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ABSTRACT

Uncovering knowledge about rural areas is a significant challenge for the
effective use of modern technological diagnostic tools, such as disease
detection and diagnostic systems. It is essential to understand the extent
of cocoa diseases to ensure the stability of farm productivity across Africa,
especially in West Africa. This paper presents a mobile-friendly machine
learning model to detect and classify anthracnose, black pod disease
(BPD), cocoa swollen shoot disease (CSSD), vascular streak disease (VSD),
and healthy leaflets. The proposed solution addresses challenges of
accessibility to cocoa disease detection and classification machine
learning models to assist cocoa farmers in improving productivity. A
lightweight YOLOv11l model was developed, compatible with edge
computing devices, which is easily accessible to cocoa farmers across
Africa to assist farmers in detecting various known cocoa diseases
affecting crop yield. The results obtained reveal a remarkable
performance with a mAP@50 greater than 98% for the majority of classes
and an average accuracy and recall exceeding 95%. The model has been
successfully converted to TensorFlow Lite for easy deployment on mobile
devices. This approach allows for automated, rapid, and accessible
diagnosis for farmers, helping to improve crop health and food security.

© 2026 Journal of Sustainable Development Innovations

1. INTRODUCTION

In West Africa, the impact of cocoa
products is a vital economic activity,
large number of smallholder
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particularly in Cote d'lvoire and Ghana [1, 2].
These two countries contribute approximately

and cocoa 60% or more of the global cocoa production [3,
assisting a 4]. However, cocoa plants and trees are
farmers, vulnerable to diseases such as anthracnose and
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cocoa swollen shoot virus disease (CSSVD),
threatening the cocoa yields, agricultural
economy, and cocoa farmers' income at large. In
the past years, the cocoa framers largely
depended on agricultural officers in the disease
identification process during visual inspection,
which is costly, slow, and inaccessible to farmers
in remote areas[2, 5, 6]. However, advancements
in deep learning (DL) and machine learning (ML)
present a highly recommended opportunity in
revolutionizing the cocoa disease detection in
various cocoa farms[7-10]. The You Only Look
Once (YOLO) algorithm is known for its impact in
computer vision and object detection [11, 12].
YOLOv11 was introduced in the YOLO Vision
2024 conference (YV24) as one of the latest
YOLO vision series, which is an advanced step
towards real-time object detection. YOLOv11
adopts a redesigned architecture that provides
better feature extraction, increased accuracy,
and improved processing speed, while
maintaining a compact model size [13]. It stands
out for its performance on various computer
vision tasks such as object detection,
classification, segmentation, pose estimation,
and oriented detection [14]. Its high efficiency
and versatility make it an ideal model for real-
time vision applications. This paper employed
YOLOv11l to explore the development of a
mobile-friendly deep machine learning (DML)
model to accurately identify multiple diseases on
images of cocoa leaves. The solution aims to
optimize the model for edge devices such as
Android and smartphones used by cocoa farmers
to ensure usability and accessibility across all
cocoa farmers in West Africa. Moreover, by
leveraging a dataset with annotated images from
agricultural institutions across Africa, the study
aims to build a robust mobile-friendly Al-driven
application for detecting cocoa diseases in real-
time to enhance early intervention strategies,
reduce the dependence on agricultural officers in
the identification of cocoa disease, and mitigate
crop losses. This proposed solution ultimately
empowers cocoa farmers in strengthening
resilience against emerging cocoa diseases in
cocoa production and safeguarding livelihoods.

2. RELATED WORK

Recent development and application of
machine learning have gained attention in
digital agriculture, significantly impacting
disease detection and diagnoses in cocoa

production industries. This provides farmers
with an efficient and accessible solution for
easily identifying multiple diseases from an
agricultural perspective. This section presents
a review of existing work on machine learning
and digital agriculture mechanisms in the
identification of disease. Several researchers
explore the application of machine learning in
agriculture, for instance [7] explored the
implications and importance of digital
agriculture using  the state-of-the-art
technology for small-scale farmers in Colombia,
emphasizing the potential of technology-driven
solutions in enhancing productivity and
decision-making. It highlights the ways digital
tools can bridge knowledge gaps and improve
crop management, underscoring the relevance
of machine learning incorporation into
agricultural practices. Similarly, [8] worked on
a DL-based computational model capable of
cocoa pod disease detection utilizing
convolutional neural networks (CNNs) for
cocoa pods analysis and classification of images
with diseases, demonstrating the efficacy of a
machine learning approach in plant pathology
and setting precedents for application in cocoa
pod detection. Moreover, [9] proposed a
smartphone application that employs machine
learning for the identification of cocoa disease,
leveraging CNNs for processing images
captured in real-time disease diagnostic
feedback. The work highlights the implications
and impact of a mobile-friendly artificial
intelligence (AI) solution that is accessible to
smallholder cocoa farmers. Other researchers
[10, 15] presented a hybrid combination of CNN
and XGBoost classifier for cocoa leaf disease
identification, integrating a machine learning
approach with feature extraction to enhance
classification generalization and accuracy. The
research contributes to the improvement of
disease recognition abilities in multiple disease
identification on the same leaf. These
researchers collectively demonstrated the
potential of digital agriculture and DL and DML
in disease identification and diagnosis. Despite
the fact that several researchers have done
their best in this scope, there is a need for
deploying a mobile-friendly Al-driven solution
for low-resource devices or edge computing
devices to assist farmers in easily detecting
diseases, ensuring accessibility to cocoa
farmers globally
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3. PROPOSED MODEL

This section highlights the dataset collection, model
training, and predictions to demonstrate the
performance of the proposed YOLOv11 model on
an edge device as a lightweight version for cocoa
leaf disease detection. The proposed model aims to
utilize ML models for cocoa disease prediction and
classification, with the focus on edge computing
devices such as Android smartphones and OIS
phones, leveraging the gap of accessibility to a
lightweight ML model for disease identification
across various edge computing devices.

3.1 Dataset Collection and Annotation

The dataset utilized in this paper was provided
by Amini Al, Makere Al Lab, Makeree University
Research Innovations Fund (RIF), and Macroni
Machine Learning Lab through Zindi Africa
[16]. The dataset was presented for the Amini
cocoa contamination challenge globally as
open-access data for competitors. The
challenge was to develop the best mobile-
friendly Al model for cocoa disease
identification, with a primary focus on
identifying anthracnose and cocoa swollen

Table 1. Annotated Class Distribution.

shoot disease (CSSD). This study modified the
dataset to include the additional detection of
vascular Streak disease (VSD) and Black Pod
disease (BPD). The Fig. 1 illustrates the
classification made to labels to enhance easy
detection and identification of various diseases.

Fig. 1. Example of cocoa leaves with disease classification.

The dataset comprises a total of 5712 images,
including healthy leaves and infected leaves
with corresponding visible symptoms. The
dataset was customized with five classes,
namely, anthracnose, CSSD, VSD, BPD, and
healthy, respectively, as shown in the Fig. 1.
This dataset was labeled and annotated using
Label Studio and exported as yolo format for
training and prediction accuracy. Table 1shows
the distribution of image annotations.

Classes CSSD VSD BPD

Anthracnose Healthy Total

No. of images 1142 188 209

1902 2271 5712

The images are distributed across the various
classes to improve the model's performance.
The distribution was done based on the number
of available images collected. While the dataset
contains a significant number of images,
totaling 5,712, there is an imbalance in the class
distribution, with Anthracnose and healthy
classes dominating, covering approximately
70% of the entire dataset. This may lead to
lower accuracy at BPD and VSD. The imbalance
was  addressed using targeted data
augmentation techniques to ensure that the
training set of underrepresented classes is
enriched, thereby maintaining balanced model
detection performance across different types of
disease [17].

3.2 Overview of proposed YOLOv11

YOLO11 is one of the latest models in the
Ultralytics YOLO series for real-time object
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detection, built upon previous versions of YOLO
while redefining higher cutting-edge accuracy,
efficiency, and speed [18]. YOLO11 architecture
has become a versatile choice for computer vision
activities due to its improved architecture and
training methods [19]. Fig. 2 illustrates the
YOLO11 architecture utilized in this paper.

5
;4
B

Fig. 2. Yolo11 Network Architecture.
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The core of the YOLO architecture is built on
three fundamental components, of which the first
is the backbone, serving as the basic feature
extractor. It is empowered by convolutional
neural networks that transform raw images into
multi-scale feature maps.

The second component is the neck, which serves
as an intermediate data processing layer to
aggregate and improve the representation of
features across different scales. The third
component is the head, functioning as the
prediction mechanism in generating the final
results for object classification and localization in
line with the featured maps [20].

3.3 Model training and predictions

The proposed mobile-friendly model was trained
using the dataset obtained from Amini Al and a
custom dataset to evaluate the effectiveness of
the model. The general flow of the
implementation of the proposed mobile-friendly
model is illustrated in Fig. 3.

Dataset

:

Model

Transfer Learning

Deep Learning

Anthracnose

Save Model Evaluation

H

Convert light
Model

Bounding Box
Scores
Image Class

Outcomes

End &

Fig. 3. Proposed Model Flowchart.

Maintaining a proper dataset is vital, as it
directly impacts the model's performance due

to the inclusion of diverse and high-quality
images. Once a proper dataset is obtained, it
undergoes data augmentation and annotations
to improve the capabilities of generalizing the
new images, serving as the foundation of the
model training. The next phase after data
augmentation and annotation is the proposed
Al model training using YOLO11 algorithms as
the base model, which is recognized for its high
performance in object detection and
recognition [21, 22]. The DL process creates
room for the model to extract features and
patterns from the dataset to enhance the
accurate classification of new images [23-25].

To maintain the standard input dimensions of
the dataset for training the yolo algorithm and
to improve generalization, an image resize ratio
of 640x640 pixels was applied. A robust
augmentation pipeline was applied during the
training of the dataset, including 900 rotations,
2.5-pixel Gaussian blur, 15% grayscale,
horizontal flipping, and 1.5% random noise
injection. This was to simulate real-world
variations in the cocoa leaf orientation,
background conditions, and lighting to enhance
the model’s accuracy in diverse field
environments.

The dataset was split into training (70%),
validation (20%), and testing (10%) subsets to
ensure robust model evaluation [26]. The
following models, yolov8, yolov9, and yolov10,
were also trained using the Adam optimizer
with a learning rate of 0.005 and a batch size of
64 to ensure stable convergence and conduct a
comparative experiment with the proposed
yolovll to validate its effectiveness on edge
computing devices.

3.4 Evaluations

After the model was successfully trained,
evaluated, and saved, it was converted to a
lightweight version optimized for mobile
deployment using TensorFlow Lite. The
evaluation performance metrics include
precision, accuracy, recall, and F1-score, which
ensure the reliability of the proposed model.

The formula 1 to 4 illustrates the mathematical
models of the respective performance metrics.
__D

T Tyt Fy (1)
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PrX R,
F, =2 X m (2)
_ Tp+Ty
Acc = Tp+Ty+Fp+Fy (3)
_ D
R = Tp+ Fn (4)

Were; B, = precision, F; = F1-Scores, T,, = true
positive, T, = true negative, F,= false positive, F,
= false negative, A.. = accuracy, and R, = recall.

3.5 Machine Specifications

The workstation used for training the model
features an Intel processor, 9th generation, 16GB
of DDR4 RAM, a 512GB NVMe SSD, and a 4GB
NVIDIA Quadro GPU with Windows 11 installed,
which supports deep learning model training,
fast data access, and efficiently handling large
datasets. The specifications for resource-
constrained devices for testing and evaluating
performance are Android 8.0+ and iOS 13+ with
aminimum RAM of 2GB and ARM64 architecture.

3.6 Model Export and Conversion

To ensure the trained YOLO model is compatible
for offline mobile integration and usage, the
following conversion method was applied to
convert the model to a lite version.

1. Install the Microsoft C++ build tool compatible
with compiling TensorFlow Lite (TFlite)
libraries.

2. Install supported libraries: tf-keras,
sng4onnx>=1.0, onnx_graphsurgeon>=0.3.26,
"onnx2tf>1.17.5,<=1.26.3", protobuf>=5, and
tflite-support to allow the conversion of best.pt
into TFlite format for easy integration into the
mobile app development environment.

3. Use a Python script to convert the best.tp to
TFlite using the snapshot in the Fig. 4.

from ultralytics import YOLO
model = YOLO(r \U \m

model.export(format="tflite")

print("[4) Model successfully converted to TFLite!")

Fig. 4. Snapshot for converting PyTorch to TFLite.

4. Save the converted model as a .tflite file for
mobile development integration.
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3.7 Mobile App deployment

The lightweight models were then integrated into
a mobile-compatible application to further
evaluate the performance of the proposed model
in a real-world, mobile-friendly application
domain. This involves testing the mobile
application with a variety of images under
different environmental and lighting conditions
to validate the model's consistency in detecting
and classifying diseases. The deployment process
is illustrated in Figure 5.

Model
Inference

Capture User Feedback

Disease
Classification

« YOLOV11
lite

Accuracy
Ease of Use
Compatibility

» Images
* CSSD
« VSD
* BPD

CSsD
VvsD
BFD
Healthy
Anthracnose

Importance
Improvement

« Healthy
« Anthracnose

Fig. 5. End-to-End Mobile Disease Detection Job Flow.

User tests the model on their Android or iOS
phones by opening the lightweight app to capture
cocoa leaf images, which are then analyzed and
classified into the disease based on the classes
used in this project by the YOLOv11 lite model.
The detection results contain a bounding box,
image class, and scores serving as a
determination of the accuracy of the model in
cocoa disease prediction on an edge device. This
process ensures the deployment of an efficient
mobile-friendly ML model for cocoa leaf disease
predictions, enabling farmers to make informed
decisions and take timely preventive measures to
ensure better cocoa yield. The mobile
application(app) was built and deployed on
Flutter to support Android devices running a
minimum version 5.0 and above, including the
latest Android version 14.0. It is also compatible
with i0S 13 plus to ensure broader compatibility
with the latest Android and i0OS smartphones for
easy accessibility to farmers for utilization.

4. RESULTS AND DISCUSSION
This section presents the outcomes of the model
based on precise performance metrics, indicating

the ability of its efficient detection and
classification of various cocoa diseases.

4.1 Proposed Model results

The proposed model was evaluated against several
standard object detection metrics, including
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accuracy (P), recall (R), the average of average
accuracies at 50% of loU (mAP@50), and the
overall average of mAPs of 0.5 to 0.95 (mAP@50-

Table 2. Class with various performances.

95). The Table 2 summarizes the model's
performance on the five classes studied:
Anthracnose, BPD, CSSVD, VSD, and Healthy Leaves.

Classes Precision (P) Rappel (R) mAP@50 mAP@50-95
Anthracnose 1.0 0.96 0.99 0.88
Black Pod 0.99 0.94 0.98 0.85
CSSVD 0.99 0.99 0.99 0.87
Healthy 0.95 0.97 0.99 0.89
VSD 0.99 0.99 0.99 0.85

The results obtained demonstrate very high
performance of the model, especially for the
Anthracnose class, which achieves a perfect
accuracy of 1.00 and an mAP@50 of 0.99. The
CSSVD and VSD classes also achieved very high
scores, reflecting the model's ability to
effectively capture discriminating features
despite the visual complexity of some diseases.
The mAP@50-95, which is a stricter metric
incorporating various intersection over Union
(IoU) thresholds, remains above 0.85 for all
classes, confirming that the model is not
satisfied with a good approximate location but
produces accurate predictions.

The normalized confusion matrix illustrated in
Fig. 6 presents a minimal rate of inter-class
errors as an indicator of a low confusion matrix
between visually similar diseases. The
normalized confusion matrix indicates the
performance of the classification model, which
classified above 99% of class images,
demonstrating its ability to distinctly identify
and classify various diseases on cocoa leaves.
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Fig. 6. Normalized confusion Matrix.

The precision-recall curve illustrated in Fig. 7
confirms the balance between sensitivity and
specificity, with a high area under the curve for
all classes. It demonstrates a high precision of
99.2% across all classes, utilizing the IoU
threshold of 0.5, which is the standard
performance indicator in object detection and
multiclass classifications [27].

Precision-Recall Curve
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Fig. 7. Precision-Recall curve.

The prediction result, shown in Figure 8, was
based on images taken under different
environmental conditions, having different
classes of diseases, which depicts the model’s
ability to be efficiently deployed on resource-
constrained mobile devices for real-time
detection. Each detection includes a bounding
box, a class label, and an associated percentage
of scores, allowing end users to interpret the
results. The proposed model effectively detects
98% of anthracnose disease, 93% of healthy
images, 84% of black pod disease, 99% of
CSSVD, and 89% of VSD. This model not only
performs better but is also optimized for edge
devices for easy accessibility and utilization in
local communities.
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CSSVD 0.99

Fig. 8. Prediction Results.

In summary, the lightweight model, optimized
with TensorFlow Lite, proved to be suitable for
use on smartphones and other devices with low

Table 3. Comparison of the proposed model with others.

computing power. This paves the way for mobile
applications for farmers, especially in rural areas,
to quickly identify cocoa diseases and thus
strengthen early intervention strategies.

4.2 Comparison with Other Models

To further evaluate and justify the suitability of
the proposed YOLOvlln for deployment on
mobile devices, a comparative evaluation was
made against older YOLO family versions
(YOLOvS8n, YOLOVOc, YOLOv10n, and
YOLOv11n), shown in Table 3. The evaluations
capture the key performance metrics, including
training completion time, inference time, and
computational complexity - Giga Floating Points
Per Second (GFLOPs).

Model YOLOv8n YOLOv9c YOLOv10n YOLO11n
Precision (P) 0.977 0.985 0.919 0.981
Rappel (R) 0.978 0.982 0.881 0.967
mAP@50 0.992 0.991 0.967 0.991
mAP@50-95 0.893 0.952 0.872 0.87
Inference 9.9ms 133.6ms 12.5ms 10.4ms
Train Time 0.941 hrs 19.053 hrs 1.202 hrs 1.025 hrs
GFLOPs 8.1 102.3 8.2 6.3

The comparative analysis drawn from Table 3 is
that YOLOv9c achieved the highest performance
metrics in recall of 98.2% and an excellent
mAP@50-95 of 95.2%. However, it utilized a
higher computation cost of 102.3 GLOPs and a
longer training period of 19.05 hours, making it
impractical for deployment on resource-
constrained and edge-computing devices like
smartphones.  Similarly, =~ YOLOv8n also
demonstrates a higher metric with faster
inference speed of 9.9ms and training duration
0f 0.941 hours, but requires higher computation
complexity, making it less recommended for
resource-constrained devices [28]. YOLOv10n,
on the other hand, demonstrated the lowest
metrics with higher inference, training period,
and GLOPs, highlighting a limitation in
robustness compared to YOLOv11n.

Finally, the proposed YOLOv11n achieved high
metrics while maintaining a lightweight
computational complexity of 6.3 GFLOPs with a
shorter training time of 1.025 hours compared
to YOLOv9c and YOLOv1On [29]. It
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demonstrated a balanced trade-off with faster
inference of 10.4ms, making it suitable for
mobile deployment without compromising
detection accuracy and computing resources
[30]. Overall, YOLOv11n has proven to be the
most practical model, striking a balance
between accuracy, efficiency, and hardware
compatibility, making it the preferred
architecture for cocoa disease detection in
resource-limited environments.

4.3 Limitations and future direction

Despite the great performance metrics of the
proposed model, limitations such as leaf
orientation and illumination exist in field
deployment. This poses a challenge to disease
detection accuracy and reliability. In addition, the
proposed model does not address the issue of an
automatic mechanism for emerging disease
strains. Future research should focus on
incorporating an automatic update mechanism
and a multi-label detection mechanism for
detecting emerging disease strains.
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5. CONCLUSION

In this paper, a mobile-friendly machine learning
model was developed and evaluated on a cocoa
leaves’ disease dataset. The model was
successfully optimized for mobile devices, with a
principal focus on compatibility with edge
computing devices, accuracy, and efficiency. The
Yolov11 model was trained and optimized for an
edge device for real-time cocoa disease detection
and classification. The results demonstrate an
excellent performance in identifying and
classifying various common cocoa diseases, while
being fast in prediction and lightweight, making
it suitable for remote areas' cocoa farmers to
utilize. The results show that the proposed model
achieved an average accuracy of 99% and an
average  background  noise of  22%,
demonstrating its ability to reduce background
noise while maintaining accuracy. Also, the
model achieved a precision of 99.2% across all
classes and an IoU threshold of 0.5, depicting a
high performance in a standard object detection
and multiclass classification environment. This
model can be integrated into mobile applications
for instant diagnosis, without dependence on an
Internet  connection or  powerful IT
infrastructure. This makes it a promising tool for
the fight against cocoa diseases, especially in
rural areas where access to phytosanitary
experts is limited. However, the model is limited
to detecting cocoa disease on an edge device but
does not incorporate diagnostic techniques,
necessitating future work to explore the
integration of explainable Al mechanisms, such
as Grad-CAM and SHAP, to guide farmers on a
precise preventive mechanism.
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