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ABSTRACT
Despite bananas being one of the most important sources of food and revenue
for farmers in central Uganda, banana cultivation is severely threatened by
destructive diseases such as yellow and black Sigatoka and Fusarium wilt, also
known as Panama disease. Smallholder farmers, who are the backbone of
Uganda’s agricultural sector, often rely on manual inspection methods to identify
these diseases, which are time-consuming, prone to error, and highly ineffective
for early disease interventions.

For an accurate, efficient, and scalable banana leaf disease detection method
(specifically Fusarium wilt and black Sigatoka), this thesis proposes a hybrid deep
learning image classification approach which integrates Convolutional Neural
Networks (CNNs), Vision Transformers (ViTs), and Gray Level Co-occurrence
Matrix (GLCM) extracted texture features.

To carry out this research, a dataset of approximately 17,000 annotated banana
leaf images divided into three classes (healthy leaves, Fusarium wilt and black
Sigatoka) was obtained from the Lacuna Banana Project. To enhance the
robustness of the model, the image dataset was rigorously preprocessed by
resizing, normalising, and augmenting the images. With the help of GLCM,
texture features were extracted, and these were combined with spatial features
learnt by the CNN and ViT models to improve classification sensitivity. A
number of deep learning models were developed and evaluated; these included a
custom CNN, transfer learning with InceptionV3, a ViT-based architecture and
a Hybrid model. To assess the model ’s performance, metrics such as accuracy,
precision, recall, and F1-score were used.

After evaluating all the trained models, the Vision Transformer (ViT) model
outperformed all the other models with a classification accuracy of 99%, while
the proposed hybrid model achieved a balanced accuracy of 98%, with significant
precision and recall across all disease categories. The integration of GLCM
features greatly improved the detection of texture-specific diseases such as
black sigatoka. This research contributes to a robust, interpretable, and field-
deployable AI-based diagnostic tool that aligns with Uganda’s national goals for
data-driven agricultural development and the Sustainable Development Goals
related to food security and sustainable agriculture.
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1.0 INTRODUCTION
1.1 BACKGROUND OF STUDY

According to Sheridan, a botanist at UCLA, bananas (Musa acuminata) are
a fruit formed by multiple ovaries in a single flower, characterised by their
elongated shape, yellow skin, and creamy sweet flesh. As a staple food for
millions worldwide (Sheridan, 2019, p. 12), bananas hold a special place in
Ugandan livelihood, particularly in the Central and Western regions, where they
are a major cash crop. Farmers attest that banana cultivation has improved
their livelihood and fostered food security, with 75% adapting to its growth.

Bananas also have a rich history and cultural importance in Uganda. For
example, in Buganda culture, banana species such as Bogoya, Ndizi, Ganja, and
Kivuvu are essential to both traditional diets and formal occasions, according to
Nakayiwa (2020).

Despite all these benefits, banana production is threatened by diseases such
as Xanthomonas wilt (BXW), commonly known as Banana Bacterial Wilt,
Fusarium wilt, also known as Panama disease, and Sigatoka. Nakayiwa and
Kigenyi (2019) further emphasise the magnitude of the impact of these diseases
on banana productivity since they cause vascular damage, reduced yields, soil
contamination, root rot, food insecurity, and economic depreciation. Early
detection is necessary, and this project uses deep learning models such as
Convolutional Neural Networks (CNNs) and Vision Transformers (ViTs) to
facilitate banana disease detection by providing accurate, scalable, and timely
solutions to farmers and agricultural stakeholders in central Uganda.

According to Krizhevsky (2012), CNNs achieve object detection and image
classification through the use of activation functions, pooling layers, dense layers,
convolutional layers, and flattened layers. This method is perfect because CNNs
can handle large images, are resilient to changes, and can extract features.

1.2 Problem Statement:
There is a serious threat of banana disease prevalence, such as Fusarium wilt,
Xanthomonas wilt, and Black Sigatoka, among smallholder farms in central
Uganda. These diseases lower yields and incomes, in addition to causing food
insecurity. Early detection is essential to stop these diseases from spreading
and lessen the harm they cause. The current detection methods are labour-
intensive, time-consuming, and prone to error because they heavily rely on visual
inspections by farmers and extension agents.

A lot of research has been undertaken to address this issue (Nakayiwa et al.,
2018, 2019); however, the diseases have intensified, severely affecting the farmers'
livelihoods and productivity. To safeguard banana production and protect the
livelihoods of smallholder farmers, the challenges resulting from traditional
methods, which call for hand field inspections, highlight the need for a more
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efficient, exact, and scalable means of identifying and treating these diseases.

1.3 Justification of the Study
This research justifies the pressing need to maximise artificial intelligence, espe-
cially deep learning algorithms, to solve the significant threat of banana diseases
endangering smallholder farms in Central Uganda. This work closes current
gaps in banana disease management by developing a hybrid deep learning model
combining CNNs, Vision Transformers, and Grey Level Co-occurrence Matrix
(GLCM) features to detect banana diseases from leaf images, thus improving
productivity and reducing the terrible impact of these diseases.

The justification for this study is multifaceted; that is to say, this research
leverages AI advancements to improve agricultural productivity and food security;
it also addresses the limitations of traditional disease detection methods, which
are time-consuming, labour-intensive and prone to inaccuracies; last but not
least, this study is helping the farming sector to be sustainable, in line with
the Sustainable Development Goals (SDGs), by offering a fast diagnosis tool
for farmers and agricultural stakeholders, enabling timely interventions and
improved disease management.

By accurately identifying banana diseases from leaf images, this research has
the potential to transform the livelihoods of smallholder farmers and ensure a
more secure and sustainable food supply for communities in Central Uganda.

1.4 Research Questions
1. How effective are CNNs and Vision Transformers in detecting banana

diseases from leaf images?

2. In what ways do GLCM features improve the accuracy of CNN and ViT
models for disease detection?

3. What is the optimal combination of CNN and ViT architectures to achieve
the highest accuracy for banana disease detection?

1.5 Hypothesis:
1. Deep learning models (CNNs and ViTs) will outperform traditional visual

inspection methods in detecting banana diseases.

2. The addition of GLCM features will enhance the model's ability to detect
texture-based diseases such as Black Sigatoka.

3. Fine-tuned pre-trained models (InceptionV3 & ViTs) will perform better
than CNN models trained from scratch, providing higher accuracy and
efficiency.
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1.6 Main Objective:
To propose and validate a scalable deep learning approach for the early detection
and classification of Fusarium wilt and Black Sigatoka in banana plants in
Central Uganda, thereby improving crop productivity and food security.

1.6.1 Specific objectives:

i. To design and develop a deep learning model architecture that integrates
CNNs, Vision Transformers, and GLCM features to enhance classification
accuracy.

ii. To evaluate the performance of the developed models using metrics such
as accuracy, precision, recall, and F1-score to determine their effectiveness.

iii. To compare the performance of the hybrid model against a custom CNN,
and a ViT-based architecture to demonstrate its superiority.

iv. To optimise the model by fine-tuning hyperparameters and exploring
different architectures to improve performance.
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2.0 Literature Review
This literature review explores the body of research on disease detection, specifi-
cally bananas. Emphasis is placed on Deep learning approaches such as Convo-
lutional Neural Networks (CNNs), Vision Transformers (ViTs), Hybrid models,
and texture analysis methods such as Gray-Level Co-occurrence Matrix (GLCM).
In this chapter, I will evaluate the techniques and methodologies previously
applied, highlighting their strengths and weaknesses in addition to establishing
their applicability in central Uganda.

2.1 Overview of Common Banana Diseases
Banana diseases such as Fusarium Wilt (Tropical Race 4), Black Sigatoka, and
Xanthomonas Wilt lead to significant and persistent challenges in the agricul-
tural sector, leading to substantial crop yield losses and therefore threatening
food security and the economic stability of farmers who rely on bananas for
sustainability.

In Uganda, these pathogens reduce yields by approximately 30 to 80% through
vascular destruction and leaf necrosis as documented by (Rietveld et al., 2014)

This review provides an overview of the main banana diseases that affect small-
holder farms in central Uganda, and these include;

Xanthomonas Wilt (Banana Bacterial Wilt). Caused by the bacterium Xan-
thomonas campestris pv. Musacearum is characterised by the wilting and
yellowing of leaves (Tripathi et al., 2009).

Black Sigatoka. Caused by Mycosphaerella fijiensis and it’s a fungal disease
distinguished by leaf streaks and black spots, which reduce photosynthetic ability
(Marin et al., 2003).

Yellow Sigatoka. caused by Mycosphaerella musicola, and it is characterised by
yellow leaf streaks which affect plant vigour and yield (Marin et al., 2003).

2.2 The Evolution of Disease Detection
Over the years, plant disease detection has evolved from traditional manual
inspection to advanced AI-driven methodologies. Early automation methods
employed traditional image processing techniques such as spectral feature analy-
sis, threshold segmentation, Canny edge detection algorithms, and histogram
analysis(Upadhyay et al., 2025). Although these methods proved to be helpful,
they often faced challenges in effectively handling complex image backgrounds
and adapting to multiscale disease features, which are common in agricultural
settings(Xiao et al., 2025).

As years passed, classical machine learning algorithms such as Support Vector
Machines (SVMs), Naïve Bayes, Decision Trees, k-Nearest Neighbors (KNN), Ran-
dom Forests, and Multilayer Perceptrons (MLPs) gained popularity(Mehdipour
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et al., 2025). These algorithms facilitated the automation of disease diagnosis, but
frequently struggled with scalability since their effectiveness was heavily based
on handcrafted feature engineering, which required domain expertise(Mehdipour
et al., 2025).

The arrival of deep learning algorithms marked a transformative phase in com-
puter vision and its application in precision agriculture. Deep learning models
such as Convolutional Neural Networks can automatically learn hierarchical
representations of image data, effectively bypassing the need for manual feature
engineering(Upadhyay et al., 2025).

The table below summarizes the key characteristics, advantages, and limitations
associated with each stage of evolution.

Approach Key Character-
istics

Techniques Advantages Limitations

Manual Inspec-
tion

Human visual
assessment

Field observa-
tion, Expert di-
agnosis

Low cost (ini-
tial), Direct ob-
servation

Time-
consuming,
Labor-
intensive,
Error-prone,
Subjective,
Ineffective for
early interven-
tion

Traditional Im-
age Processing

Rule-based,
Handcrafted
feature extrac-
tion

Canny edge
detection,
Histogram
analysis,
Thresholding

Non-
destructive,
Faster than
manual

Struggles with
complex back-
grounds, Envi-
ronmental vari-
ability, Limited
generalization

Classical Ma-
chine Learning

Pattern recog-
nition, Sta-
tistical mod-
els, Feature-
dependent

SVM, Naïve
Bayes, Decision
Trees, KNN,
Random Forest

Improved accu-
racy over tradi-
tional IP, Auto-
mates diagnosis

Requires hand-
crafted feature
engineering,
Scalability
issues, Gen-
eralization
challenges

Deep Learning Automatic fea-
ture learning,
Hierarchical
representations

CNNs, Vision
Transformers,
Hybrid Models

High accuracy,
Scalable, Real-
time solutions,
Handles large
datasets

Data de-
pendency,
Computational
complexity, In-
terpretability

Table 2: Summary of characteristics, advantages & limitations of different plant
disease detection techniques
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2.3 Image Processing and Computer Vision in Precision
Agriculture
Recent developments in Image processing and computer vision have attracted
numerous scientific studies in both crop health monitoring and disease detection,
thereby improving precision agriculture. Remote sensing and image analysis
techniques have demonstrated great promise in this domain, according to Zhang
et al. (2019) and Shanmugam et al. (2017). This method involves the use of
RGB or multispectral cameras to capture images across specific bands, such as
near-infrared which is essential for crop analysis and calculation of Normalised
Difference Vegetation Index (NDVI) to offer insights into plant vigour. Early
foundational research by (Shanmugam et al., 2017) successfully employed canny
edge detection algorithms and histogram analysis to identify crop diseases and
trigger alert messages to agriculturalists, demonstrating the potential of image-
processing techniques in precision agriculture.

2.4 Convolutional Neural Networks (CNNs) for Banana
Disease Detection
Deep learning models such as Convolutional Neural Networks (CNNs) have
emerged as a cornerstone of computer vision and image classification tasks. This
is because they can automatically learn hierarchical representations directly
from row images, which makes them effective for complex tasks such as object
detection and image classification (Upadhyay et al., 2025)

CNNs are comprised of convolutional layers, which apply trainable filters to
extract spatial features, pooling layers for reducing spatial dimensions and
introducing translation invariance and fully connected/dense layers which are
responsible for the final classification based on extracted features (Tugrul et al.,
2022). With this kind of architecture, CNNs are capable of processing large
image datasets in addition to withstanding variations in input, hence making
them suitable for diverse agricultural imaging conditions.

A number of studies have consistently demonstrated the effectiveness of CNN
models in banana disease detection. For example, (Narayanan et al., 2022)
developed a hybrid CNN model that achieved 99% accuracy in classifying Black
Sigatoka, bacterial wilt, and healthy banana leaves. (Selvaraj et al., 2019)
employed transfer learning with pre-trained deep CNN models, achieving 92%
accuracy for a broader range of banana leaf diseases. These results show how
well Convolutional Neural Networks can be used to customise solutions for tasks
involving the classification of pest and disease damage to banana plants.

2.5 Transfer Learning with Pretrained CNNs
Transfer learning (TL) approaches have been widely adopted in image classifica-
tion tasks such as disease detection, mainly to address the challenge of limited
labelled datasets. It involves leveraging knowledge from models pretrained on
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vast general image datasets like ImageNet and then fine-tuning them on a smaller
domain-specific dataset, thereby reducing the computational costs and training
time (Sambana et al., 2025)

Numerous studies have consistently shown that fine-tuned pre-trained models
have always outperformed CNNs trained from scratch. For example, (Maeda-
Gutiérrez et al., 2025) demonstrated that InceptionV3 has superior performance
with 99.85% accuracy in Taro disease identification. Similarly, (Preotee et
al., 2025) employed other transfer learning models like VGG19 and Xception,
achieving impressive accuracies of up to 98.90% and 98.66% respectively.

The high performance of transfer learning models, such as InceptionV3, as
compared to custom CNN models, is due to their ability to leverage pre-trained
feature representations from vast image datasets like ImageNet. For practical
agricultural applications like banana disease detection, where collecting large,
annotated datasets is a challenge, Transfer learning can be the go-to approach.

2.6 Vision Transformers (ViTs) in Agricultural Imaging
With Vision Transformers (ViTs) there has been a paradigm shift in computer
vision. ViTs adopt the highly successful self-attention mechanisms from Natural
Language Processing (NLP) to image data processing. Unlike traditional deep
learning models like CNNs, which rely on inductive biases such as local Receptive
fields and pooling layers, which in most cases limit their performance in tasks
where different assumptions hold. ViTs process images by converting them into
sequences of fixed-sized patches/tokens. With this approach, ViTs are able to
capture global contextual information and long-range dependencies across the
entire image, hence enabling them to holistically understand visual patterns.

Different studies highlight the advantages of ViTs in agricultural imaging. For
example, the Precision Leaf Analysis with Vision Transformers (PLA-ViT) frame-
work demonstrated superior performance over CCN-based models in terms of
accuracy (98.7% Vs 88.2%), disease localisation, inference time and computa-
tional efficiency (Murugavalli & Gopi, 2025).

2.7 Gray Level Co-occurrence Matrix (GLCM) for Texture
Analysis
Gray Level Co-occurrence Matrix (GLCM) is a widely used image processing
technique for texture analysis. GLCM quantifies image texture by analysing
the spatial relationship between pixels. This is achieved by counting how often
different grey-level pairs occur in a defined direction and the distance within an
image, hence providing a numerical representation of the texture (Kumar & Singh,
2024). By combining GLCM with deep learning models, we can leverage an
enhanced texture analysis capability, particularly effective in detecting diseases
that manifest as changes in surface texture (Pang, Guo et al. 2019), such as
Black Sigatoka. This integrated approach enables more accurate identification

12



and characterisation of texture-related patterns, leading to improved disease
diagnosis and monitoring.

Several studies have suggested that deep learning models tend to show significant
improvement when fed with GLCM features. For example, (Sridhara Acharya,
2024) a hybrid CNN-SVM model that employed GLCM and Grey-level Difference
Method (GLDM) features, achieved a 90% accuracy in crop disease classification.

The table below outlines the common GLCM texture features and their relevance
in analysing crop/plant diseases

GLCM Feature Description Relevance to Plant Dis-
ease Detection

Contrast Measures the intensity
contrast between a pixel
and its neighbor over the
whole image. High values
indicate large differences
in intensity.

High contrast often
indicates distinct lesion
boundaries or abrupt
changes from healthy to
diseased tissue. Useful for
identifying sharp edges of
spots.

Dissimilarity A linear measure of local
intensity variations. Sim-
ilar to contrast but less
sensitive to extreme differ-
ences.

Reflects the variability of
gray levels, useful for de-
tecting irregular textures
in diseased areas.

Homogeneity Measures the closeness
of the distribution of el-
ements in the GLCM
to the GLCM diagonal.
High values indicate a
more uniform texture.

Low homogeneity might
indicate irregular, mot-
tled textures typical of
certain fungal infections
like Black Sigatoka, differ-
entiating from smoother
healthy tissue.

Energy (ASM) Measures the sum of
squared elements in the
GLCM. High values indi-
cate a more orderly, uni-
form texture.

Lower energy values can
indicate a more disor-
dered or complex tex-
ture, often associated
with the progression of
disease symptoms.

Correlation Measures the linear de-
pendency of gray levels
in the co-occurrence ma-
trix. High values indicate
a strong linear relation-
ship.

Reduced correlation can
suggest a breakdown in
the regular patterns of
healthy tissue, indicative
of disease.

Table 3: Relevance of common GLCM texture features
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2.8 Hybrid Deep Learning Models for Enhanced Detection
Hybrid deep learning models are a result of combining the strengths of different
architectures to overcome individual model limitations, thereby achieving superior
overall performance. In studies where hybrid deep learning models have been
employed, they have consistently shown high accuracies and improved robustness
compared to standalone architectures. For example, MobilePlantViT with 99%
accuracy (Tonmoy et al., 2025), ViT-B16 with 83.3% average accuracy (De
Silva & Brown, 2023), and CNN-CBAM-SVM with 97.2% accuracy (Altalak et
al., 2022). This consistent performance of hybrid models strongly indicates an
underlying trend towards multi-modal and multi-architectural approaches as the
future of advanced plant disease detection methods

2.9 Policy Framework and Agricultural Development Goals
Uganda’s National Development Plan (NDP) III - Agro-industrialization Pro-
gramme Implementation Action Plan (AgroPIAP) stresses the significance of
data-driven decision-making in agriculture, aligning with national policies and
strategic objectives. By using Convolutional Neural Networks (CNNs) for accu-
rate banana disease detection, this research project seeks to support data driven
agriculture and align with the national agricultural development agenda.

2.10 Gaps in Existing Research
While significant advancements have been made when using deep learning models
for plant disease detection, several research gaps and practical challenges remain,
for example, developing a model specifically tailored for banana diseases in
Central Uganda. A region-specific model that considers the region’s particular
disease prevalence and environmental conditions is necessary to ensure precise
disease detection and efficient management.
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3.0. Research Methodology
This study implements a hybrid deep learning model that integrates Convolu-
tional Neural Networks (CNNs), Vision Transformers (ViT), and Gray Level
Co-occurrence Matrix (GLCM) texture analysis to improve the early detection
of Fusarium Wilt and Black Sigatoka in smallholder farms in Central Uganda.
The approach stresses interpretability of disease-specific features, resilience to
limited data, and fit for resource-constrained implementation. The process from
data collection to model deployment is summed up in Figure 1 below.

Figure 1: A Summary of Project Architecture

Data Collection and Preprocessing
The dataset used in this project consists of 17,068 labelled images of banana
plants collected as part of the Lacuna Banana project (Mduma & Leo, 2023) by
researchers and students from the Nelson Mandela African Institution of Science
& Technology and the Tanzania Agricultural Research Institute (TARI). The
images were captured using mobile phones equipped with the AdSurv application
and focused on diagnosing two major banana diseases: Black Sigatoka (6,147
images) and Fusarium Wilt Race 1 (5,038 images), alongside healthy plants
(5,883 images).

The preprocessing pipeline involved several steps to prepare the data for model
training. First, the Images were resized to 256×256 pixels for CNN and Incep-
tionV3 models and 224×224 pixels for ViT models to align with their respective
architectural requirements. Pixel values were normalised to the range [0,1]
using Min-Max normalisation to accelerate gradient descent during training.
To further enhance dataset diversity and simulate field conditions, on-the-fly
augmentation techniques were applied using TensorFlow’s ImageDataGenerator.
These included geometric transformations such as rotation (±30°), horizontal
and vertical flipping (p=0.5), zooming (0.2 range), and shearing (0.1 rad), as well
as photometric adjustments like brightness (±0.2) and HSV saturation (±0.1).

GLCM-Based Texture Feature Extraction
To augment deep learning features with texture cues, Gray Level Co-occurrence
Matrix (GLCM) features were extracted from grayscale-converted Regions of
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Interest (ROIs). Five texture features—contrast, dissimilarity, homogeneity,
energy, and correlation were calculated and averaged to capture spatial depen-
dencies in pixel intensities. After concatenating these GLCM features with
flattened CNN or ViT features, the model was able to jointly learn textural
and spatial patterns. The purpose of this hybrid approach was to increase the
model's capacity to identify illness symptoms and boost classification precision.

Model Development
Three distinct approaches were explored for building the banana disease classifier,
that is to say, a custom CNN architecture, transfer learning with InceptionV3,
and a Vision Transformer (ViT).

3.3.1 Convolutional Neural Networks (CNN)
The custom CNN architecture was designed for lightweight deployment, making it
suitable for resource-constrained environments. It consisted of three convolutional
blocks, each with 3×3 kernels, ReLU activation, and L2 regularisation (=0.001).
The first block used 32 filters followed by max-pooling (2×2), the second block
used 64 filters with a dropout rate of 0.3, and the third block used 128 filters with
global average pooling. The classification head comprised a dense layer with 128
units and ReLU activation, followed by a dropout layer (0.5) to prevent overfitting
and a final dense layer with softmax activation for multiclass classification.

3.3.2 Transfer Learning
For this study, the InceptionV3 architecture was trained through a transfer learn-
ing approach. InceptionV3 is a deep convolutional neural network pre-trained on
the large-scale ImageNet dataset. Transfer learning allows the model to leverage
pre-learnt weights from ImageNet, which already capture rich representations
of edges, textures, and object parts, and adapt them to the banana leaf disease
classification task.

In this study, the final fully connected layers of InceptionV3 were replaced with
custom dense layers tailored for three classes, i.e., Black Sigatoka, Fusarium
Wilt, and Healthy. The convolutional base of the pre-trained model was retained
to provide strong general feature extraction, while the new dense layers were
trained on the banana leaf dataset. Fine-tuning was applied to the top layers of
InceptionV3 to improve generalisation while avoiding overfitting.

This approach reduced training time and computational cost, while maintaining
high accuracy by reusing the robust feature extraction capabilities of InceptionV3.

3.3.3 Vision Transformers (ViT)
The Vision Transformer (ViT) was adapted for this study; this model treats
images as sequences of patches/tokens. Each image was split into 16×16 patches,
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which were projected into a 768-dimensional space using a trainable linear
layer. A transformer encoder with six layers and eight attention heads processed
these patch sequences/tokens. This approach enabled the model to capture
complex patterns and relationships within the images, leveraging the strengths
of transformer architectures.

Model Training
All models were trained in a GPU-enabled environment using Google Colab's
parallel processing to speed up calculations in order to guarantee effective
training. By consistently using the same training parameters, a fair and impartial
comparison between models was preserved.

That is to say, using the Adam optimiser with a learning rate of 0.001, batch size
of 32 samples, and training for 20 epochs. Sparse categorical cross-entropy was
employed as the loss function for multiclass classification and implemented early
stopping with a wait of 5 epochs to prevent overfitting, allowing the model to ter-
minate training when no further improvements were observed. This standardised
approach ensured a levelled ground for evaluating the performance of each mode.

Model Evaluation
All the models were evaluated using multiple performance metrics to assess their
ability to classify banana diseases accurately. The overall correctness of the
model predictions was examined through accuracy, and the model's performance
in distinguishing between different banana diseases was analysed by computing
precision, recall, and F1-score for each class. A confusion matrix was also
generated to visually represent the model's performance across all categories,
providing a detailed insight into its strengths and weaknesses in classifying
various banana diseases.
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4.0. Results and discussion
4.1. Convolutional Neural Network (CNN) Model Results
The classification report below highlights how the CNN model performed across
the three different classes.

4.1.1 Classification Report

Table 4: CNN classification report

precision recall f1-score support
BLACK
SIGATOKA

0.96 0.97 0.96 553

FUSARIUM
WILT

0.92 0.94 0.93 466

HEALTHY 0.99 0.96 0.98 593

accuracy 0.96 1612
macro avg 0.96 0.96 0.96 1612
weighted avg 0.96 0.96 0.96 1612

The CNN model achieved an accuracy of 96%, showing strong but slightly uneven
performance across the three disease categories. It performed exceptionally well
in classifying Healthy banana leaves, attaining a precision of 0.99 and a recall of
0.96, resulting in an F1-score of 0.98. This indicates that the model accurately
identified healthy plants with minimal false positives. However, its performance
was relatively weaker in detecting Fusarium Wilt, where it recorded a precision
of 0.92, a recall of 0.94, and an F1-score of 0.93. This suggests a higher rate of
misclassification for Fusarium Wilt, potentially due to visual similarities with
Black Sigatoka symptoms. This is also clearly visible in the confusion matrix
below.

The model was reliable in classifying Black Sigatoka, with metrics around 0.96–
0.97. Overall, the macro and weighted averages were consistent at 0.96, indicating
balanced performance across the dataset, albeit with room for improvement in
disease-specific classification, especially for Fusarium Wilt

4.2 Transfer Learning Model Results
Using a transfer learning approach with a pre-trained InceptionV3 model
improved the model’s classification performance across all classes, as shown in
the classification report below.
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(a) Confusion matrix

(b) CNN training & validation accuracy (c) CNN training & validation loss

Figure 2: CNN Model performance on the banana-leaf disease dataset.
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4.2.1 Classification Report

Table 5: InceptionV3 classification report

precision recall f1-score support
BLACK
SIGATOKA

0.98 0.97 0.97 553

FUSARIUM
WILT

0.96 0.96 0.96 466

HEALTHY 0.98 0.99 0.99 593

accuracy 0.97 1612
macro avg 0.97 0.97 0.97 1612
weighted avg 0.97 0.97 0.97 1612

The model based on Transfer Learning yielded an improved overall accuracy
of 97%, outperforming the CNN across all three categories. It demonstrated
powerful performance on Healthy samples, with both precision and recall reaching
0.98–0.99, translating to a near-perfect F1 score of 0.99. This indicates the model
was both accurate and consistent in identifying healthy leaves. The classification
of Black Sigatoka was also excellent, with a precision of 0.98 and a recall of 0.97,
resulting in a robust F1-score of 97%.

The CNN's shortcomings were addressed by this model, which showed a balanced
improvement for Fusarium Wilt with a precision and recall of 0.96. The macro
and weighted averages of 0.97 show that all classes performed consistently. The
Transfer Learning model significantly improved accuracy and reliability, most
likely due to the pre-learned feature representations that improved generalisation.
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(a) Confusion matrix

(b) InceptionV3 training & validation accu-
racy (c) InceptionV3 training & validation loss

Figure 3: InceptionV3 Model performance on the banana-leaf disease dataset.
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4.3 Vision Transformer (ViT) Model Results
The ViT model outperformed both the CNN and InceptionV3 models, achieving
a remarkable overall accuracy of 99%. Its performance was also consistently
high across all classes, as shown in the classification report below

4.3.1 Classification Report

Table 6: ViT classification report

precision recall f1-score support
BLACK
SIGATOKA

0.99 0.98 0.99 553

FUSARIUM
WILT

0.96 0.99 0.98 466

HEALTHY 0.99 0.99 0.99 593

accuracy 0.99 1612
macro avg 0.98 0.99 0.98 1612
weighted avg 0.99 0.99 0.99 1612

For Healthy leaves, the model recorded near-perfect metrics with precision
and recall at 0.99 and a matching F1 score, indicating very few classification
errors. In identifying Black Sigatoka, the model maintained high precision (0.99)
and recall (0.98), again showing robust reliability. With an F1-score of 0.98
and a recall of 0.99, the ViT model remarkably outperformed other models
in classifying Fusarium Wilt, demonstrating a strong ability to identify this
frequently misdiagnosed disease. In addition to confirming excellent balance, the
weighted and macro averages of 0.98 to 0.99 highlight the ViT model's superior
generalisation ability.
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(a) Confusion matrix

(b) ViT training & validation accuracy (c) ViT training & validation loss

Figure 4: ViT model performance on the banana-leaf disease dataset.
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5. Conclusion
In conclusion, this research proposes a hybrid model that integrates the compu-
tational efficiency of the InceptionV3 architecture with the Vision Transformer’s
capability to represent images as sequences of fixed-size patches, enabling local
feature extraction and global contextual understanding.

5.1 Hybrid Model Conceptual Diagram

The diagram above presents a hybrid deep-learning architecture for banana
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disease image classification. The model begins with an Image Input, which is
simultaneously fed into three parallel processing paths. The first path applies
Gray-Level Co-occurrence Matrix (GLCM) techniques to extract texture features,
which are helpful in identifying tiny differences between disease classes.

The second path processes the image using InceptionV3, a convolutional neural
network known for its computational efficiency. After feature extraction, Global
Average Pooling is applied to reduce the spatial dimensions and produce a
compact 2048-dimensional feature vector. The third path utilises the Vision
Transformer (ViT), which interprets the image as a sequence of fixed-size patches
and uses self-attention mechanisms to model global relationships across the
image. The ViT output also undergoes Global Average Pooling, resulting in a
768-dimensional feature vector.

The outputs from GLCM (4 features), InceptionV3 (2048 features), and ViT
(768 features) are then merged through a Concatenation layer, forming a unified
feature vector that captures both texture and deep semantic information. This
concatenated vector is passed through a Dense layer, which enables the network
to learn complex, non-linear interactions between features. To prevent overfitting,
a Dropout layer is applied before the final prediction is made through a Softmax
Output layer, which classifies the image into one of three categories—Healthy,
Fusarium Wilt, or Black Sigatoka.

This hybrid approach exploits the strengths of both traditional feature engineering
and deep learning to improve classification accuracy and generalisation.

5.2 Classification Report for the Hybrid Model
The results from the hybrid model, as shown in the classification report below,
indicate strong and balanced performance across all three categories—Healthy,
Fusarium Wilt, and Black Sigatoka.

Table 7: Hybrid model classification report

precision recall f1-score support
BLACK
SIGATOKA

0.99 0.97 0.98 553

FUSARIUM
WILT

0.95 0.98 0.97 466

HEALTHY 0.99 0.98 0.99 593

accuracy 0.98 1612
macro avg 0.98 0.98 0.98 1612
weighted avg 0.98 0.98 0.98 1612
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(a) Hybrid Model Confusion Matrix (b) Hybrid model training & validation loss

Figure 5: Hybrid model performance on the banana-leaf disease dataset.
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