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Bananas, a staple fruit globally, are essential for sustenance, employment, and 

income. However, diseases like Sigatoka, Bacterial Wilt, Bunchy Top, and 

Fusarium Wilt pose a threat to their cultivation, affecting both small-scale and 

large-scale production. This survey investigates methods for the early 

identification and classification of these banana leaf diseases using deep learning 

and machine learning techniques. A systematic review of 15 studies revealed that 

the majority of research concentrates on binary classification, which distinguishes 

healthy from diseased leaves. Common preprocessing steps include image 

resizing, color space conversion, and background removal to improve model 

accuracy. We utilize techniques such as ensemble approaches, support vector 

machines (SVM), random forests, K-means clustering, and convolutional neural 

networks (CNNs), with CNNs demonstrating superior performance, achieving 

accuracy rates ranging from 85% to 98.97%. CNNs excel in hierarchical feature 

extraction but require significant computational power. Traditional machine 

learning methods offer simplicity and resistance to overfitting but need careful 

parameter tuning. Advanced deep learning architectures, such as DenseNet and 

Inception V3, achieve high accuracy but with greater computational demands. 

Lightweight models like SqueezeNet balance performance and size, but ensemble 

methods, while improving generalization, add complexity. The choice of method 

depends on dataset characteristics, available computational resources, and desired 

trade-offs between performance and complexity. This study provides an overview 

of current research in banana leaf disease classification, discussing the strengths 

and limitations of various approaches and suggesting directions for future research 

to improve detection accuracy and robustness. 
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INTRODUCTION 

Bananas are the most frequently eaten fruit in the world. They rank as the fourth largest food crop 

in the world, following rice, wheat, and maize(Voora et al., 2020). Bananas, which originated in Southeast 

Asia, are one of the most widely grown and consumed fruit crops in the world. More than 130 countries 

worldwide cultivate them in tropical and subtropical regions(Sau et al., 2023). Bananas play an important 

role in providing both employment and income, as well as serving as a vital source of nutrition. 

Nevertheless, banana plant growth faces significant challenges due to pests and diseases, serving as a major 

constraint on the output of both small-scale farmers and large corporations that aim to supply the global 

market. A range of diseases, primarily caused by fungi, bacteria, and viruses, can impact any part of the 

plant(Seetharaman & Mahendran, 2022). A primary hurdle in banana production is the presence of diseases 

that could significantly disrupt the cultivation of banana plants. These diseases include bacterial wilt, 
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bunchy top virus, leaf spot disease, banana streak virus, and banana mosaic virus, posing a considerable 

threat to the cultivation process(Raja & Selvi Rajendran, 2022). Diseases affecting banana leaves can have 

a significant impact on banana productivity. 

The proper detection and recognition of diseases affecting banana leaves is crucial in applying the 

required fertilizer. In the field, timely identification of pests and diseases is a critical first step in preventing 

and controlling them. Researchers have developed several methods to identify and categorize diseases in 

banana plants, such as using computerized image systems, thermal cameras, and machine learning 

methods(Gomez Selvaraj et al., 2020). These methods use different techniques, such as texture pattern 

analysis, multilevel thresholding, and deep transfer learning, to identify and classify diseases in banana 

plants. The use of these methods can help farmers and researchers detect and classify diseases in banana 

plants accurately, which can assist in the application of the required fertilizer and other control measures. 

Therefore, the proper detection and recognition of diseases affecting banana leaves are essential in ensuring 

the sustainability of banana production. 

The classification of banana leaf diseases is critical in agricultural research because it facilitates 

early identification and control of plant diseases. Recent advancements in deep learning and machine 

learning techniques have significantly improved disease classification methods. This study explores the 

various methods utilized in classifying banana leaf diseases, including Artificial Neural Network (ANN), 

Support Vector Machine (SVM), K-Means Clustering, Random Forest (RF), K-Nearest Neighbors (KNN), 

Ensemble Approach, and Convolutional Neural Network (CNN). These techniques offer diverse 

approaches to analyzing image data and identifying patterns indicative of disease presence. Understanding 

the efficacy and applicability of these methods is critical for developing robust disease management 

strategies and ensuring banana farming techniques' sustainability. 

This review paper aims to provide a comprehensive overview of the various methods and techniques 

used for detecting and categorizing banana leaf diseases, as well as the strengths and weaknesses of each 

algorithm employed. The paper discusses various diseases commonly impacting banana plants, including 

Fusarium wilt, Bunchy Top, Cordana, Sigatoka, Pestalotiopsis, cucumber mosaic virus, and bacterial wilt. 

Additionally, it summarizes different disease detection and classification techniques, such as pattern 

recognition, digital image processing, and machine learning algorithms, highlighting the importance of 

timely detection and precise recognition of banana leaf diseases to prevent significant economic losses. By 

evaluating the pros and cons of each algorithm, this paper intends to offer a deeper perspective and enhance 

the understanding of the effectiveness of various approaches in banana plant disease management. 

 

RESEARCH METHODS 

The systematic literature review (SLR) method gathers insights from various sources to tackle 

specific research inquiries or questions(Mangaroo-Pillay & Coetzee, 2022). An SLR is an independent 

academic method that identifies and evaluates all relevant literature on a topic in order to reach a conclusion 

about the particular question under investigation(Paul et al., 2021). It presents a methodical approach for 

collecting, rigorously assessing, merging, and showcasing discoveries derived from numerous research 

studies investigating a specific research question or topic. The SLR provides a tool to assess both the 

breadth and quality of the existing evidence related to a specific question or subject(Paul et al., 2021) 
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Figure 1. Categories of Banana Leaf Disease 

This study used the SLR methodology to review research papers. One of the search results provides 

a guide on how to conduct systematic literature reviews in management research, which includes six steps, 

as shown in Figure 1. The literature review begins by formulating clear and focused research questions to 

guide the literature search process. Next, we develop the search strategy by designing a comprehensive 

approach to identify relevant literature across various scientific databases. Following this, we apply 

inclusion and exclusion criteria to select studies that meet the predetermined requirements for the review. 

We then evaluate the quality of the selected studies to confirm the reliability and validity of the synthesized 

information. We then integrate the data from the selected studies to address the research questions and 

objectives of the review. Finally, a research results report clearly and coherently presents the review's 

findings, including an overview of the main findings and implications for future research(Rodda et al., 

2024). 

1. Research Question 

The main goal of this SLR is to fully understand the methodology used in previous studies that 

tried to classify diseases on banana leaves. Specifically, this study will focus on the dataset class, pre-

processing techniques, methodologies, and classification results that were found. To ensure a thorough 

understanding of the utilized dataset categories, applied data pre-processing methods, various 

methodological approaches, and the achieved outcomes in disease classification, we formulated the 

questions outlined in Table I to provide guidance and maintain the review's concentration on the 

research objectives. 

Table 1. Research Question 

2. Search Strategy 

In order to comprehensively identify pertinent literature, our research encompassed a thorough 

exploration across a multitude of scientific databases, including ScienceDirect, IEEE, Sciendo, 

Springer, ACM Digital Library, arXiv, and Google Scholar. We conducted the searches exclusively 

in English, using a carefully selected set of keywords. Specifically, we strategically combined terms 

such as “detection” or “classification” with “banana leaf disease,” ensuring the incorporation of 

essential components within the search string, such as “classification of banana leaf disease” or 

“detection of banana leaf disease.” By adopting this rigorous approach, we aimed to meticulously 

gather scholarly works directly addressing the central themes of disease detection and classification 

Research 
Question

Search 
Strategy

Study 
Selection

Quality 
Assessment

Data 
Synthesis

Research 
Results 
Report

ID Research Question Motivation 

RQ1 What types of data sets are 

detectable? 

Determine the categories of datasets used to 

classify diseases affecting banana leaves. 

RQ2 What methods are employed 

during data preprocessing? 

Recognize the data preprocessing methods used 

to classify banana leaf diseases. 

RQ3 What methods are used for 

detecting or classifying 

banana leaf diseases? 

Identify the methods used in banana leaf disease 

classification. 

RQ4 What are the detection or 

classification results of the 

reviewed studies? 

Identify the evaluation and results from every 

method used in banana leaf disease classification. 
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in banana plants. We devised this comprehensive method to capture a diverse array of research 

endeavors, spanning various methodologies and offering multifaceted insights into the nuanced 

complexities of detecting and classifying diseases affecting banana leaves. 

3. Study Selection 

The paper screening process employs two types of standards: inclusion criteria and exclusion 

criteria. Inclusion criteria determine the studies suitable for inclusion in the review, while exclusion 

criteria identify which studies should be omitted.(Amin et al., 2022). 

The criteria for inclusion in this study are outlined below: 

a. The research collected includes data published from 2020 to October 2023. 

b. Papers are composed in either English. 

c. The research topic must pertain to the detection or classification of banana leaf disease. 

The criteria for excluding studies in this research encompass the following: 

a. Studies that do not align with the inclusion criteria. 

b. Research lacking clear articulation of the methodology employed. 

c. Studies unable to address the research objectives.  

4. Quality Assessment 

The meticulous evaluation of the reviewed papers is imperative to uphold the integrity and 

reliability of the research findings. To achieve this, a robust approach entails exclusive consideration 

of high-quality papers throughout the review process. During this research, we applied a stringent 

criterion that limited the selection to papers published in internationally recognized journals, sourced 

from reputable and esteemed outlets in the academic community. The research adheres to stringent 

criteria to enhance the credibility and trustworthiness of the synthesized information, ensuring the 

integration of only contributions from well-regarded sources into the overarching analysis. 

5. Data Synthesis 

During this pivotal phase, the paper selection process involved a comprehensive evaluation of 

each paper's ability to effectively address the overarching research question and align with the 

predetermined inclusion and exclusion criteria. Commencing with the collection of an initial thirty 

journals, the subsequent steps encompassed the application of meticulously crafted research questions, 

specific inclusion criteria, and strategic filters. Through this rigorous vetting process, a refined 

selection of fifteen papers emerged, meeting the stringent requirements set forth. Following this, the 

chosen papers underwent a thorough final review and in-depth analysis to ensure their relevance, 

methodological rigor, and contribution to the overarching research objectives. 

6. Research Results Report 

We meticulously selected papers during this critical phase, based on their contextual relevance 

in effectively addressing the core research question and satisfying the specific inclusion and exclusion 

criteria. We assembled an extensive collection of thirty journals to initiate this process and set the 

stage for a comprehensive inquiry. After using the carefully thought-out research questions, inclusion 

criteria, and exclusion filters in a planned way, a smaller group of fifteen papers was found that 

perfectly met the requirements. We then subjected these selected papers to a thorough and rigorous 

review, meticulously analyzing each to assess their methodological soundness, contribution to the 

research objectives, and alignment with the study's overarching goals. 
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RESULTS AND DISCUSSION 

The initial screening process involved evaluating abstracts and content for 35 studies. Subsequently, 

a meticulous selection process reduced the number of studies to 15. Then, these studies were carefully 

looked over, with a focus on four main areas that make up the core of this research: dataset classifications, 

data preprocessing techniques, topic classification or detection methodologies, and the results that came 

from the detection or classification processes within each topic. This rigorous approach aimed not only to 

ensure the inclusion of pertinent studies, but also to deliver a thorough analysis of the literature landscape 

about the identification and categorization of banana leaf diseases. 

1. Banana Leaf Disease 

In general, banana leaf detection or classification research consists of 2 classes in the dataset, 

namely detecting or classifying healthy leaves and leaves affected by disease. All studies used healthy 

leaf classes, while for leaf disease classes, there were 1 to 6 classes in each study. In this study, there 

were 7 types of banana leaf diseases listed in Figure 2, such as Sigatoka, Bacterial Wilt, Bunchy Top, 

Cordana, Fusarium Wilt, Cucumber Mosaic Virus, and Pestalotiopsis. 

 

Figure 2. Categories of Banana Leaf Disease 

a. Sigatoka 

Sigatoka, a disease that impacts banana plants, results in small, yellow marks on their 

leaves. As this disease advances, these marks expand in size and change color to brown or black. 

The leaves also become distorted or develop holes(Upadhyay et al., 2021). The disease is caused 

by a fungus called Mycosphaerella Eumusae(George et al., 2022). The leaf disease that is often 

used in research is Sigatoka detection with a percentage of 36% which is divided into 3, namely 

black Sigatoka(Ani Brown Mary et al., 2020, 2021; Chaudhari & Patil, 2023; Criollo et al., 2020; 

Jadhav et al., 2023; Sanga et al., 2020; Sheena Basil & Brown Mary, 2022), yellow 

Sigatoka(Chaudhari & Patil, 2023; Jadhav et al., 2023) and mixed Sigatoka(Andreanov Ridhovan 

et al., 2022; Bhuiyan et al., 2023; Chaudhari & Patil, 2020; Mathew et al., 2023; Saranya et al., 

2020). 

 

Sigatoka
36%

Bacterial Wilt
18%

Bunchy Top
13%

Fusarium Wilt
15%

Cordana
8%

Cucumber Mosaic 
Virus
5%

Pestalotiopsis
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b. Bacterial Wilt 

Bacterial wilt, stemming from the bacterium Ralstonia Solanacearum, is a plant disease that 

induces wilting, yellowing, and plant mortality. Additionally, it leads to brown staining in the 

vascular tissue within the plant's stems and roots(Dey & Sen, 2023). In research(Ani Brown Mary 

et al., 2020, 2021; Chaudhari & Patil, 2020, 2023; Criollo et al., 2020; Gomez Selvaraj et al., 

2020; Sheena Basil & Brown Mary, 2022) the bacterial wilt leaf disease class was used. 

c. Bunchy Top 

Bunchy top disease causes reduced growth, leaf yellowing, and the development of a 

"bunchy" appearance in the leaves. The disease can also cause the death of the plant(Liu et al., 

2022). The bunchy top leaf disease class was used in the study(Ani Brown Mary et al., 2020, 

2021; Chaudhari & Patil, 2023; Gomez Selvaraj et al., 2020; Sheena Basil & Brown Mary, 2022). 

d. Cordana 

Cordana leaf spot causes leaf spots on banana plants. The indications of this illness vary 

from the symptoms seen in Sigatoka leaf spot disease(de Souza‐Pollo & de Goes, 2020). The 

Cordana leaf spot class was used in the study(Andreanov Ridhovan et al., 2022; Bhuiyan et al., 

2023; Mathew et al., 2023). 

e. Fusarium Wilt 

Fusarium wilt, resulting from the fungus Fusarium Oxysporum, is a plant ailment that 

induces wilting, yellowing, and plant demise. It also leads to the browning of the vascular tissue 

in the plant's stems and roots(Hay et al., 2022). The fusarium wilt leaf disease class was used in 

the study(Chaudhari & Patil, 2020; Jadhav et al., 2023; Sanga et al., 2020; Saranya et al., 2020; 

Yan et al., 2023; Zhang et al., 2022). 

f. Cucumber Mosaic Virus (CMV) 

CMV can lead to diverse symptoms in affected plants, such as mosaic-like patterns on 

leaves, inhibited growth, and decreased crop productivity. The virus can also cause necrosis and 

death of plant tissue(Abdelkhalek et al., 2022). The cucumber mosaic virus leaf disease class was 

used in the study(Chaudhari & Patil, 2020, 2023). 

g. Pestalotiopsis 

Diseases such as grey blight, leaf blight, canker, dieback, and several postharvest diseases 

are attributed to Pestalotiopsis species. These diseases significantly diminish the commercial 

production of ornamental plants and trees(Jiang et al., 2022). The Pestalotiopsis leaf disease class 

was used in the study(Andreanov Ridhovan et al., 2022; Bhuiyan et al., 2023). 

2. Pre-processing Data 

Pre-processing data involves readying unprocessed data for analysis or machine learning by 

converting it into a more comprehensible and analyzable format for algorithms. Techniques in pre-

processing encompass actions like data cleaning, normalization, transformation, feature selection, and 

engineering(Mallikharjuna Rao et al., 2023). Resizing is one of the most frequently used methods 

when pre-processing data, including all reviewed studies.  

Color conversion is also widely used in the research reviewed, for example, research(Ani Brown 

Mary et al., 2020, 2021) has converted RGB to YCbCr, while conversion of RGB to L*a*b has been 

used in research(Chaudhari & Patil, 2020, 2023), and other research has converted RGB to 



Telematika – Vol. 17, No. 2, August (2024) pp. 128-141      ISSN 2442-4528 (Online)  | ISSN 1979-925X (Print) 

 

134 http://dx.doi.org/10.35671/telematika.v17i2.2809 

grayscale(Saranya et al., 2020). Apart from that, other studies also removed background(Criollo et al., 

2020), removed noise, and enhanced contrast(Chaudhari & Patil, 2023). 

3. Classification Method 

Machine learning and deep learning are the two primary methods typically employed to classify 

diseases affecting banana leaves. Machine learning employs methods such as Ensemble Approach, K-

Means Clustering, Support Vector Machine (SVM), Random Forest, and K-Nearest Neighbors 

(KNN). Meanwhile, deep learning encompasses techniques like ANN and CNN. Table 1 offers a 

summary of the techniques used to classify diseases found on banana leaves. 

a. Convolutional Neural Network (CNN) 

CNN is a widely utilized type of deep neural network for processing images and videos. It 

includes various layers, such as convolutional layers, pooling layers, and fully connected 

layers(Saleem et al., 2022). They are typically trained using backpropagation with stochastic 

gradient descent and data augmentation techniques(Zheng et al., 2020). CNN is used in 

research(Jadhav et al., 2023; Sheena Basil & Brown Mary, 2022; Yan et al., 2023; Zhang et al., 

2022). Other studies also use CNN but with different architectures, such as HEAP 

autoencoder(Ani Brown Mary et al., 2020), Inception V3(Andreanov Ridhovan et al., 2022; Sanga 

et al., 2020), AlexNet (Criollo et al., 2020), DenseNet 121(Andreanov Ridhovan et al., 2022; 

Mathew et al., 2023), and SqueezeNet(Bhuiyan et al., 2023). CNN methods can be combined with 

other methods such as DenseNet 121 and Inception V3 in learning(Andreanov Ridhovan et al., 

2022). 

b. Artificial Neural Network (ANN) 

An artificial neural network (ANN) emulates the architecture and functioning of the human 

brain within the context of machine learning. Comprising interconnected nodes, or neurons, these 

networks manage the processing and transmission of information. Researchers apply the ANN 

technique(Saranya et al., 2020). 

c. K-Means Clustering 

The K-means algorithm operates by initially choosing K centroids randomly, with K 

indicating the specified number of clusters. The algorithm then allocates every data point to the 

nearest centroid, updating the centroids based on the average of these assigned data points. We 

repeat this sequence until the centroids stay unchanged or we reach a set maximum number of 

iterations(Sharma, 2020). K-Means Clustering method is used in research(Chaudhari & Patil, 

2020) 

d. Random Forest (RF) 

For tasks like classification and regression, we employ the Random Forest algorithm. It 

operates as an ensemble learning method by combining multiple decision trees to improve the 

model's accuracy and robustness. In research, the RF method is used(Gomez Selvaraj et al., 2020). 

e. Support Vector Machine (SVM) 

SVM functions by finding a hyperplane that separates the data into different classes. We 

choose this hyperplane to maximize the margin between the classes, which measures the distance 

from the hyperplane to the closest data points of each class. Additionally, SVM can use kernel 

functions to transform the data into a higher-dimensional space, facilitating a clearer separation 
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between the classes(Cervantes et al., 2020). The SVM method is used in research(Gomez Selvaraj 

et al., 2020). 

f. K-Nearest Neighbors (KNN) 

K-Nearest Neighbors works by locating the K closest data points to a new data point and 

assigning it to the class that is most prevalent among those K data points. You can adjust the value 

of K as a hyperparameter to improve the algorithm's performance. KNN can also use metrics other 

than Euclidean distance, such as Manhattan distance or Mahalanobis distance.(Zhou et al., 2021). 

The KNN method is used in research(Ani Brown Mary et al., 2021). 

g. Ensemble Approach 

The ensemble approach is a method in machine learning that merges various models to 

improve the accuracy and robustness of the predictions. Researchers employ the ensemble 

approach method(Chaudhari & Patil, 2023). 

Table 2. Method Classification 

Research Method Classification 

(Andreanov Ridhovan et al., 2022; Ani Brown Mary et 

al., 2020; Bhuiyan et al., 2023; Criollo et al., 2020; 

Jadhav et al., 2023; Mathew et al., 2023; Sanga et al., 

2020; Sheena Basil & Brown Mary, 2022; Yan et al., 

2023; Zhang et al., 2022) 

CNN 

(Saranya et al., 2020) ANN 

(Chaudhari & Patil, 2023) K-Means Clustering 

(Gomez Selvaraj et al., 2020) Random Forest (RF) 

(Gomez Selvaraj et al., 2020) Support Vector Machine (SVM) 

(Ani Brown Mary et al., 2021) KNN 

(Chaudhari & Patil, 2023) Ensemble Approach 

4. Detection and Classification Result 

We conducted a systematic literature review (SLR) on disease classification in banana plants, 

which involved an analysis of 15 research studies. Each study employed various methodologies and 

techniques to classify diseases affecting banana plants, focusing on achieving high accuracy rates. 

Table 3 contains the data examined in the research. 

The first study (Ani Brown Mary et al., 2020) utilized a HEAP autoencoder (HAE) after 

preprocessing techniques involving resizing and conversion to YCbCr color space. With an impressive 

accuracy of 98.97%, this approach demonstrated the potential of autoencoder-based methods in 

disease classification. The benefit of employing autoencoders is their capacity to learn intricate 

patterns and reduce data dimensionality, thereby boosting the model's performance. However, the 

computational resources needed for training autoencoders and interpreting the encoded features might 

pose challenges. 

In contrast, (Chaudhari & Patil, 2020) employed K-Means Clustering with resizing and 

transformation to L*a*b* color space. Despite achieving a moderate accuracy of 85%, this method 

displayed simplicity in implementation but was sensitive to noise. One advantage of K-Means 

Clustering is its simplicity in implementation and computational efficiency, which makes it well-

suited for handling large datasets. However, its performance is significantly influenced by the initial 

choice of centroids and is sensitive to outliers, which can impact classification accuracy. 

(Gomez Selvaraj et al., 2020) opted for SVM and RF methods following resizing preprocessing. 

Their approach yielded a commendable accuracy of 93.43% and showcased resilience against 
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overfitting. Random Forest and SVM are robust machine learning algorithms that can manage high-

dimensional data and nonlinear relationships. These algorithms are less susceptible to overfitting than 

other methods, making them well-suited for classification tasks involving complex datasets. However, 

achieving optimal performance with these methods necessitates careful parameter tuning. 

(Sanga et al., 2020) utilized Inception V3 after resizing, achieving an accuracy of 95.5%. This 

method, known for capturing abstract features, exhibited robust performance in disease classification. 

Inception V3, being a deep learning model, has the advantage of automatically learning hierarchical 

features from images, which can improve classification accuracy. However, training deep neural 

networks like Inception V3 demands substantial amounts of labeled data and computational resources. 

(Criollo et al., 2020) applied AlexNet with background removal and resizing preprocessing, 

achieving an accuracy of 87.5%. While effective in recognizing disease patterns, the interpretability 

of features remained a challenge. AlexNet is a groundbreaking deep-learning architecture for image 

classification tasks. Its strength is in its capacity to detect detailed patterns in images and attain high 

accuracy. However, the deep layers of AlexNet make it difficult to interpret the learned features, 

limiting its transparency. 

(Saranya et al., 2020) employed an Artificial Neural Network (ANN) with various preprocessing 

steps. Although the accuracy was not provided, the study highlighted the network's ability to handle 

complex and nonlinear data. Artificial Neural Networks, especially deep neural networks, can learn 

intricate relationships within data and adapt to various types of input features. However, training 

ANNs requires extensive computational resources and suffers from overfitting if not properly 

regularized. 

(Ani Brown Mary et al., 2021) adopted K-Nearest Neighbors (KNN) after resizing and 

transforming to YCbCr color space, achieving an accuracy of 98%. This method offered simplicity in 

implementation but was sensitive to the choice of neighbors. K-Nearest Neighbors is an easy-to-

understand and straightforward algorithm for classification tasks, making it easy to implement and 

understand. It does not require training, making it well-suited for small datasets. However, the 

selection of the number of neighbors (K) significantly affects the algorithm's performance, and it does 

not perform well in high-dimensional spaces or with imbalanced data. 

(Andreanov Ridhovan et al., 2022) utilized DenseNet 121 and Inception V3 models after 

resizing, achieving an accuracy of 84.73%. While capable of processing images of varying sizes, 

significant computational resources were required. DenseNet and Inception V3 are deep learning 

architectures known for their ability to capture intricate features from images. DenseNet's densely 

connected layers enhance feature reuse and gradient flow, whereas Inception V3's inception modules 

support efficient learning of features at multiple scales. However, training these models can be 

resource-intensive, necessitating powerful hardware and extended training periods. 

(Sheena Basil & Brown Mary, 2022) employed a Convolutional Neural Network (CNN) after 

resizing, achieving an impressive accuracy of 98.8%. CNNs excel in capturing hierarchical features, 

which contributes to their exceptional performance. Convolutional Neural Networks are cutting-edge 

models for image classification tasks because they can automatically extract pertinent features from 

images using convolutional and pooling layers. They exhibit translation invariance and can handle 

spatial hierarchies present in images. However, training CNNs typically requires large datasets and 

computational resources, and model interpretability is limited. 
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(Zhang et al., 2022) also utilized CNN after resizing, achieving an accuracy of 95%. The study 

highlighted CNN's effectiveness in disease classification tasks. CNNs provide flexibility in managing 

different types of image data and can adjust to various image sizes and resolutions. Their hierarchical 

architecture allows them to learn complex patterns at multiple levels of abstraction. However, CNNs 

suffer from overfitting if not properly regularized, and training deep models can be computationally 

expensive. 

(Bhuiyan et al., 2023) employed SqueezeNet after resizing, achieving an accuracy of 96.25%. 

Despite its lightweight architecture, a compromise between model size and performance was 

observed. SqueezeNet is designed to be computationally efficient while maintaining competitive 

performance in image classification tasks. Its compact design makes it well-suited for deployment on 

devices with limited resources. However, reducing model size results in a loss of representational 

capacity, potentially affecting classification accuracy. 

(Chaudhari & Patil, 2023) implemented an ensemble approach after several preprocessing steps, 

achieving an accuracy of 96%. This method effectively reduced variance and improved generalization. 

Ensemble methods aggregate predictions from multiple models to generate a final prediction, 

frequently resulting in improved performance compared to individual models. They are resistant to 

overfitting and can identify a range of patterns within the data. However, constructing an effective 

ensemble requires careful selection of diverse base models and aggregation techniques. 

(Mathew et al., 2023) utilized DenseNet 121 after resizing, achieving an accuracy of 91.7%. The 

study emphasized the model's capability to handle complex datasets with diverse scales. DenseNet's 

densely connected layers enhance feature reuse and improve gradient flow, enabling efficient learning 

of intricate patterns. However, DenseNet's performance degrades on datasets with high levels of noise 

or class imbalance, and training deep models requires significant computational resources. 

(Yan et al., 2023) utilized CNN after resizing, achieving an accuracy of 98%. The study 

highlighted CNN's effectiveness in capturing hierarchical features from images. CNNs provide 

versatility in processing diverse types of image data and can accommodate different image sizes and 

resolutions. Their hierarchical architecture allows them to learn complex patterns at multiple levels of 

abstraction. However, CNNs suffer from overfitting if not properly regularized, and training deep 

models can be computationally expensive. 

Finally, (Jadhav et al., 2023) employed CNN after resizing, achieving an accuracy of 88.32%. 

While CNN demonstrated superior performance, it necessitated large training datasets and intricate 

parameter tuning. 

Table 3 presents a concise summary of influential research in the field of plant disease detection, 

including dataset categories, preprocessing techniques, and outcomes. This summary elucidates the 

methodologies and precision of different approaches, providing valuable perspectives on present 

trends and efficacy in the field. 
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Table 3. Overview of Reviewed Studies 

No. 
Research 

(Author, Year) 
Dataset Class Preprocessing Methods Result 

1 (Ani Brown 

Mary et al., 

2020) 

Bunchy Top, Black 

Sigatoka, Bacterial 

Wilt, Healthy 

Resizing, Convert 

RGB to YCbCr 

HEAP 

autoencoder 

(HAE) 

Accuracy 

(98.97%) 

2 (Chaudhari & 

Patil, 2020) 

Sigatoka, 

Cucumber Mosaic 

Virus, Bacterial 

Wilt, Fusarium Wilt 

Resizing, Convert 

RGB to L*a*b* 

K-Means 

Clustering 

Accuracy 

(85%) 

3 (Gomez 

Selvaraj et al., 

2020) 

banana cluster, 

Bacterial wilt, 

Bunchy Top, and 

Healthy 

Resizing Random Forest 

(RF) and 

support vector 

machine (SVM) 

Accuracy 

(93.43%) 

4 (Sanga et al., 

2020) 

Black Sigatoka, 

Fusarium wilt, 

Healthy leaves 

Resizing Inception V3 Accuracy 

(95.5%) 

5 (Criollo et al., 

2020) 

Black Sigatoka, 

Bacterial Wilt, 

Healthy 

Resizing, 

Background 

removal, and 

resizing 

AlexNet Accuracy 

(87.5%) 

6 (Saranya et al., 

2020) 

Sigatoka, Fusarium 

Wilt, Healthy 

Cropping, 

Resizing, color 

conversion  

ANN  

7 (Ani Brown 

Mary et al., 

2021) 

Bunchy Top, 

Bacterial Wilt, 

Black Sigatoka, 

Healthy 

Resizing, 

Transformed from 

RGB to YCbCr 

KNN Accuracy 

(98%) 

8 (Andreanov 

Ridhovan et 

al., 2022) 

Healthy, Sigatoka, 

Cordana, 

Pestalotiopsis 

Resizing DenseNet 121 

& Inception V3 

Accuracy 

(84.73%) 

9 (Sheena Basil 

& Brown 

Mary, 2022) 

Bunchy Top, 

Bacterial Wilt, 

Black Sigatoka 

Resizing CNN Accuracy 

(98,8%) 

10 (Zhang et al., 

2022) 

Fusarium Wilt Resizing CNN Accuracy 

(95%) 

11 (Bhuiyan et 

al., 2023) 

Healthy, 

Pestalotiopsis, 

Sigatoka, Cordana 

Resizing SqueezeNet Accuracy 

(96.25%) 

12 (Chaudhari & 

Patil, 2023) 

Healthy, Bunchy 

Top, Cucumber 

Mosaic Virus, 

Yellow Sigatoka, 

Black Sigatoka, 

Bacterial Wilt 

Resizing, Eliminate 

Noise, Convert 

RGB to L*a*b* 

color, contrast 

enhancement 

Ensemble 

Approach 

Accuracy 

(96%) 

13 (Mathew et 

al., 2023) 

Sigatoka, Cordana Resizing DenseNet 121 Accuracy 

(91.7%) 

14 (Yan et al., 

2023) 

Healthy, Fusarium 

Wilt 

Resizing CNN Accuracy 

(98%) 

15 (Jadhav et al., 

2023) 

Healthy, Yellow 

Sigatoka, Black 

Sigatoka, Fusarium 

Wilt 

Resizing CNN Accuracy 

(88.32%) 

 

Comparing all the methods utilized in the reviewed studies, it's evident that convolutional neural 

networks (CNNs) consistently yielded high accuracy rates across various disease classification tasks. 

CNNs are highly effective at capturing hierarchical features from images, making them well-suited 

for complex and varied datasets. However, their training requires significant computational resources 

and extensive parameter optimization to prevent overfitting. In contrast, traditional machine learning 
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algorithms like SVM, RF, and KNN offer simplicity in implementation and resilience against 

overfitting. They perform well on smaller datasets, but careful parameter tuning is required for optimal 

performance. 

Deep learning architectures such as DenseNet and Inception V3 achieve competitive accuracy 

rates by capturing intricate features from images, but training these models can be computationally 

intensive. Lightweight models like SqueezeNet strike a good balance between size and performance, 

making them ideal for deployment in resource-constrained environments. Ensemble methods, on the 

other hand, combine the advantages of several models to improve overall generalization and decrease 

variance, but they require more computational power. The appropriate method should consider the 

dataset's specifics, the available computational resources, and the balance between model performance 

and complexity. 

 

CONCLUSIONS AND RECOMMENDATIONS 

These reviewed studies provided comprehensive insights into four key aspects: dataset classes, data 

pre-processing, classification or detection techniques, and the results achieved in banana leaf disease 

classification research. The research primarily consisted of a binary classification of healthy and diseased 

leaves. Studies identified various diseases such as Sigatoka, Bacterial Wilt, Bunchy Top, Cordana, 

Fusarium Wilt, Cucumber Mosaic Virus, and Pestalotiopsis. Pre-processing methods were heavily inclined 

towards resizing images, enhancing their suitability for analysis. Additionally, we commonly employed 

color space conversions such as RGB to YCbCr, RGB to Lab*, and background removal to prepare the 

data. 

Studies utilized a mix of machine learning and deep learning algorithms. CNNs were notably 

prevalent, implementing different architectures (e.g., Inception V3, DenseNet 121, SqueezeNet). 

Additionally, researchers employed machine learning algorithms such as K-Means Clustering, RF, SVM, 

KNN, and ensemble approaches for classification. Studies achieved various accuracy levels, with some 

notably surpassing the 90% accuracy mark. Techniques like HEAP autoencoder, Inception V3, CNNs, and 

ensemble approaches produced highly accurate results in disease classification. 

Further exploration and combination of different classification techniques enhance accuracy and 

robustness in disease detection. The inclusion of more diverse instances of diseases and healthy samples 

could increase the model's ability to generalize. Given CNNs' success, exploring novel deep-learning 

architectures and hybrid models could potentially improve disease classification. Standardized evaluation 

metrics and validation methodologies would aid in comparative analysis and enhance the robustness of 

models. 
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