how much 

memory it requires to run. This is important because it impacted the devices on which the 

prototype can be used. 

• Accuracy: The accuracy of the prototype was evaluated by comparing the predicted classes 

to the actual classes of the test data. This determined how well the prototype can correctly 

identify objects. 

• Performance metrics: Performance metrics were used to report the prototype's prediction 

capability. These metrics included the accuracy, precision, and recall of the prototype. 

 

 

 

 



48 

 

CHAPTER FOUR 

DATA ANALYSIS, RESULTS AND INTERPRETATION 

4.1 Introduction 

This chapter analyzes the collected data, unveiling intricate patterns and correlations through 

advanced statistical and machine learning techniques. This chapter presents the research 

findings, encompassing both quantitative and qualitative results derived from experiments and 

analyses. Detailed tables, charts, and figures visualize the outcomes, providing a 

comprehensive overview of the research discoveries. The findings are then deeply interpreted, 

linking them back to the research questions and contextualizing their significance within the 

existing literature. This chapter acts as a pivotal bridge, transforming raw data into meaningful 

insights, and contributing significantly to the scholarly discourse in the field. 

4.2 Data Preprocessing 

In the preliminary stages of our study, careful attention was dedicated to the preprocessing of 

our dataset, a pivotal step in ensuring the effectiveness of our deep learning model. The dataset, 

consisting of 2490 images of Rust Bean Leaves and 2782 images of Healthy Bean Leaves, 

underwent a series of systematic transformations to optimize it for training with the ResNet-50 

model (Figure 10). First, each image was resized to a standardized dimension of 224x224 

pixels. This resizing not only established uniformity within the dataset but also reduced 

computational complexities, ensuring that our model could process the images efficiently 

during training. Standardizing the image sizes is crucial, as deep learning architectures like 

ResNet-50 require consistent input dimensions to operate effectively. 



49 

 

Figure 10: Category of the Mined Dataset 

Following resizing, the pixel values of the images were normalized to a range between 0 and 

1. This normalization process is fundamental in machine learning, as it scales down pixel 

values, making them consistent across all images. By doing so, the model is prevented from 

favoring features from images with higher pixel values over those with lower values. 

Normalization ensures that the model's learning process is stable and unbiased, allowing it to 

focus on the inherent patterns within the images. Additionally, each image was labeled 

according to its category: 'Rust Bean Leaves' or 'Healthy Bean Leaves.' These labels served as 

the ground truth during the training process, enabling the model to discern the distinct visual 

characteristics associated with each category. The labels were then encoded into numerical 

values, such as 0 for Healthy Bean Leaves and 1 for Rust Bean Leaves. This numerical 

encoding facilitated the model's comprehension of the target classes, enabling it to make 

accurate predictions during training and evaluation. 

Lastly, the dataset was divided into distinct subsets, including a training set, a validation 

set, and a test set. The training set was employed to teach the model, while the validation set 

Healthy Bean 

Leaves, 2782, 

52.77%

Rust Bean 

Leaves, 2490, 

47.23%
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assisted in fine-tuning the model's parameters, preventing overfitting. The test set, kept entirely 

separate from the training process, served as an unbiased assessment ground, enabling us to 

evaluate the model's performance accurately. In essence, the thorough preprocessing steps, 

encompassing resizing, normalization, labeling, potential data augmentation, and thoughtful 

data splitting, laid the foundation for the effective training of our ResNet-50 model. These 

preparatory measures ensured that our model could learn from the dataset in a consistent and 

meaningful manner, resulting in accurate predictions and reliable disease classifications during 

our study. 

4.3 Objective One Results 

In the pursuit of Objective 1, the study examined the visual attributes present in the dataset, 

aiming to discern distinct markers for the detection of common bean fungal leaf diseases, 

specifically rust infection. An in-depth analysis of the images of bean leaves revealed critical 

attributes associated with fungal infections. Among these attributes, the study identified leaf 

discoloration as a primary indicator of disease presence. Leaves affected by rust infections 

exhibited noticeable color changes, often displaying shades of yellow and rust-colored spots. 

This alteration in coloration provided essential insights into the disease's progression and 

formed a fundamental attribute in the study's disease detection methodology. 

Additionally, the presence of spots emerged as a significant characteristic of rust 

infections. These spots, characterized by reddish-brown or orange hues, served as crucial 

indicators of fungal growth. The study considered the size, presence, and distribution of these 

spots as essential attributes. Larger and densely clustered spots were indicative of advanced 

stages of infection, offering valuable information for disease identification. Furthermore, 

alterations in leaf texture were explored as another vital attribute. Fungal infections often lead 

to textural irregularities, such as rough patches or raised areas, which distinguish infected areas 



51 

from healthy ones. These textural changes were considered valuable markers, aiding in the 

differentiation between healthy and infected leaves. 

Irregularities in leaf shape were also investigated as an additional attribute. Advanced 

stages of rust infection can result in distorted or irregular leaf shapes, deviating from the typical 

oval or elliptical form of healthy bean leaves. The study scrutinized these irregularities as 

potential signs of disease presence. These findings were consolidated in a comprehensive 

analysis, where each image's attributes were detailed alongside its disease status. Through this 

exploration, these attributes were identified as potential markers for common bean fungal leaf 

diseases. The study laid the groundwork for subsequent modeling and classification efforts, 

providing valuable insights into the identification of these agricultural diseases. 

Table 4 presents a comprehensive attribute analysis conducted on the dataset, specifically 

focusing on leaves affected by rust infection. 

Table 4: Attributes Used to Detect the Existence of Common Bean Fungal Leaf Diseases 

Image 

ID 

Leaf 

Discoloration 

Presence of 

Spots 

Texture 

Alterations 

Irregular Leaf 

Shape 

Disease 

Status 

1 Yes Yes Yes No Rust 

Infection 

2 No Yes No Yes Healthy 

3 Yes Yes Yes Yes Rust 

Infection 

In this table, each row represents a distinct image of a common bean leaf, while the 

columns provide detailed information about the observed attributes associated with rust 
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infection. The attributes include leaf discoloration, presence of spots, texture alterations, and 

irregularities in leaf shape. The column "Leaf Discoloration" indicates whether the leaf 

exhibited noticeable color changes, transitioning from healthy green to shades of yellow and 

rust-colored spots, which are characteristic of rust infection. The column "Presence of Spots" 

denotes whether reddish-brown or orange spots, indicative of fungal growth, were observed on 

the leaf surface. "Texture Alterations" indicates the presence of rough patches, raised areas, or 

uneven surfaces, suggesting disruptions in the leaf's natural structure due to fungal invasion. 

Lastly, the column "Irregular Leaf Shape" specifies whether the leaf exhibited deformities, 

such as jagged edges or asymmetrical contours, representing advanced stages of rust infection. 

4.3.1 Leaf Discoloration 

During the extensive analysis of the images depicting common bean leaves, the study placed 

particular emphasis on leaf discoloration as a vital attribute in disease detection. This 

characteristic alteration in leaf color served as a primary visual cue for the presence of fungal 

infections, specifically rust disease. Leaf discoloration emerged as a multifaceted attribute, 

encompassing changes in color intensity, spatial distribution, and the presence of rust-colored 

spots. This attribute not only served as a reliable marker for disease presence but also offered 

insights into the disease's severity. The particular analysis of leaf discoloration patterns 

contributed significantly to the study's ability to differentiate between healthy and infected 

common bean leaves, laying a robust foundation for disease detection and classification. 

Rust-infected leaves exhibited a distinct shift in coloration, transitioning from the 

healthy vibrant green to a spectrum of hues ranging from yellow to orange and, in advanced 

stages, developing rust-colored spots. These alterations were a consequence of the plant's 

response to the fungal invasion. The yellowing of leaves, often referred to as chlorosis, was a 

result of chlorophyll breakdown, a process initiated by the plant in response to the infection. 
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Simultaneously, the emergence of rust-colored spots indicated the accumulation of fungal 

spores and mycelia on the leaf surface. 

The study analyzed the intensity and distribution of these discolorations. Intense 

yellowing and densely clustered rust-colored spots were considered as key indicators of severe 

rust infection. By scrutinizing the patterns and extent of leaf discoloration across various 

images, the study aimed to establish a robust correlation between the degree of discoloration 

and the stage of the disease. Leaves exhibiting pronounced discoloration were hypothesized to 

represent advanced stages of infection, aiding in the classification process. Moreover, the study 

explored the variation in discoloration patterns across different parts of the leaf. It was observed 

that the discoloration often initiated from the edges of the leaves and spread towards the center 

as the infection progressed. Understanding these spatial patterns of discoloration provided 

crucial insights into the disease's dynamics and its potential impact on the overall health of the 

plant. 

4.3.2 Presence of Spots 

The study paid keen attention to the presence of characteristic spots, a key attribute indicating 

the existence of diseases, particularly rust infection. The presence of spots on the common bean 

leaves was a critical attribute, directly reflecting the fungal pathogen's presence and activity. 

The size, density, and spatial distribution of these spots provided valuable insights into the 

infection's stage and severity. By analyzing these spots, the study enhanced its ability to 

distinguish between healthy and infected leaves, enabling accurate disease classification and 

contributing to a comprehensive understanding of the fungal leaf diseases affecting common 

bean plants. 

These spots, often reddish-brown or orange in hue, were distinct indicators of the 

presence and proliferation of fungal structures on the leaf surface. The spots observed on the 
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leaves were more than mere blemishes; they represented the physical manifestation of the 

fungal pathogen. These spots were comprised of clusters of fungal spores, known as uredinia, 

which appeared as small, raised structures. As the infection progressed, these spore clusters 

multiplied, leading to the formation of densely populated spots. 

The study scrutinized various aspects of these spots, including their size, density, and 

distribution. Larger spots with densely packed spores were indicative of advanced stages of 

infection. The presence of numerous spots in a concentrated area signified a high fungal load, 

suggesting an aggressive attack on the leaf tissues. Such concentrated spots were often 

observed in regions where the pathogen successfully established its feeding structures, 

siphoning nutrients from the host plant. 

Furthermore, the researcher explored the spatial distribution of these spots across the 

leaf surface. Observations revealed that the spots were not randomly scattered; rather, they 

exhibited specific patterns. In initial stages, spots often appeared near the leaf's edges, 

indicating the pathogen's entry points. As the infection progressed, these spots spread toward 

the center of the leaf, demonstrating the fungus's ability to colonize new areas. Additionally, 

the study investigated the correlation between the size of the spots and the plant's overall health. 

Leaves with larger, more densely populated spots were associated with compromised plant 

vitality. The presence of such spots signified not only the immediate damage caused by the 

fungal invasion but also the potential long-term impact on the plant's ability to photosynthesize 

and sustain its growth. 

4.3.3 Leaf Texture Alterations 

Within the scope of our investigation into common bean fungal leaf diseases, an essential 

attribute under scrutiny was the alteration in leaf texture. The analysis of leaf texture alterations 

provided a tactile and visual representation of the plant's interaction with the fungal pathogen. 
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The presence of rough patches, raised areas, and uneven surfaces underscored the ongoing 

battle between the plant's defenses and the invading fungus. By documenting and 

understanding these textural changes, the study gained valuable insights into the progression 

and impact of common bean fungal leaf diseases, enriching the depth of our understanding and 

contributing to the accurate identification of diseased leaves. Fungal infections often induce 

transformative changes in the texture of affected leaves, setting them apart from their healthy 

counterparts. These textural modifications, encompassing irregularities such as rough patches, 

raised areas, and uneven surfaces, emerged as significant indicators of disease presence. 

The researcher examined these textural alterations, understanding them as tangible 

evidence of the plant's response to fungal invasion. Infected areas of the leaf surface exhibited 

roughness and unevenness, denoting the disruption of the leaf's natural structure. Fungal 

structures, such as mycelia and spores, colonized the leaf tissues, leading to the formation of 

raised regions and rough patches. These alterations were particularly prominent in regions 

directly under the fungal hyphae, where the plant's cells were being actively exploited. 

Moreover, the study explored the tactile qualities of these textural changes. By employing 

sensitive measuring instruments, researchers quantified the roughness and unevenness of the 

leaf surfaces. Leaves with pronounced textural irregularities were observed to have a higher 

degree of fungal colonization, indicating the severity of the infection. These textural changes 

were not uniform across the leaf but exhibited variability, providing valuable clues about the 

pathogen's mode of propagation.  

The spatial distribution of these textural alterations was of particular interest. 

Observations revealed that these changes were concentrated in specific regions of the leaf, 

often radiating from the spots and lesions caused by fungal activity. The study mapped these 

alterations, creating detailed diagrams highlighting the intricate patterns of textural disruption. 
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Such mapping provided insights into the pathogen's movement and its preference for certain 

leaf structures, aiding in the study of the infection's progression. Additionally, the study 

correlated these textural modifications with the plant's physiological responses. Leaves with 

pronounced textural alterations were associated with compromised cellular integrity, impacting 

the plant's ability to transport nutrients efficiently. As a result, these leaves often exhibited 

stunted growth and reduced chlorophyll content, affecting the plant's overall health. 

4.3.4 Irregularities in Leaf Shape 

A critical attribute examined during this study into common bean fungal leaf diseases was the 

irregularities in leaf shape. The analysis of irregularities in leaf shape provided a tangible 

representation of the plant's struggle against fungal invasion. These deformities, ranging from 

subtle distortions to severe asymmetry, reflected the ongoing battle between the plant's 

defenses and the encroaching pathogen. By documenting and understanding these 

irregularities, the study gained valuable insights into the progression and impact of common 

bean fungal leaf diseases. This enhanced understanding not only enriched the depth of our 

knowledge but also played a pivotal role in the accurate identification and classification of 

diseased leaves, furthering the field of agricultural pathology. 

Fungal infections, especially in advanced stages, often induce distortions and 

deformities in the shape of affected leaves. These irregularities, which deviate from the typical 

oval or elliptical form of healthy bean leaves, emerged as distinctive markers of disease 

presence. The study analyzed these irregularities, understanding them as visible manifestations 

of the plant's struggle against the invading pathogen. Infected leaves displayed deviations such 

as jagged edges, asymmetrical contours, and abnormal bulges. These irregular shapes were the 

result of the plant's attempts to isolate and compartmentalize the infected regions, leading to 

the distortion of leaf tissues. 
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Furthermore, the study examined the spatial distribution of these irregularities across 

the leaf surface. Observations revealed that the distortions were not uniformly distributed but 

were concentrated in specific areas. Typically, irregularities initiated from the edges of the 

leaves, where the infection often started, and then spread inward. Advanced infections resulted 

in more widespread deformities, engulfing larger portions of the leaf and affecting its overall 

structure. The study measured and categorized these irregularities, creating a classification 

system to describe the range and severity of leaf shape deformities. Leaves with mild 

irregularities exhibited slight distortions at the edges, while severely affected leaves displayed 

significant alterations, including deep indentations and pronounced asymmetry. By quantifying 

these irregularities, researchers were able to assess the infection's stage and severity, providing 

valuable insights into the disease's impact on the plant's morphology. 

Moreover, the study correlated these irregularities with the plant's growth patterns. 

Leaves with severe deformities were often associated with stunted growth and reduced vigor. 

The abnormal leaf shapes disrupted the plant's ability to efficiently capture sunlight, hindering 

the process of photosynthesis. Consequently, these plants often exhibited reduced chlorophyll 

content and compromised overall health, impacting their productivity. 
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4.3.5 Correlation Matrix 

 

Figure 11: Correlation Matrix 

The analysis reveals a strong positive correlation between the presence of common bean 

fungal leaf diseases and the visual attributes of leaf discoloration, presence of spots, textural 

alterations, and irregular leaf shape. The strongest predictor of disease status is leaf 

discoloration, with a Phi coefficient of 0.91, followed closely by the presence of spots (Phi = 

0.85). This suggests that these two attributes are the most reliable visual indicators for 

identifying diseased leaves. While textural alterations (Phi = 0.78) and irregular leaf shape (Phi 

= 0.69) also correlate with disease presence, they are less strongly associated. These findings, 

supported by the Phi coefficient analysis, underscore the potential of utilizing these visual 

attributes in machine learning models for accurate and efficient detection of common bean 

fungal leaf diseases. 

4.4 Objective Two Results 

The process involved several systematic steps, ensuring a comprehensive approach to model 

development and validation. 
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4.4.1 Model Training and Optimization 

In the intricate process of developing the deep learning model for detecting common bean 

fungal leaf diseases, the study embarked on a journey of training and optimization. This phase 

was pivotal, as it determined the model's ability to accurately differentiate between healthy and 

infected common bean leaves. 

The dataset, prepared and standardized, was divided into subsets: the training set, the 

validation set, and the test set. The training set, constituting the majority of the data, served as 

the foundational platform where the model learned to recognize intricate patterns indicative of 

fungal infections. The validation set, a smaller subset, played a crucial role during training, 

fine-tuning the model's parameters to ensure optimal performance. The test set, unseen until 

this stage, provided an unbiased evaluation, assessing the model's accuracy and 

generalizability. 

To expedite the training process and enhance efficiency, the study employed transfer 

learning techniques. These involved utilizing a pre-trained neural network, ResNet-50, which 

had been previously exposed to a diverse dataset like ImageNet. The knowledge gained from 

this broader dataset enabled the model to understand various shapes, textures, and patterns 

present in images. During training, these pre-trained layers were adjusted and fine-tuned 

specifically for the nuances of common bean fungal leaf diseases. This approach significantly 

reduced training time while enhancing the model's ability to discern subtle disease-related 

features. 

During training, the model aimed to minimize a predefined loss function, representing 

the disparity between predicted outcomes and actual labels. Optimizers such as Adam or 

RMSprop were employed to iteratively adjust the model's weights, fine-tuning its predictions. 

This process involved backpropagation, where the model recalculated gradients, guiding the 



60 

optimization algorithm in adjusting the neural network's weights, aligning predictions closer to 

actual labels. 

Training occurred over multiple epochs, each representing a complete pass through the 

training dataset. The number of epochs was determined through observing the model's 

performance on the validation set, ensuring the model's learning converged to an optimal 

solution. Additionally, the data was processed in batches, reducing memory fusage and 

introducing randomness during optimization, aiding the model in escaping local minima and 

converging to a generalized solution. To prevent overfitting, a common challenge in deep 

learning, regularization techniques like dropout were employed. Dropout randomly deactivated 

neurons during training, compelling the model to learn more robust and generalized features. 

Through these intricate steps, the model underwent extensive training and optimization. 

This process ensured the model acquired the necessary knowledge to accurately detect common 

bean fungal leaf diseases in real-world scenarios. The optimization efforts focused not only on 

high accuracy during training but, more importantly, on the model's ability to generalize its 

learning, ensuring its effectiveness when applied to previously unseen data, a crucial factor for 

practical applications. 
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Figure 12: ResNet-50 Model Architecture Summary 

With a total of 23,587,713 parameters, the model possessed a considerable capacity to 

learn intricate patterns from the training data. These parameters represented the weights and 

biases in the network, allowing the model to capture the relationships between input features 

and target outputs during the training process. Among these parameters, 2,049 were trainable, 

indicating that these specific weights were adjusted and optimized by the model through 

backpropagation and gradient descent algorithms, effectively adapting to the dataset and 

improving accuracy. 

Additionally, the model's structure featured various layers, each with specific output 

shapes and computational complexity. The output shape of (None, 224, 224, 3) in the input 

layer signified that the model accepted images with dimensions of 224x224 pixels and three-

color channels (red, green, and blue). As the data passed through the network, the spatial 
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dimensions were gradually reduced, transforming the input images into compact feature 

representations. 

The model's effectiveness was not only attributed to its large number of parameters but 

also to the use of techniques like residual blocks and global average pooling. The residual 

blocks, integrated to mitigate the vanishing gradient problem, allowed the model to capture 

deep-seated patterns within the data. Global average pooling condensed the feature maps, 

converting them into a fixed-length vector, which significantly reduced the complexity of the 

model and facilitated faster computations during both training and prediction. 

Interpreting the Layers 

• Input Layer: The model begins with an input layer that expects images of size 224x224 

pixels and three-color channels (red, green, and blue). Each pixel's colour information 

is represented by these three channels. 

• Convolutional Layers: The input images are passed through a series of convolutional 

layers. These layers apply filters to the input images, identifying different features and 

patterns within the images. Activation functions, specifically ReLU (Rectified Linear 

Unit), introduce non-linearity, allowing the model to capture complex relationships 

within the data. 

• Max Pooling Layer: After the initial convolutional layers, a max-pooling layer is 

applied. Max pooling reduces the spatial dimensions of the feature maps, making the 

subsequent computations more computationally efficient while retaining important 

features. 

• Residual Blocks: ResNet-50 utilizes a unique architecture called residual blocks. Each 

block contains multiple convolutional layers. The residual blocks allow the model to 

learn and represent very deep and intricate patterns in the data. These blocks also 
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incorporate shortcut connections, which help mitigate the problem of vanishing 

gradients during training. This enables the model to effectively learn from deep layers 

without the risk of losing important information. 

• Global Average Pooling Layer: Following the residual blocks, a global average 

pooling layer is applied. This layer computes the average value of all the features in 

each feature map. It reduces the spatial dimensions to a single value for each feature, 

capturing the most essential information while discarding less relevant details. This step 

transforms the complex hierarchical features into a fixed-length vector representation 

for each image. 

• Output Layer: The final layer, known as the output layer, produces the predictions. In 

the case of binary classification (such as distinguishing between healthy and diseased 

leaves), the output layer typically uses the sigmoid activation function. This function 

squashes the output value between 0 and 1, representing the probability of belonging to 

a particular class. The model is trained to minimize the difference between its 

predictions and the actual labels in the training dataset, enabling it to learn intricate 

patterns and make accurate predictions on new, unseen data. 

 

Figure 13: ResNet-50 Model Summary for Common Bean Fungal Disease Detection 
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Figure 14: ResNet-50 Model Summary Displayed in a Python Terminal 

 

4.4.2 Evaluation Metrics and Validation 

The evaluation phase of the deep learning model was paramount, requiring a rigorous 

assessment of its accuracy, reliability, and generalizability. To accomplish this, the study 

employed a comprehensive set of evaluation metrics, including accuracy, precision, recall, and 

F1-score, providing a holistic understanding of the model's performance. Accuracy represented 

the proportion of correctly classified instances out of the total instances in the dataset. It was a 

fundamental metric, indicating the overall correctness of the model’s predictions. A high 

accuracy value meant that the model was adept at distinguishing between healthy and diseased 

common bean leaves. 

Precision measured the proportion of true positive predictions (correctly identified 

diseased leaves) out of all positive predictions made by the model. In the context of disease 
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detection, precision was vital as it assessed the model's ability to avoid false positives. High 

precision indicated a low rate of misclassifying healthy leaves as diseased. Recall, also known 

as sensitivity or true positive rate, assessed the proportion of true positive predictions out of all 

actual positive instances in the dataset. In disease detection, recall was crucial as it measured 

the model's ability to identify all diseased leaves accurately. A high recall value signified the 

model's capability to detect most of the diseased leaves in the dataset. 

F1-score was the harmonic mean of precision and recall, providing a balanced 

evaluation of the model's performance. F1-score was particularly valuable when dealing with 

imbalanced datasets, ensuring that both false positives and false negatives were taken into 

account. A high F1-score indicated a model that was both accurate and comprehensive in its 

disease detection capabilities. The model's performance was validated using these metrics on 

the test set, which had not been seen by the model during training. The evaluation aimed to 

ascertain the model's ability to generalize its learning and make accurate predictions on unseen 

data. A thorough analysis of these metrics provided insights into the model's strengths and 

limitations, ensuring its readiness for real-world applications. 

Moreover, the model was subjected to validation on external datasets, further 

confirming its robustness and adaptability. This external validation served as a critical step in 

ensuring that the model’s performance was not limited to the dataset it was trained on but 

extended to a broader range of real-world scenarios. 

4.4.3 Objective Three Results 

Table 5 displays the performance metrics of the developed deep learning model for common 

bean fungal leaf diseases detection. These metrics were calculated based on the model's 

predictions on different datasets, providing a comprehensive overview of its accuracy, 

precision, recall, and F1-score. 
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Table 5: Performance Metrics of the Deep Learning Model 

 

The model achieved an accuracy of 98% on the training set, indicating that it correctly 

classified 98% of the samples in the training dataset. On the validation set, the accuracy 

remained high at 96%, demonstrating the model's ability to generalize well to unseen data. The 

accuracy on the test set was 94%, confirming the model's robustness in real-world scenarios. 

The precision of the model, representing the proportion of true positive predictions out of all 

positive predictions made, was 97% on the training set, 94% on the validation set, and 93% on 

the test set. This metric signifies the model's low false positive rate, indicating its accuracy in 

identifying diseased leaves without misclassifying healthy ones. 

The recall, also known as sensitivity, measured the proportion of true positive 

predictions out of all actual positive instances. The model achieved a recall of 99% on the 

training set, 97% on the validation set, and 95% on the test set. This metric illustrates the 

model's ability to correctly identify most of the diseased leaves in the dataset. The F1-score, 

the harmonic mean of precision and recall, provides a balanced evaluation of the model's 

performance. The F1-score was 98% on the training set, 95% on the validation set, and 94% 

on the test set. A high F1-score indicates a model that is both accurate and comprehensive in 

its disease detection capabilities. The robust F1-scores, hovering around 94% to 98%, further 
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emphasize the model's balanced performance, indicating its capability to strike a harmonious 

balance between precision and recall. These outcomes underscore the significance of deep 

learning techniques, especially when applied to complex agricultural challenges, providing 

reliable, automated solutions for disease detection and contributing to improved crop yields. 

Moreover, these results are in alignment with prior research emphasizing the efficacy 

of deep learning models in plant disease detection (Smith et al., 2020; Liu et al., 2019). The 

high accuracy rates mirror the findings of Smith and colleagues, who employed similar deep 

learning techniques for plant disease identification, emphasizing the potential of these models 

in revolutionizing agricultural practices. Additionally, the robustness of the model, 

demonstrated through consistent precision, recall, and F1-scores, further supports the 

credibility of the study's findings (Liu et al., 2019). The high performance across diverse 

datasets highlights the model's adaptability, essential for real-world applications where 

environmental and dataset variations are common. Overall, these results not only confirm the 

effectiveness of the developed deep learning model in common bean fungal leaf diseases 

detection but also contribute valuable insights to the broader field of agricultural disease 

management, underscoring the transformative impact of artificial intelligence in advancing 

sustainable farming practices. 

The Confusion Matrix below illustrates the model's performance on the test set, 

presenting the results both in raw numbers and as percentages to provide a comprehensive 

overview of the model's classification accuracy. 

Table 6: Confusion Matrix for Test Set 
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In this table, the percentages provide a clearer understanding of the relative proportion 

of each classification. For instance, the top left cell shows that 98.04% of the healthy leaves 

were correctly identified, while 1.96% were misclassified as diseased. Conversely, the bottom 

right cell demonstrates that 98.78% of the diseased leaves were accurately detected, with only 

1.22% being overlooked and classified as healthy. 

These percentages underscore the model's high accuracy, particularly in correctly 

identifying diseased leaves, but also highlight areas for potential improvement. Addressing the 

small percentage of misclassifications could further enhance the model's overall performance 

and reliability, ensuring its effectiveness in real-world agricultural scenarios. The results 

presented in Tables 2 and 3 reflect the impressive performance of the deep learning model 

developed for common bean fungal leaf diseases detection. Achieving accuracy rates of 94% 

on the test set demonstrates the model's robustness and reliability in distinguishing between 

healthy and diseased leaves, which is crucial for timely disease intervention in agricultural 

practices. The high precision, recall, and F1-score percentages further underline the model's 

ability to minimize false positives and negatives, indicating a balanced trade-off between 

correctly identifying diseased leaves and avoiding misclassification of healthy ones. This 

balance is vital in real-world applications, where both accurate disease detection and 

minimizing unnecessary interventions are essential for efficient agricultural management. The 

relatively low percentages in the confusion matrix, particularly in misclassifying healthy leaves 

as diseased, highlight areas for potential enhancement, emphasizing the need for continued 

refinement and optimization of the model to improve its sensitivity without compromising its 

specificity. 

Additionally, the model's performance underscores the transformative potential of deep 

learning in agriculture. By harnessing the power of artificial intelligence, farmers and 
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agricultural experts can leverage advanced technologies to make precise, data-driven decisions. 

Such decision-making is essential in the context of disease management, where early detection 

and accurate classification of diseases can prevent widespread crop damage, leading to more 

sustainable and productive farming practices. Moreover, these results align with previous 

research, showcasing the effectiveness of deep learning models in plant disease recognition, 

thereby emphasizing the credibility and validity of the study's outcomes. This alignment with 

existing research not only reaffirms the findings but also contributes to the growing body of 

evidence supporting the integration of artificial intelligence in modern agriculture, marking a 

significant step towards revolutionizing farming techniques and ensuring global food security. 

The developed deep learning model's remarkable performance in detecting common 

bean fungal leaf diseases, as evidenced by the presented results, holds immense promise for 

the agricultural sector. While the model has demonstrated a high level of accuracy and 

reliability, continual efforts to refine its sensitivity are necessary. These findings not only 

contribute valuable insights to the field of agricultural technology but also emphasize the 

critical role of artificial intelligence in advancing precision farming, enabling farmers to make 

informed decisions, optimize resource utilization, and ultimately, enhance crop yields and 

agricultural sustainability (Liu et al., 2019; Smith et al., 2020).  

Figure 15 presents a detailed breakdown of disease detection by type, showcasing the 

number of instances detected for each category as well as the respective percentages. 



70 

 

Figure 15: Disease Detection Breakdown by Type 

The results reveal that rust infection, a prevalent disease in common bean plants, was 

detected in 48.98% of the cases, making it the most frequently identified disease type. Powdery 

mildew and leaf spot, although less common, were still detected in 3.06% and 4.08% of 

instances, respectively. Remarkably, 51.02% of the leaves were classified as healthy, 

demonstrating the model's proficiency in discerning between diseased and healthy samples. 

The breakdown of disease detection by type provides valuable insights into the model's 

ability to differentiate between various diseases affecting common bean leaves. The high 

percentage of correctly identified healthy leaves (51.02%) highlights the model's specificity, 

ensuring that non-diseased samples are seldom misclassified as diseased. This specificity is 

essential in practical agricultural applications, as it prevents unnecessary treatments on healthy 

plants, optimizing resource utilization. The significant detection of rust infection (48.98%) 

signifies the model's effectiveness in identifying this prevalent disease, crucial for timely 
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interventions that can prevent its rapid spread and minimize crop losses. The model's ability to 

detect fewer common diseases like powdery mildew and leaf spot (3.06% and 4.08%, 

respectively) demonstrates its sensitivity, which is essential for comprehensive disease 

management. This balance between specificity and sensitivity showcases the model's well-

rounded performance, positioning it as a valuable tool for farmers in identifying and managing 

various common bean leaf diseases. 

Furthermore, these results have profound implications for agriculture, especially in the 

context of sustainable farming practices. By accurately identifying specific diseases, farmers 

can implement targeted treatments, reducing the need for broad-spectrum pesticides and 

minimizing environmental impact. The model's capability to detect multiple diseases also aids 

in disease surveillance and monitoring, allowing farmers to track disease prevalence and take 

proactive measures to prevent outbreaks. Additionally, the integration of such advanced 

technologies aligns with the broader trend of digital agriculture, facilitating data-driven 

decision-making that is essential for ensuring food security in the face of changing climate 

patterns and growing global food demands. These outcomes affirm the potential of deep 

learning models to revolutionize disease management strategies, paving the way for a more 

sustainable and efficient agricultural future. 

4.5 Testing and Validation of the Developed Deep Learning Model 

To rigorously validate the developed deep convolutional neural network (CNN) model for 

common beans fungal leaf diseases detection, a comprehensive testing protocol was 

implemented. A diverse dataset, comprising 1500 common bean leaf images with varying 

disease types (rust infection, powdery mildew, and leaf spot) and different disease severities, 

was used for testing. The dataset was split into three subsets: 60% for training, 20% for 

validation, and 20% for testing.  
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During the testing phase, the model's performance was evaluated using various metrics, 

including accuracy, precision, recall, and F1-score. The confusion matrix was generated to 

provide detailed insights into the model's classification results. Moreover, receiver operating 

characteristic (ROC) curves and area under the curve (AUC) values were calculated to assess 

the model's ability to discriminate between diseased and healthy leaves. 

The validation process involved an examination of the model's outputs against ground 

truth labels and expert assessments. Figure 16 presents the detailed results of the model's 

validation performance. 

 

Figure 16: ROC Curve Analysis for Disease DetectionModel Validation Performance Metrics 

An accuracy of 94.5% means that the model accurately identified the disease status of 

nearly 95% of the tested leaves. While accuracy is an essential metric, it can be misleading if 

the dataset is imbalanced. Therefore, it's crucial to consider other metrics like precision, recall, 

and F1-score for a more comprehensive evaluation. A precision of 95.2% indicates that 95.2% 

of the leaves predicted as diseased by the model were indeed diseased. High precision is vital 
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in agricultural applications as it ensures that farmers don't waste resources treating healthy 

plants, maximizing the efficiency of disease management strategies. 

Recall of 93.8% suggests that the model captured 93.8% of all diseased leaves present 

in the test dataset. High recall is critical to ensuring that no diseased plant goes unnoticed, 

enabling timely interventions and preventing disease spread. An F1-score of 94.5% indicates a 

harmonious blend of precision and recall, showcasing the model's ability to strike a balance 

between minimizing false positives and false negatives. A high F1-score signifies a reliable 

and well-rounded model, crucial for accurate disease detection without unnecessary alarm. An 

AUC value of 0.976 suggests that the model's predictions are well-discriminated, with a high 

probability that a randomly chosen diseased leaf was ranked higher than a randomly chosen 

healthy leaf. A high AUC value underlines the model's efficacy in distinguishing subtle visual 

cues indicative of diseases, even in visually complex plant images. 

The validation results affirm the model's robustness and accuracy in common beans 

fungal leaf diseases detection. These statistics not only demonstrate the model's reliability but 

also underscore its potential for deployment in real-world agricultural settings. The high 

precision and recall values indicate minimal misclassifications, a vital factor in disease 

management strategies. The model's discrimination ability, as indicated by the AUC value, 

showcases its potential for distinguishing subtle disease-related features. 

These findings have significant implications for precision agriculture. With such a 

highly accurate and reliable model, farmers can promptly identify diseased plants, enabling 

targeted interventions and reducing the need for widespread pesticide application. Moreover, 

the model's performance statistics serve as a benchmark for future advancements in plant 

disease detection algorithms, encouraging further research and innovation in this vital area of 

agricultural technology. This validation process not only validates the effectiveness of the 
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developed model but also provides a foundation for future studies, setting the stage for the 

integration of advanced machine learning techniques in agriculture, thus contributing to 

sustainable farming practices and global food security. 

 

Figure 17: Confusion Matrix for Disease Types (Test Set) 

The confusion matrix (Figure 17) sheds light on the deep learning model's intricate 

performance distinctions in classifying common bean leaf diseases. On Rust Infection, the 

model showcased its prowess with a high true positive rate, correctly identifying 485 instances. 

This accuracy is crucial, especially in agriculture, where timely detection can prevent 

widespread crop damage (Smith et al., 2020). However, there were 15 false positives, 

signifying instances where the model mistakenly flagged a healthy leaf as Rust Infection. 

Moreover, 15 false negatives highlighted cases where Rust Infection was present but went 

undetected. Addressing these misclassifications is pivotal for precision agriculture, ensuring 

interventions are accurate and resource-efficient (Smith et al., 2020). 
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Contrastingly, the model faced challenges with Powdery Mildew, evident from 21 false 

positives and 21 false negatives. These discrepancies underscore the complexity of disease 

features, emphasizing the need for a nuanced approach in feature selection and model training 

(Mohanty et al., 2016). In the case of Leaf Spot, the model displayed moderate performance, 

with 12 false positives and 12 false negatives. Fine-tuning the model to capture subtle Leaf 

Spot characteristics is vital for elevating its sensitivity, a crucial aspect of disease detection 

(Barbedo, 2016). 

This understanding, derived from the confusion matrix, highlights the model's strengths 

and areas demanding refinement. By addressing these intricacies, the model can evolve into a 

more reliable tool for farmers, aiding in precise disease management and contributing to 

sustainable agricultural practices (Kaur & Bhatia, 2018). The findings underscore the 

continuous need for research, pushing the boundaries of AI in agriculture and aligning with the 

global endeavor for food security and efficient farming practices (FAO, 2018). 

 

Figure 18: Precision, Recall, and F1-Score by Disease Type 
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Figure 18, illustrating precision, recall, and F1-Score by disease type, offers a 

comprehensive view of the deep learning model's performance metrics, with notable 

implications for disease identification in common bean plants—specifically Rust Infection, 

Powdery Mildew, and Leaf Spot. Drawing comparisons with past studies provides valuable 

context and insights into the strengths and potential areas for improvement in the current 

approach. In comparison to the findings of Singh et al. (2023), who’s fine-tuned CNN model 

achieved outstanding results in the classification of bean leaf diseases, our precision metrics 

align with their emphasis on accurate positive predictions. The exceptional precision of 96.71% 

for Rust Infection in our study is consistent with the high accuracy reported by Singh et al. This 

precision level indicates a low rate of false positives, a critical aspect in agricultural contexts 

where precise disease identification is essential to avoid unnecessary treatments on healthy 

plants. 

Considering recall, or sensitivity, our model's remarkable recall rate of 97.00% for Rust 

Infection echoes the emphasis on effective disease detection highlighted by Elfatimi et al. 

(2022). Elfatimi et al. utilized MobileNet models for beans leaf disease classification, and our 

study aligns with their focus on achieving high recall to ensure the identification of all actual 

diseased instances. This aspect is crucial for disease surveillance, enabling timely interventions 

and preventing the spread of diseases, consistent with the goals outlined by Elfatimi et al. 

The F1-Score, which harmoniously balances precision and recall, provides a nuanced 

assessment of the model's overall performance. A notable F1-Score of 96.85% for Rust 

Infection indicates a robust balance between minimizing false positives and false negatives, in 

line with the findings of Tiwari et al. (2021). Tiwari et al. employed dense convolutional neural 

networks for plant disease detection, and the F1-Score achieved in our study aligns with their 

emphasis on achieving a balanced performance. 
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However, challenges persist in the detection of diseases like Powdery Mildew and Leaf 

Spot, aligning with the complexities acknowledged by Kursun et al. (2023). Kursun et al. 

utilized U-Net for the segmentation of dry bean leaf disease images, and our study resonates 

with their acknowledgment of challenges in disease detection. This indicates areas that require 

further refinement in feature selection and model training techniques, as highlighted by 

Barbedo (2019) and Kaur & Bhatia (2018). 

Therefore, while the precision, recall, and F1-Score metrics for Rust Infection showcase 

the model's effectiveness, the challenges in detecting diseases like Powdery Mildew and Leaf 

Spot underscore the need for ongoing refinement and improvement, aligning with the insights 

provided by past studies (Singh et al., 2023; Elfatimi et al., 2022; Tiwari et al., 2021; Kursun 

et al., 2023; Barbedo, 2019; Kaur & Bhatia, 2018). 

4.6 ROC Curve Analysis for Disease Detection 

Figure 19, illustrating the Receiver Operating Characteristic (ROC) curves for disease 

detection, offers a comprehensive insight into the deep learning model's discriminatory ability 

across different diseases. The ROC curves provide a visual representation of the trade-off 

between true positive rate (sensitivity) and false positive rate, offering a nuanced perspective 

on the model's performance (Ferentinos, 2018). A glance at the figure showcases distinct curves 

for each disease type, revealing the varying levels of complexity in the discrimination task.  
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Figure 19: ROC Curve Analysis for Disease Detection 

The ROC curve in our study provides a visual representation of the deep learning 

model's discriminative performance in common bean fungal leaf disease detection, focusing 

on Rust, Powdery Mildew, and Leaf Spot. The ascending trajectory of the curve signifies the 

model's increasing sensitivity (true positive rate) as specificity (1-false positive rate) is 

adjusted. The optimal operating point, marked by the threshold maximizing both sensitivity 

and specificity, influences the model's efficacy in practical scenarios. 
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4.6.1 Ascending Trajectory and Optimal Operating Point 

As the ROC curve ascends, sensitivity improves without a drastic increase in false positives. 

The optimal operating point, where sensitivity and specificity harmonize, reflects a strategic 

trade-off. In our model, this point demonstrates the capacity to accurately identify true positives 

while effectively minimizing false positives. The numbers associated with this point offer 

critical insights into the model's performance. 

4.6.2 Area under the Curve (AUC) as a Comprehensive Metric 

The AUC, a statistical metric accompanying the curve, quantifies the model's discriminatory 

power. Our model achieved an AUC of 0.92, signaling a robust ability to distinguish between 

diseased and healthy instances. This high AUC underscores the model's reliability across the 

spectrum of common bean diseases. Comparing this AUC to a theoretical random classifier 

(AUC = 0.5) and an ideal classifier (AUC = 1) offers a benchmark for the model's 

discriminative performance. For Rust Infection, the ROC curve gracefully hugs the upper left 

corner, indicating an exceptional AUC value of 0.92 (Smith et al., 2020). This high AUC 

suggests that the model can reliably distinguish Rust Infection from healthy leaves, an essential 

attribute for precise disease identification. This discriminative power translates into accurate 

disease surveillance, enabling farmers to swiftly identify and manage Rust Infection, a 

significant threat to bean crops. 

4.6.3 Trend Analysis and Numbers 

The smooth curvature of the ROC curve and the accompanying AUC of 0.92 indicate a stable 

discriminatory performance across varying thresholds. For instance, at an operating point 

where specificity is around 0.8, the model achieves a sensitivity of approximately 0.92. This 

nuanced analysis of specific operating points facilitates a more tailored understanding of the 
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model's behavior based on priorities – whether to prioritize sensitivity or specificity in disease 

detection. 

4.6.4 Implications for Practical Application 

In practical terms, the ROC curve and its associated statistics highlight the model's reliability. 

The trend observed in the curve, coupled with a high AUC, indicates consistent performance 

in correctly identifying diseased common bean leaves while minimizing false positives. With 

a sensitivity of 0.92, the model captures the majority of true positives. As with any modeling 

approach, ongoing validation and refinement are imperative to adapt the model to different 

agricultural settings and varying disease prevalences, ensuring its sustained effectiveness in 

disease detection and management strategies. 

4.6.5 Discussions of results 

The ROC curve analysis provides a detailed evaluation of the deep learning model's 

performance in distinguishing between common bean fungal leaf diseases, specifically Rust, 

Powdery Mildew, and Leaf Spot. The study demonstrates that the model exhibits superior 

discriminatory power, particularly in identifying Rust Infection, while also addressing 

challenges in distinguishing Powdery Mildew and Leaf Spot. 

Comparative analysis with previous studies highlights the advancements achieved. For 

instance, Singh et al. (2023) employed transfer learning with MobileNetV2, EfficientNetB6, 

and NasNet for bean leaf disease classification. Their approach exhibited a steady performance; 

however, the ROC curve of the current study’s model reflects a marked improvement, 

showcasing an upward trajectory that indicates enhanced sensitivity with fewer false positives. 

This suggests that the model in the current study not only improves the detection of Rust but 

also achieves a better balance between true positive identification and false positive reduction 

compared to Singh et al.’s findings. 
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The Area Under the Curve (AUC) of 0.92 attained by the model represents a significant 

enhancement over the results reported by Elfatimi et al. (2022), who used MobileNet models 

and achieved high accuracy. The AUC of 0.92 highlights the model's robust discriminative 

capability, surpassing the theoretical random classifier (AUC = 0.5) and demonstrating a higher 

level of precision in distinguishing diseased from healthy instances. This indicates that the 

model in the current study is more effective in classification tasks compared to existing models. 

The stability in discriminatory performance across varying thresholds observed in the 

ROC curve analysis aligns with the findings of Tiwari et al. (2021), who employed dense 

convolutional neural networks for multiclass plant disease detection. However, the model in 

the current study exhibits superior stability and reliability, indicating its potential for more 

accurate disease detection across different operational points. 

The practical implications of the study resonate with the emphasis on real-time 

application and adaptive prevention measures highlighted by Singh et al. (2023). The model’s 

high AUC and improved discriminatory power underscore its potential for effective real-time 

disease detection and management. This advancement addresses the problem statement’s 

challenge by providing a model with enhanced accuracy and reliability compared to existing 

methods. 

Thus, the ROC curve analysis and high AUC of the model in the current study illustrate 

its improved performance over previous models, particularly in the accurate detection of Rust 

Infection and the nuanced differentiation of Powdery Mildew and Leaf Spot. Addressing the 

challenges associated with these diseases remains essential, but the model’s enhanced accuracy 

and reliability offer promising contributions to targeted disease management and global food 

security (Singh et al., 2023; Elfatimi et al., 2022; Tiwari et al., 2021). 
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4.7 Chapter Summary 

The findings of this study have revealed a spectrum of insights through a analysis of data 

employing sophisticated machine learning methodologies. The study’s standout revelation lies 

in the exceptional precision demonstrated by the deep learning model, particularly in 

identifying Rust Infection. With a precision rate of 96.71%, the model exhibited a remarkable 

accuracy in recognizing Rust Infection instances. This precision is vital in agricultural contexts, 

where pinpoint accuracy ensures that interventions, such as fungicide application, are 

administered precisely where needed, thereby maximizing the efficacy of disease management 

strategies and minimizing unnecessary treatments on healthy plants. 

Moreover, the study illuminated the model’s impressive recall rate of 97.00% for Rust 

Infection. This high recall signifies the model's sensitivity in capturing nearly all actual Rust 

Infection cases present in the dataset. Such sensitivity is indispensable for comprehensive 

disease surveillance, enabling farmers to detect and intervene promptly, thereby curbing the 

spread of the disease within their crops. However, the study did not shy away from 

acknowledging the hurdles faced in the identification of Powdery Mildew and Leaf Spot 

diseases. The model’s precision rate of 42.00% for Powdery Mildew and 76.00% for Leaf Spot 

underscores the complexity of visually distinguishing these diseases. It reveals the nuanced 

characteristics these diseases exhibit, demanding a more refined approach in feature selection 

and model training for accurate identification. 

Additionally, the study explored the model’s discriminatory prowess through Receiver 

Operating Characteristic (ROC) curve analysis. The stellar Area under the Curve (AUC) value 

of 0.92 for Rust Infection validated the model’s adeptness in distinguishing Rust Infection from 

healthy leaves. This high AUC value reaffirms the model's reliability, providing a strong 

foundation for precise disease management strategies. However, the nuanced challenges posed 
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by Powdery Mildew and Leaf Spot were evident with AUC values of 0.72 and 0.85 

respectively, signifying the intricacies involved in visually separating these diseases from 

healthy foliage. 

The study’s findings display the promising potential of deep learning techniques in 

revolutionizing common bean fungal leaf disease detection, particularly in the realm of Rust 

Infection. Yet, they also underscore the ongoing need for research and development. As the 

agricultural landscape evolves, continuous advancements in machine learning technologies are 

imperative. These findings not only contribute substantially to scientific understanding but also 

spotlight the need for ongoing efforts to enhance the model’s accuracy and adaptability. In 

doing so, this study paves the way for sustainable agricultural practices, ensuring crop health, 

and bolstering global food security. 
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CHAPTER FIVE 

CONCLUSIONS, CONTRIBUTIONS AND RECOMMENDATIONS 

5.1 Introduction 

These chapter presents findings within the context of the research objectives. Moreover, it 

draws conclusion and outlines practical recommendations based on the research outcomes, 

suggesting ways in which these findings can inform real-world practices and policies. 

Additionally, this chapter encourages further scholarly exploration by presenting suggestions 

for future studies, thus contributing to the ongoing evolution of knowledge in the subject area.  

5.2 Conclusion 

The evaluation of the deep learning model for common bean fungal leaf disease detection 

highlights its exceptional performance in accurately identifying and differentiating between 

diseases such as Rust Infection, Powdery Mildew, and Leaf Spot. The model demonstrates 

strong reliability in classifying both diseased and healthy leaves, making it a valuable tool for 

disease management in agriculture. While the model performs well overall, challenges remain 

in detecting certain diseases, emphasizing the need for further refinement. These findings set a 

promising groundwork for advancing plant disease detection technologies, supporting more 

precise agricultural practices, and contributing to sustainable farming efforts. 

From objective one results, it can be concluded that, a strong positive correlation exists 

between the presence of common bean fungal leaf diseases and the visual attributes of leaf 

discoloration, presence of spots, textural alterations, and irregular leaf shape with leaf 

discoloration and presence of spots being the most reliable visual indicators for identifying 

diseased leaves while textural alterations and irregular leaf shape being less strongly associated. 
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From objective two results, it can be concluded that, model training and optimization 

is key in determining the model's ability to accurately differentiate between healthy and 

infected common bean leaves. Transfer learning techniques aids in expediting the training 

process and enhancing efficiency. The different layers being fine-tuned significantly reduced 

training time while enhancing the model's ability to discern subtle disease-related features. 

Subjecting the model to external dataset further cemented its robustness and ability to adapt to 

images that were not seen before by the model.  

From objective three results, it can be concluded that, the study successfully 

demonstrates the potential of deep learning models in detecting fungal leaf diseases in common 

beans. The high accuracy, precision, recall, and F1-scores highlight the model’s effectiveness 

and reliability. These results not only validate the model’s performance but also contribute 

valuable insights into how artificial intelligence can revolutionize agricultural disease 

management. Additionally, the results for ROC curve, Area Under the Curve illustrate its 

improved performance over previous models, particularly in the accurate detection of Rust 

Infection and the nuanced differentiation of Powdery Mildew and Leaf Spot. This could lead 

to more sustainable farming practices and better crop yields, confirming the transformative 

impact of AI in agriculture. 

5.3 Contributions of the study 

The study findings contribute to the understanding of how visual attributes correlate with 

common bean leaf disease presence, reinforcing the importance of certain indicators, like leaf 

discoloration and leaf spots, in common leaf bean disease detection models. The use of transfer 

learning and fine-tuning techniques showcases innovative methodologies that can enhance the 

efficiency and accuracy of deep learning models in agricultural contexts. Findings emphasize 
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the ongoing need for research endeavors aimed at refining feature selection and model training 

techniques to enhance accuracy in detecting more types of fungal leaf diseases. 

The study also contributes to Contextualization of Findings by comparing and aligning 

the study's findings with existing literature. The comparative analysis with previous studies 

(e.g., Singh et al. and Elfatimi et al.) illustrates not only improvements in performance metrics 

but also sets a benchmark for future research, encouraging further exploration in model 

optimization. 

The identified challenges in detecting certain common bean fungal diseases suggest 

areas for further research, such as improving model accuracy for specific fungal infections, 

further exploring additional visual indicators or exploring other architectures or combining 

more than one architecture so as to achieve better results. 

5.4 Recommendations for stakeholders 

The study makes a substantial contribution to plant disease detection by developing a deep 

learning model that demonstrates high accuracy in identifying common bean fungal leaf 

diseases, such as Rust Infection, Powdery Mildew, and Leaf Spot. Empirically, the research 

highlights the model’s strong performance in distinguishing Rust Infection, showcasing its 

potential to enhance disease management strategies. However, the study also identifies 

challenges in accurately detecting Powdery Mildew and Leaf Spot, underscoring the need for 

further refinement in feature extraction and model training techniques. These findings provide 

a valuable basis for ongoing research aimed at improving the model’s precision for these more 

complex diseases. 

On a practical level, the study underscores the transformative role of machine learning 

in modern agriculture. By offering a reliable tool for precise disease detection, the research 
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enables farmers to manage crop health more effectively, reducing the need for unnecessary 

treatments and contributing to more sustainable farming practices. This work not only 

addresses immediate challenges in disease detection but also paves the way for future 

advancements in artificial intelligence and precision agriculture, aiming to bolster global food 

security and promote efficient, environmentally friendly agricultural practices. 

5.5 Recommendation for further studies. 

For objective 1 which sought to explore and identify attributes that can be used to detect the 

existence of common bean fungal leaf diseases, it can be recommended that further quantitative 

metrics and refinement can be explored. Quantitative metrics to precisely measure extent of 

discoloration, spot density, texture alterations, and shape irregularities could help in creating 

standardized protocols for disease assessment. Additionally, the relative importance of each 

attribute in predicting disease presence and severity could refine disease detection models by 

prioritizing the most informative attributes. 

For objective 2 which aimed at developing a deep learning model using convolutional 

neural network for common beans fungal leaf diseases detection, the following is 

recommended: Explore alternative architectures to the ResNet-50 to weigh on the different 

strengths in feature extraction and generalization. Additionally, researchers could investigate 

combining multiple models to improve accuracy and robustness. Techniques like model 

averaging or stacking can leverage the strengths of different models to enhance overall 

performance.  

For objective 3 which sought to test and validate the developed deep convolution neural 

networks learning model for common beans fungal leaf diseases detection, the following is 

recommended: Academics and researchers are encouraged to build upon these findings, 

exploring deeper into the intricacies of disease detection algorithms, refining existing models, 
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and developing novel methodologies. Comparative studies across different crops and 

geographical regions are recommended to enrich the understanding of the generalizability of 

machine learning models in diverse agricultural contexts.  
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APPENDICES 

Appendix A: Gantt Chart 
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Appendix B: Resource and Budget 

 

Some of the key activities for the study were data collection, model designing, model 

evaluation and model deployment. The estimated budget of the study is as shown in the table 

5 below  

Table 7: Resources and budget 

ITEMS DESCRIPTION AMOUNT(KSHs) 

Transport  Total transport 12,000.00 

Research 

Software 

Research Software 9,000.00 

Internet 

Services 

Data Bundles 3500.00 

Data Analysis Data Preparation 15,000.00 

Data collection Data Mining 4,400.00 

Model 

development  

Programming the model 

and deployment  

10,000 

Telephone Communication Charges 4000.00 

Stationary 1 ream of foolscaps 

1 ream of printing paper 

200.00 

600.00 

Other services Photocopying  

Binding 

Typesetting 

5,000.00 

600.00 

5,000.00 

Miscellaneous  - 6,000.00 

TOTAL   75,300.00 

 


