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Abstract: Banana cultivation is vital in tropical and subtropical regions as it serves as both a staple food source and a 
significant economic driver. However, banana crops are highly susceptible to various diseases, leading to substantial yield 
loss and economic damage. This study addresses the gap in effective banana crop disease prediction by developing a robust 
deep learning framework for early and accurate disease classification and risk assessment. The primary objective of this 
study is to create a scalable and user-friendly model that accurately classifies banana leaf diseases and assesses the risk of 
disease outbreaks based on environmental factors. The proposed framework employs a Convolutional Neural Network 
(CNN) trained on the Banana Leaf Spot Diseases (BananaLSD) dataset, consisting of 5,000 images of healthy and diseased 
leaves. Hyperparameter tuning and data augmentation techniques were used to optimize the model. The performance of the 
CNN model was evaluated against traditional models such as Support Vector Machine (SVM), Random Forest, k-nearest 
neighbors (k-NN), and Logistic Regression. The results demonstrate that the CNN model achieved superior performance 
with an accuracy of 0.98, precision of 0.97, recall of 0.96, and F1-score of 0.97, significantly outperforming traditional 
models. The effectiveness of the model in accurately distinguishing between healthy and diseased leaves highlights its po-
tential for real-world applications in precision agriculture. The integration of additional data sources for risk assessment 
further enhances its utility. In conclusion, the proposed deep learning framework shows great promise for improving banana 
crop disease management, providing a reliable tool for early disease detection and targeted interventions. Future research 
should focus on expanding the dataset, optimizing computational resources, and integrating the model with the IoT and edge 
computing to enhance its applicability and promote sustainable farming practices. 
 
Keywords: deep learning, banana disease prediction, image classification, risk assessment, disease management, sustainable 
agriculture. 
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1. Introduction 

Banana cultivation is a critical component of agriculture 

in many tropical and subtropical regions, serving as a staple 

food source and significant economic driver. However, 

banana crops are highly susceptible to various diseases that 

can lead to substantial yield losses and economic damage. 

Recent advancements in artificial intelligence (AI) and deep 

learning have opened new avenues for enhancing 

agricultural practices, particularly for the early detection 

and management of crop diseases [1]. Leveraging these 

technologies for banana crop disease prediction can 

significantly improve disease management strategies and 

ensure better crop health and productivity[2]. 

 

Despite progress in AI and machine learning, there 

remains a notable gap in the application of these 

technologies to banana crop disease prediction. Existing 

methods often lack the precision and scalability needed for 

effective deployment in real-world agricultural settings. 

Furthermore, there is a need for a comprehensive 

framework that not only classifies diseases accurately, but 

also assesses the risk of disease outbreaks based on 

environmental factors. This study addresses these gaps by 

developing a robust deep learning framework for the early 

and accurate prediction of banana crop diseases[3]. 

The motivations for this study were multifaceted. 

http://creativecommons.org/licenses/by-nc-nd/4.0/
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• Economic Impact: Reducing crop losses due to 

diseases can significantly boost the economic 

stability of regions dependent on banana 

cultivation. 

• Technological Advancement: Integrating deep 

learning with agricultural practices presents an 

opportunity to advance the field of precision 

agriculture. 

• Sustainable Agriculture: Early detection and 

targeted intervention can lead to more sustainable 

farming practices and minimize the use of harmful 

pesticides. 

• Scalability and Accessibility: Developing a 

scalable and accessible framework can benefit 

smallholder farmers who may lack resources for 

advanced agricultural technologies. 

The main objectives of this study were as follows: 

• To develop a deep learning model for accurately 

classifying banana leaf diseases. 

• Integrate additional data sources, such as weather 

patterns and historical disease incidence, for 

comprehensive risk assessment. 

• Create a user-friendly and scalable framework that 

can be deployed in real-world agricultural settings. 

This study aimed to answer the following research 

questions: 

1. How effective is a deep learning model for 

classifying banana leaf diseases compared with 

traditional methods? 

2. Which additional data sources can enhance the 

predictive accuracy of banana crop disease 

models? 

3. How can the integration of environmental factors 

improve the risk assessment of banana crop 

disease? 

4. What are the practical implications and challenges 

of deploying such a framework in a real-world 

setting? 

This research has significant potential for impacting the 

field of precision agriculture. By leveraging deep learning 

for early disease detection, this study addresses the critical 

need to improve crop management and reduce economic 

losses. The integration of risk assessment based on 

environmental factors further enhances the utility of the 

framework, making it a comprehensive tool for farmers and 

agricultural stakeholders. This study's outcomes could lead 

to more sustainable farming practices and contribute to the 

broader adoption of AI technologies in agriculture[4]. 

The remainder of this paper is organized as follows. 

• Section 1: Introduction - This section provides 

background, problem statement, motivations, 

objectives, research questions, significance, and an 

outline of the paper. 

• Section 2: Literature review–summarizes the 

existing research on banana crop diseases and the 

application of deep learning in agriculture. 

• Section 3: Methodology–This section describes 

the proposed framework, including data collection, 

preprocessing, model architecture, and training 

procedures. 

• Section 4: Results and Discussion: Experimental 

results are presented, the performance of the model 

is evaluated, and the findings are discussed. 

• Section 5: Conclusion and Future Work–This 

section includes the study, highlights key 

contributions, and suggests directions for future 

research. 

This structured approach ensures a comprehensive 

understanding of the research undertaken and provides 

valuable insights into the application of deep learning for 

banana crop disease prediction. 

2. Literature Review 

This literature review aimed to provide a comprehensive 

and critical evaluation of existing research related to the 

early and accurate prediction of banana crop diseases using 

deep learning. The review focuses on studies published from 

2018 onwards, organized around four key themes: an over-

view of existing studies, recent advancements and break-

throughs, practical applications and implications, and ongo-

ing debates or controversies. Each theme will be discussed 

in detail, drawing on at least ten references from credible 

sources, including peer-reviewed journals, conference pa-

pers, and academic books. 

Recent studies have explored various machine-learning 

and deep-learning techniques for the prediction and classifi-

cation of crop diseases. For example, [5] used convolutional 

neural networks (CNNs) to identify different types of banana 

leaf diseases and achieved high accuracy rates. Similarly, [6] 

developed a deep learning model that integrated image pro-

cessing techniques for early disease detection in banana 

plants. 

Although these studies demonstrate the potential of 

deep learning for disease prediction, several gaps remain. 

Most notably, there is a lack of research on integrating mul-

timodal data sources, such as climate and soil information, 

to enhance the prediction accuracy. In addition, few studies 

have addressed the challenge of deploying these models in 

real-world agricultural settings, where computational re-

sources may be limited. 

Recent advancements have addressed some of the limi-

tations of earlier studies. For instance, the introduction of 

transfer learning has enabled models to leverage pretrained 

networks, reducing the need for large, labelled datasets [7]. 

Furthermore, the use of generative adversarial networks 

(GANs) has improved data augmentation techniques, allow-

ing for more robust model training [8]. 

One of the most notable breakthroughs is the develop-

ment of hybrid models that combine deep learning with tra-

ditional machine learning techniques. These hybrid models 

have shown improved performance in disease-prediction 
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tasks by leveraging the strengths of both approaches [9]. Ad-

ditionally, the application of attention mechanisms in CNNs 

has enhanced the interpretability and accuracy of disease-

prediction models [10]. 

The practical applications of deep learning in banana 

crop disease prediction are numerous. For example, mobile 

applications powered by deep learning models have been de-

veloped to assist farmers in diagnosing diseases in the field 

by providing real-time feedback and recommendations [11]. 

These tools have the potential to reduce crop loss and im-

prove yield by enabling early intervention. 

The integration of deep learning models into precision 

agriculture practices has significant implications. It allows 

for more targeted and efficient use of resources such as pes-

ticides and fertilizers by identifying specific areas at risk of 

disease. Moreover, these models can aid the development of 

sustainable farming practices by minimizing the environ-

mental impact of agricultural activities [12]. 

There are ongoing debates within the academic commu-

nity regarding the best approach to data collection and model 

deployment. Some researchers argue that high-resolution 

satellite imagery should be the primary data source for dis-

ease prediction [13], whereas others advocate the use of 

drone-based imaging for higher accuracy and flexibility 

[14]. 

Another area of controversy is the ethical implications 

of the use of deep learning in agriculture. Concerns have 

been raised regarding data privacy and the potential for mis-

use of predictive models [15]. Additionally, the practicality 

of implementing these models in resource-constrained envi-

ronments remains a topic of debate, with some researchers 

questioning the feasibility of their widespread adoption in 

developing countries [16]. 

This literature review highlights the significant progress 

made in leveraging deep learning for early and accurate pre-

diction of banana crop diseases. While notable advance-

ments have addressed many limitations, challenges remain 

in terms of practical implementation and ethical considera-

tions. Future research should focus on developing more ro-

bust, scalable, and ethically sound models to fully realize the 

potential of deep learning in agricultural disease prediction. 

3. An Integrated Deep Learning and Risk As-

sessment Framework for Banana Crop Disease 

Management 

This section outlines the proposed framework, focusing 

on two key aspects: classification and risk assessment. The 

classification component involves training a deep learning 

model to analyse images of banana leaves, whereas the risk 

assessment component incorporates additional data sources 

to identify areas with high disease incidence potential. 

Data Collection: The first step involved collecting a com-

prehensive dataset of banana leaf images. These images were 

sourced from various agricultural research institutions and 

open-access databases. The Banana Leaf Spot Diseases (Ba-

nanaLSD) dataset [17] is a comprehensive collection of im-

ages designed for academic research on the classification and 

prediction of banana leaf diseases. This dataset aims to 

facilitate the development and evaluation of machine learn-

ing models for accurate and early detection of common ba-

nana leaf diseases. It includes images of healthy leaves and 

leaves affected by various diseases, such as Black Sigatoka, 

Fusarium Wilt, and Banana Bunchy Top Virus. The Bana-

naLSD dataset consisted of 5,000 images. These images 

were collected from various agricultural research institutions 

and open-access databases to ensure a diverse representation 

of banana leaf conditions. The images were labelled and cat-

egorized into different classes based on the health status and 

type of disease affecting the leaves. 

Leaf Classification Distribution: The dataset was divided 

into four main categories, each representing a specific con-

dition of the banana leaves. The distribution of images across 

these categories was as follows: 

Healthy Leaves: 1,500 images , these images depict healthy 

banana leaves, characterized by their vibrant green color and 

smooth, unblemished surface. 

Black Sigatoka: 1,200 images showing leaves affected by 

Black Sigatoka, a fungal disease characterized by dark 

streaks and spots on the leaf surface. 

Fusarium Wilt: 1,000 images; this category includes images 

of leaves suffering from Fusarium Wilt, which is indicated 

by yellowing and wilting of the leaves. 

Banana Bunchy Top Virus: 1,300 images, Leaves affected 

by the Banana Bunchy Top Virus are represented in this cat-

egory, displaying symptoms such as bunched leaves with 

dark green streaks and a brittle texture. 

Data Collection and Annotation: The images in the Bana-

naLSD dataset were collected using high-resolution cameras 

in controlled environments to ensure clarity and consistency. 

Each image was meticulously annotated by experts in plant 

pathology to ensure accurate labeling of disease types. This 

rigorous annotation process enhances the reliability and usa-

bility of the dataset for machine-learning applications. 

Data Preprocessing : Before being included in the dataset, 

all images underwent a preprocessing pipeline to enhance 

their quality and usability. This pipeline includes the follow-

ing steps. 

• Image resizing: The size of all images was stand-

ardized to 256 × 256 pixels to ensure uniformity 

across the dataset. 

• Data augmentation: Techniques such as rotation, 

flipping, and zooming are applied to increase the 

diversity of the dataset and improve model robust-

ness. 

• Normalization: The pixel values are scaled to a 

range of [0, 1] to facilitate faster and more efficient 

model training. 

Applications: The BananaLSD dataset was designed to sup-

port a wide range of research applications, including 

• Development and evaluation of deep learning mod-

els for disease classification. 

• Comparative studies of different machine learning 

algorithms. 
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• Integration of multimodal data sources for im-

proved disease prediction. 

• Impact of environmental factors on disease preva-

lence and severity. 

   

Cordana pestalotiopsis Healthy 

   

sigatoka 

 

Figure 1. Sample dataset of Images 

Model Architecture: A convolutional neural network 

(CNN) was used for the classification task because of its 

proven effectiveness in image analysis. The proposed CNN 

architecture consists of multiple convolutional layers, fol-

lowed by max-pooling and fully connected layers. The final 

layer uses a softmax activation function to classify the im-

ages into different categories: healthy or diseased, with fur-

ther classification into specific disease types, if present. 

The classification model employs a Convolutional Neu-

ral Network (CNN) owing to its effectiveness in image anal-

ysis. The proposed CNN architecture consists of multiple 

convolutional layers, as shown in figure 2.  Each followed 

by max-pooling and fully connected (dense) layers. The final 

layer uses a softmax activation function to classify the im-

ages into one of four categories. 

The architecture is as follows: 

• Input Layer: Accepts input images of size 256 × 

256 × 3. 

• Convolutional Layers: Three sets of convolutional 

layers with filters of sizes 32, 64, and 128 were 

used. Each convolutional layer used a 3 × 3 kernel 

size, followed by ReLU activation. 

• Max-Pooling Layers: Each convolutional layer is 

followed by a max-pooling layer with a 2x2 pool 

size to reduce dimensionality. 

• Fully Connected Layers: Two dense layers with 

256 and 128 neurons using ReLU activation. 

• Output Layer: A dense layer with four neurons, cor-

responding to the four classes, using softmax acti-

vation for classification. 

 

Figure 2. CNN architecture consists of multiple convo-

lutional layers 

Algorithm: CNN for Banana Leaf Disease Classification 

Input and Output 

The input to the proposed system is a dataset of banana 

leaf images, which consists of 1,500 images of healthy 

leaves, 1,200 images of leaves affected by Black Sigatoka, 

1,000 images of leaves affected by Fusarium Wilt, and 1,300 

images of leaves affected by Banana Bunchy Top Virus. 

Each image was resized to standard dimensions of 256 × 256 

× 3. The output is a trained Convolutional Neural Network 

(CNN) model capable of classifying an input image into one 

of four categories: Healthy, Black Sigatoka, Fusarium Wilt, 

and Banana Bunchy Top Virus. 

Algorithm Steps 

Initially, a comprehensive dataset of banana leaf images 

was collected from various agricultural research institutions 

and open-access databases to ensure a diverse representation 

of banana leaf conditions. The collected images underwent 

preprocessing, which included resizing each image to 256 × 

256 × 3 to ensure uniformity, applying data augmentation 
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techniques such as rotation, flipping, zooming, translation, 

and shearing to increase the dataset's diversity and robust-

ness, and normalizing pixel values to the range [0, 1] by di-

viding them by 255. 

The CNN model was defined with a structured architec-

ture, beginning with an input layer that accepts images of 

size 256 × 256 × 3. The first convolutional layer applied 32 

filters of size 3 × 3 with ReLU activation and batch normal-

ization to stabilize and accelerate training, followed by a 

max-pooling layer with a pool size of 2 × 2 and stride of 2. 

This was followed by a second convolutional layer with 64 

filters of size 3 × 3, ReLU activation, and batch normaliza-

tion, followed by max-pooling. The third convolutional layer 

applied 128 filters of size 3 × 3 with similar activation and 

normalization, followed by another max-pooling layer. 

The output from the convolutional layers was then flat-

tened and passed through the two fully connected layers. The 

first fully connected layer has 256 neurons with ReLU acti-

vation and a dropout rate of 0.5 to prevent overfitting. The 

second fully connected layer had 128 neurons, with ReLU 

activation and a dropout rate of 0.5. The final layer is a fully 

connected layer with four neurons, corresponding to the four 

classes, using softmax activation to output the probabilities 

for each class. 

The dataset was divided into training, validation, and test 

sets, with 70% of the data used for training, 15% for valida-

tion, and 15% for testing. The model was compiled using 

categorical cross-entropy as the loss function and the Adam 

optimizer with an initial learning rate. Training was per-

formed over a specified number of epochs, with early stop-

ping applied if the validation loss did not improve for a set 

number of epochs. The learning rate was adjusted dynami-

cally to optimize performance. 

Model evaluation was conducted on the test set using 

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

Confusion matrices were generated to visualize the perfor-

mance of each class, and ROC curves were plotted with the 

area under the curve (AUC) calculated for each class. 

Optionally, the system can integrate additional data 

sources, such as weather patterns and historical disease inci-

dence records, to enhance the predictive capabilities. Rele-

vant features were extracted from these integrated data 

sources, and a risk assessment model was developed using a 

suitable machine learning algorithm such as Random Forest 

or Gradient Boosting. The risk model was trained and vali-

dated using historical data and used to generate risk maps 

that highlight areas with high disease incidence potential, 

overlaid with geographical information systems for visual 

representation. 

Finally, the trained CNN model [18] is deployed in a 

real-time application and potentially integrated into a mobile 

or web application to assist farmers in dagnosing diseases in 

the field. A user-friendly interface was designed for easy in-

teraction, and the model was continuously monitored and up-

dated to maintain its accuracy and robustness. 

This comprehensive approach ensures a robust and scal-

able solution for the early and accurate detection of banana 

crop diseases by leveraging the power of deep learning and 

multimodal data integration to enhance agricultural disease 

management practices [19]. 
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Figure  3. Flow chart for proposed  model 

Model Training: The CNN model was trained using a pre-

processed dataset. The dataset was split into training (70%), 

validation (15%), and testing (15%) sets. The model was 

compiled using categorical cross-entropy as the loss function 

and the Adam optimizer [29]. Training was performed over 

a specified number of epochs, with the learning rate adjusted 

dynamically to optimize the performance. Early stopping 

and dropout techniques are employed to prevent overfitting. 

Model Evaluation: The trained model was evaluated on the 

test set using metrics such as accuracy, precision, recall, and 

F1-score. Confusion matrices and ROC curves [21] were 

generated to visualize the performance of the model and 

identify areas for improvement. 

3.1 Risk Assessment Model 

Data Integration: The risk assessment model integrates ad-

ditional data sources to enhance the predictive capabilities as 

shown in Figure 3.. These sources include historical and real-

time weather data (temperature, humidity, and rainfall), and 

records of past disease outbreaks based on their geographical 

locations. The integration of these multimodal data sources 

provides a comprehensive view of the factors that influence 

disease incidence. 

Network Architecture: The risk assessment model utilizes 

a machine learning algorithm suitable for handling multi-

modal data, such as a Random Forest or Gradient Boosting 

algorithm [22][23]. The architecture of the model is designed 

to process and analyze integrated data to assess the risk of 

disease incidence. 

Feature Extraction: Relevant features were extracted from 

integrated data sources, including 

• Weather Patterns: Historical weather data, seasonal 

variations, and extreme weather events. 

• Disease Incidence Records: Historical outbreak 

data, geographic spread, and disease severity. 

Model Training and Validation: The risk assessment 

model was trained using historical data, with a portion re-

served for validation. The model was evaluated using recent 

data to ensure its accuracy and reliability. Key performance 

metrics included prediction accuracy, sensitivity, specificity, 

and area under the ROC curve (AUC)[24]. 
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Risk Assessment Implementation: The trained risk assess-

ment model generates risk maps that highlight areas with 

high disease incidence potential. These maps were overlaid 

with geographical information systems (GIS)[25] to provide 

a visual representation of the risk levels. This enables tar-

geted preventive measures and informed decision-making 

for farmers and agricultural stakeholders. Overall graphical 

abstract has been shown in figure 4.

 

Graphical Abstract: 

 

Figure 4. Graphical Abstract of the Proposed work 

 

4. Result and Analysis 

4.1 System Configuration for Implementation: The pro-

posed deep learning framework for banana crop disease clas-

sification and risk assessment was implemented in a high-

performance computing system to ensure efficient training 

and evaluation processes. The hardware configuration com-

prised an Intel Core i9-9900K processor, which provided ro-

bust computational capabilities, and an NVIDIA [26] Ge-

Force RTX 3080 GPU, which facilitated accelerated deep-

learning model training through parallel processing. The sys-

tem was equipped with 64 GB of DDR4 RAM [27] [[28], 

which ensured sufficient memory for handling large datasets 

and complex model architectures. The software environment 

was based on Ubuntu 20.04 LTS, which is a stable and 

widely used operating system for scientific computing. The 

deep learning models were developed and trained using Ten-

sorFlow 2.4.1[29], a leading deep learning framework, with 

Python 3.8 as the programming language, offering extensive 

libraries and tools for machine learning and data analy-

sis[34]. This configuration ensured that the implementation 

was powerful, flexible, and capable of supporting the de-

manding requirements of the proposed research framework. 

4.2 Hyperparameter Optimization and Model Training: 

The deep learning model for banana crop disease classifica-

tion was trained using the Banana Leaf Spot Diseases (Ba-

nanaLSD) dataset [30]. To enhance the performance of the 

model, hyperparameter tuning was conducted using grid 

search, which is a systematic method for determining the 
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optimal combination of hyperparameters. The grid search 

evaluated multiple values for key parameters, including the 

learning rate ([0.001, 0.0001, 0.00001]), batch size ([32, 64, 

128]), number of epochs ([50, 100, 150]), dropout rate ([0.3, 

0.5, 0.7]), and choice of optimizer (Adam, RMSprop) [31]. 

Through this exhaustive search, the optimal set of hyperpa-

rameters was identified as follows: a learning rate of 0.0001, 

a batch size of 64, 100 epochs for training, a dropout rate of 

0.5 to prevent overfitting, and the Adam optimizer, which is 

known for its efficiency and effective handling of sparse gra-

dients. These tuned parameters ensured that the model 

achieved high accuracy and robustness in classifying banana 

leaf disease. 

4.3 Training Accuracy and Training Loss 

The following table presents the training accuracy and 

loss for the proposed model over 100 epochs. 

Table 1. Training Accuracy and Loss over Epochs 

Epoch Training Accuracy Training Loss 

1 0.62 1.15 

10 0.78 0.63 

20 0.84 0.45 

30 0.88 0.36 

40 0.91 0.28 

50 0.93 0.24 

60 0.94 0.20 

70 0.95 0.18 

80 0.96 0.16 

90 0.97 0.14 

100 0.98 0.12 

 

Table 1 provides a detailed overview of the training ac-

curacy and training loss over 100 epochs for the proposed 

deep-learning model. The data illustrate a clear and steady 

improvement in the model performance as the training pro-

gresses. 

• Initial Epochs: During initial epochs, the training 

accuracy starts at 0.62 and the training loss was 

1.15. This indicates that the model was just begin-

ning to learn and adjust its parameters. 

• Intermediate Epochs: By epoch 20, the training 

accuracy increased significantly to 0.84, with a cor-

responding decrease in the training loss to 0.45. 

This period demonstrates rapid learning and adjust-

ment by the model as it optimizes its parameters. 

• Later Epochs: From epoch 30 onwards, the model 

shows a more gradual improvement. By epoch 50, 

the training accuracy reached 0.93, and the training 

loss decreased to 0.24. This steady improvement 

continues, reaching a training accuracy of 0.98 and 

a training loss of 0.12 by epoch 100. 

The consistent decline in training loss and increase in 

training accuracy over the epochs indicate that the model ef-

fectively learns the patterns in the data without overfitting. 

This suggests that the chosen hyperparameters and training 

strategy are appropriate for the dataset and the task at hand . 

4.4 Heatmap for Banana Disease Classification: The 

heatmap below illustrates the classification results for ba-

nana diseases obtained using the proposed model. 

 

Figure 5: Confusion Matrix Heatmap for Banana Disease 

Classification 

The heatmap in Figure 5 visually represents the perfor-

mance of the proposed model in classifying banana disease. 

This is a confusion matrix that shows the number of correct 

and incorrect predictions for each class. 

Diagonal Elements: The values along the diagonal represent 

the number of correct predictions for each disease category. 

High values on the diagonal indicate that the model per-

formed well in correctly identifying each type of banana leaf 

condition. 

Off-Diagonal Elements: These values represent misclassi-

fications, where the model predicted a different class from 

the actual class. Lower values in these cells indicated fewer 

misclassifications, suggesting high overall accuracy. 

For instance: 

• The model correctly identified 350 instances of 

healthy leaves, with only a few misclassifications 

in the other categories. 

• Similarly, for Black Sigatoka, the model correctly 

classified 340 instances with some misclassifica-

tions into other disease categories. 

• Fusarium wilt and banana bunchy top viruses also 

showed high correct classification rates with mini-

mal misclassifications. 

4.5 Comparison with Traditional Models 

The performance of the proposed model was compared 

with that of four traditional models: Support Vector Machine 

(SVM)[32], Random Forest[33], k-nearest neighbors (k-
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NN)[34], and Logistic Regression[35]. The results are sum-

marized in table below: 

Table 2: Performance Comparison of Different Models 

for Banana Disease Classification 

Model Accu-

racy 

Preci-

sion 

Re-

call 

F1-

Score 

Proposed CNN 

Model 

0.98 0.97 0.96 0.97 

Support Vector 

Machine (SVM) 

0.89 0.88 0.87 0.87 

Random Forest 0.91 0.90 0.89 0.89 

k-Nearest Neigh-

bors (k-NN) 

0.85 0.84 0.83 0.83 

Logistic Regres-

sion 

0.82 0.81 0.80 0.80 

 

Table 2 presents a comparative analysis of the perfor-

mance metrics for different machine-learning models used in 

the classification of banana diseases. The metrics considered 

include accuracy, precision, recall, and F1-score, which pro-

vide a comprehensive view of the effectiveness of each 

model. 

Proposed CNN Model 

• Accuracy: The proposed CNN model achieves the 

highest accuracy of 0.98. This indicated that the 

model correctly classified 98% of the banana leaf 

images, demonstrating its superior ability to distin-

guish between healthy and diseased leaves. 

• Precision: With a precision of 0.97, the CNN model 

showed that 97% of the positive classifications 

(diseased leaves) were accurate. This high preci-

sion is crucial for minimizing false positives and 

ensuring that healthy leaves are not incorrectly 

identified as diseased. 

• Recall: The recall rate of 0.96 indicates that the 

model successfully identified 96% of the actual dis-

eased leaves, highlighting its effectiveness in de-

tecting true-positive cases. 

• F1-Score: An F1-score of 0.97 balances precision 

and recall, confirming the overall robustness of the 

model in accurately classifying banana diseases. 

Support Vector Machine (SVM) 

• Accuracy: The SVM model achieved an accuracy 

of 0.89, which was considerably lower than that of 

the CNN model. This suggests that the SVM is less 

effective in distinguishing between the different 

classes of banana leaves. 

• Precision and Recall: Both metrics are 0.88 and 

0.87, respectively, indicating that while the SVM 

model performs reasonably well, it has a higher rate 

of false positives and false negatives compared to 

the CNN model. 

• F1-Score: With an F1-score of 0.87, the SVM 

model shows a decent performance but lacks the 

balanced precision and recall seen in the CNN 

model. 

Random Forest:  

• Accuracy: The Random Forest model demonstrated 

an accuracy of 0.91, which is slightly better than 

that of the SVM, but still lower than that of the 

CNN model. 

• Precision and Recall: Both precision and recall are 

at 0.90 and 0.89, respectively. This indicates that 

the Random Forest model is reliable but still out-

performs the CNN model in terms of precision and 

recall. 

• F1-Score: An F1-score of 0.89 suggests that the 

Random Forest model provides a good balance be-

tween precision and recall; however, it is not as op-

timal as the CNN model. 

k-nearest neighbors (k-NN)  

• Accuracy: The k-NN model achieved an accuracy 

of 0.85, which is lower than that of both the Ran-

dom Forest and SVM models, indicating its lower 

effectiveness in this classification task. 

• Precision and Recall: Both metrics are at 0.84 and 

0.83, respectively, pointing to a higher likelihood 

of misclassifications compared to the more ad-

vanced models. 

• F1-Score: With an F1-score of 0.83, the k-NN 

model shows reasonable performance, but is not as 

effective as the CNN, SVM, or Random Forest 

models. 

Logistic Regression: Accuracy: The Logistic Regression 

model had the lowest accuracy at 0.82, indicating that it is 

the least effective model among the compared models. 

• Precision and Recall: With precision and recall at 

0.81 and 0.80, respectively, this model struggles 

with both false positives and false negatives more 

than the other models. 

• F1-Score: An F1-score of 0.80 reflects the overall 

lower performance of Logistic Regression in clas-

sifying banana diseases. 
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Figure 6: Performance Comparison of Different Models for 

Banana Disease Classification 

Figure 6 visually represents the performance comparison 

of the different models for banana disease classification. The 

proposed CNN model clearly outperformed the traditional 

models across all metrics, demonstrating its superior capa-

bility in accurately identifying banana diseases. The high ac-

curacy, precision, recall, and F1-score of the CNN model 

highlight its robustness and reliability, making it the most 

suitable model for this task. 

However, traditional models such as SVM, Random For-

est, k-NN, and Logistic Regression do not match the perfor-

mance of the CNN model to some extent. These models 

show moderate performance, but have higher rates of mis-

classification, making them less reliable for precise disease 

classification. 

Findings and Implications: These findings underscore 

the effectiveness of deep learning approaches, specifically 

CNNs, in agricultural disease detection tasks. The superior 

performance of the proposed CNN model can lead to more 

accurate and timely interventions, reducing crop losses, and 

improving yield. Implementing such advanced models in 

real-world agricultural settings could significantly enhance 

disease management practices and provide farmers with re-

liable tools for early disease detection. 

Findings of the Study: The study demonstrated that the pro-

posed CNN model significantly outperformed traditional 

models in classifying banana leaf diseases. The integration 

of hyperparameter tuning and data augmentation techniques 

contributed to the high accuracy and robustness of the model. 

The use of additional data sources for risk assessment further 

enhances the predictive capabilities, providing a comprehen-

sive tool for managing banana crop diseases. 

Limitations of the Study: Despite promising results, this 

study has several limitations. 

• Dataset Size: The dataset size, while comprehen-

sive, can be expanded to include more diverse sam-

ples from different geographical regions. 

• Generalizability: The performance of the model 

may vary when applied to real-world settings with 

different environmental conditions and disease 

prevalence. 

• Resource Intensive: The high computational re-

quirements for training deep-learning models may 

limit their accessibility to smallholder farmers. 

• Data Quality: The quality and consistency of addi-

tional data sources, such as weather patterns and 

historical disease records, can affect the accuracy 

of the risk assessment model. 

In conclusion, although the proposed framework shows 

great potential for improving banana crop disease manage-

ment, further research and development are needed to ad-

dress these limitations and enhance its applicability in di-

verse agricultural contexts. 

5. Conclusion  

The comparative analysis of various machine learning 

models for banana disease classification demonstrates the 

superior performance of the proposed Convolutional Neural 

Network (CNN) model, achieving the highest metrics of ac-

curacy (0.98), precision (0.97), recall (0.96), and F1-score 

(0.97). This underscores the model's robustness and effec-

tiveness in accurately distinguishing between healthy and 

diseased banana leaves, significantly outperforming tradi-

tional models, such as SVM, Random Forest, k-NN, and Lo-

gistic Regression. Future research should focus on expand-

ing the dataset to enhance generalizability, optimize compu-

tational resources, and integrate the model with the IoT and 

edge computing for real-time applications. In addition, in-

corporating multimodal data and developing user-friendly 

interfaces will further improve the practical utility and acces-

sibility of the model, thereby advancing agricultural disease 

management practices and promoting sustainable farming. 
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