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Abstract. Food security is a vital aspect of the United Nations’ Sus-
tainable Development Goals (SDGs) which aims to promote sustainable
farming in the world. Farming-driven economies such as Ghana are faced
with challenges due to plant diseases. Cacao, a vital crop in Ghana is
severely impacted with diseases which affect its yield and decrease ex-
ports revenue through reduced exports. Leveraging deep learning tech-
niques offers an effective solution for early detection of diseases in cacao
plants. This study adopts a comprehensive approach, starting with an
Exploratory Data Analysis (EDA) of the dataset containing images of
both healthy and diseased cacao plants from Ghanaian farms. Using ex-
ploratory data analysis (EDA), we can identify patterns and understand
the characteristics of the dataset, laying a solid foundation for develop-
ing robust machine learning models tailored to the specific challenges
faced by Ghanaian cacao farmers. Our approach involves developing and
evaluating deep learning models to detect and classify cacao plant dis-
eases. These models are designed with the Predictability, Compatibility,
and Stability (PCS) framework in mind, ensuring reliability and effective-
ness in disease detection. The custom convolution neural network (CNN)
model outperformed other models considered in experimental analysis.
This study aims to revolutionize cacao farming through precise, stable,
and ethical deep learning solutions, ultimately enhancing crop resilience,
productivity, and the livelihood of Ghanaian farmers.

Keywords: Machine learning · Deep learning· computer vision· convo-
lution neural network· model · visualization.

1 Introduction

Cocoa, a key ingredient in chocolate, cosmetics, and health products, is one of
Ghana’s most important agricultural exports, making the country one of the
largest exporter of cocoa globally [3]. However, the declining trend in cocoa pro-
duction is attributable to various diseases affecting cacao plants, highlighting the
urgent necessity for effective tools to detect and control plant diseases early [2].
Currently, farmers lack sufficient and affordable instruments for timely disease
detection and classification, impacting their yield and income [11].

This project focuses on the development of a deep learning model for the
detection and classification of cacao plant leaf diseases, utilizing a dataset that
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includes images of both healthy and diseased plant leaves from Ghanaian farms
and open-source repositories. The initial phase involves Exploratory Data Analy-
sis (EDA) to uncover insights and patterns within the dataset, which is crucial for
building accurate and reliable models. A comparative analysis of deep learning
techniques was performed by considering custom Convolution Neural Network
(CNN), ResNet50, and EfficientNetB0 models. The models are developed and
evaluated using the Predictability, Compatibility, and Stability (PCS) frame-
work to ensure they are of high quality. Due to its outstanding performance, the
custom CNN model is selected and implemented in this project.

The primary problem addressed by this article is the need for a reliable
and cost-effective solution for early detection and classification of cacao plant
diseases. By leveraging deep learning techniques, this project aims to develop a
model capable of accurately identifying diseased cacao plant leaves using image
data. This model can be deployed in a user-friendly application that provides
real-time diagnostic feedback to farmers, enabling them to manage plant health
more effectively and improve their crop yields.

The main research question is: How effective are convolution neural networks
(CNNs) in detecting diseases in cacao plants? To address this, we break it down
into three sub-questions:

1. How can you minimize false positives and achieve high accuracy?
2. What role does hyper-parameter fine-tuning play in building a robust model?
3. How does the quality and diversity of the training dataset impact the per-

formance and generalization ability of the disease detection model?

These questions will guide the development of an accurate model, contributing
to the advancement of cacao plant disease detection and classification, ultimately
improving food security and the global supply.

2 Related Work and Literature Survey

2.1 Introduction to Plant Disease Detection

Plant diseases threaten the world’s food security and have a significant detrimen-
tal impact on agricultural productivity. Early disease diagnosis and treatment
are critical to preserving sustainable agriculture and increasing crop yields. Tra-
ditional disease detection methods are expert examination-based, expensive [14]
and time-consuming, which large-scale farmers cannot afford [8], [11]. Although
the manual method of identifying and tracking diseases in cacao leaves is the
standard approach, it necessitates a significant amount of labor, knowledge of
plant diseases, and lengthy processing times [11], [15]. As a result, modern ap-
proaches that leverage machine learning (ML) and deep learning (DL) techniques
have gained popularity and offer automated, accurate, and timely plant disease
detection solutions. An interesting discovery that has the potential to drasti-
cally change the cocoa farming environment is the incorporation of AI through
CNNs to detect these agricultural challenges in Ghana’s cocoa estates [2]. This
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technology promises to manage crop health in a more accessible, precise, and
effective manner, which will not only increase productivity but also assure the
sustainability of cocoa cultivation in the face of changing difficulties.

2.2 Body

Machine learning techniques are extensively employed in agriculture to perform
tasks such as soil analysis, crop yield prediction, and disease identification [7].
With the development of technology came techniques for the quicker and sim-
pler identification of plant diseases, such as remote sensing, image segmentation,
and soft computing [11]. Machine learning approaches such as Random Forests
(RF), Decision Trees (DT), Support Vector Machines (SVM), and k-Nearest
Neighbours (k-NN) have shown promise in the classification and detection of
plant diseases [4]. While plant disease symptoms can be effectively classified
using machine learning (ML), the techniques requires several labour intensive
feature extraction and pre-processing steps that are less adaptable when utilized
with different datasets [4]. Deep learning’s ground breaking work, particularly
with regard to its use of convolution neural networks (CNNs), which have revo-
lutionized the field of computer vision, has tremendously aided in the diagnosis
of plant diseases. Natural language processing, speech processing, and picture
and video processing have all made extensive use of deep learning [13]. Convolu-
tional neural networks is a subset of artificial neural networks (ANN) currently
widely utilized for object recognition, segmentation, and picture classification [7].
Numerous industries, including health, agriculture, the web, mail services, etc.,
have extensively adopted CNN. A neural network can identify patterns, catego-
rize data, and predict future events by learning from historical data [7]. CNNs
are ideal for image-based disease detection applications because they automat-
ically extract features from raw data, eliminating the need for manual feature
engineering [1], [3]. Deep learning models have shown to be more accurate and
resilient in a range of environmental conditions and plant species when it comes
to diagnosing plant diseases from pictures.

The field of work on CNN-based disease detection in plants is very new,
yet it is expanding significantly [2], [9]. CNNs, which represent deep learning
paradigms, have proven crucial in helping farmers overcome challenges related
to crop cultivation. By examining images of plant leaves, CNNs can accurately
detect the signs of plant diseases. This approach makes use of CNNs’ ability to
analyse large volumes of visual data and spot complex patterns, which makes
them ideal for spotting subtle medical signs that could be challenging for human
professionals to detect. Plant diseases have recently been categorized using a
number of CNN architectures, such as AlexNet [12], VGGNet, ResNet [5], [8],
EfficientBO, LeNet-5, VGG-16 and Custom CNN [9], [10]. An example study
that used CNNs to classify cocoa pods demonstrated the effectiveness of the
EfficientNetB0 model and proposed it as the best model for that particular task
[9].Although the depth and complexity of these designs vary, fully connected
layers are used for classification, pooling layers are used to reduce dimension-
ality, and convolution layers are used to extract features. The efficacy of these
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models in other plant disease scenarios suggests that a similar adaption of these
algorithms could be advantageous for the identification of cacao plant diseases.

Developing a CNN-based model for plant disease diagnosis involves several
important steps. First, exploratory data analysis (EDA) is performed in order
to understand the dataset [11], [13]. Pre-processing tasks including noise reduc-
tion and normalization are carried out, as well as an analysis of the distribution
of images across different disease categories and a visual inspection of disease
symptoms [3]. A variety of CNN models are trained and evaluated using EDA in
order to determine the best architecture. To enhance the model’s performance
and generalizability, methods such as hyper-parameter tuning, data augmenta-
tion, and cross-validation are applied.

One of the main obstacles to using CNNs for plant disease identification is
the need for vast and diverse information [3]. Acquiring good-quality images of
plants that are disease-ridden and healthy is a challenge. In order to expand the
variety and size of datasets on purpose, data augmentation techniques have been
applied to improve the accuracy and robustness of the models.

The efficacy of artificial intelligence (AI) models can be affected by variable
field conditions, such as weather and lighting. The influence of these environmen-
tal factors on disease detection based on images required models that are able
to adapt to these variations. Advances in transfer learning offer practical means
of adapting previously trained models to fit novel environments, enhancing their
applicability in numerous agricultural scenarios [3].

For AI technology to be extensively employed in the agriculture sector, it
must be simple to use and accessible to farmers [5]. AI technology can greatly
improve crop health and output by offering prompt and accurate plant disease
identification. In addition to increasing productivity, this technology integration
minimizes crop losses and cuts down on the need for chemical treatments, which
supports the sustainability of cacao farming as well. There are significant wider
ramifications for this technology. As mentioned in [2], comprehensive monitor-
ing systems can be created by combining ground-level observations with data
from remote sensing, including satellite images. These systems have the poten-
tial to offer insightful information about crop health, facilitating more focused
and efficient interventions.

The application of CNN-based deep learning algorithms to the diagnosis of
plant diseases in cacao shows great potential for improving farming methods [9].
These models can support sustainable farming methods, lessen crop losses, and
lessen the need for chemical pesticides by offering precise, fast, and automated
disease identification. To further improve these technologies and extend their
applicability to a wider range of crops, including cacao plant diseases, ongoing
research and development in this field is essential. The revolutionary potential
of CNNs in plant disease detection is emphasized in this literature review, which
also emphasizes the significance of data quality, model optimization, and acces-
sibility in order to optimize the advantages of AI in agriculture. We seek to add
on the literature with our extensive model.
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Our study introduces a novel cacao disease detection and classification model.
Through this comprehensive literature review, we identified gaps in current re-
search and developed a light weight custom CNN model that can be used by
farmers for cacao plant leaf disease and classification. Our contribution lies in
advancing existing methodologies and providing new insights into disease detec-
tion and classification in Cacao plants, thereby enriching the current body of
research in this domain.

3 Methodology

Goal setting forms a key element in project scoping which is the initial stage
of a project. Goal and needs analysis were done as a way of understanding the
problem statement of the project. The main objective of the project is to build a
cacao plant leaf detection and classification model to identify cacao leaf diseases.
The next step of the project was to decide on the relevant methodology to
employ in our study. Deep learning models such as Convolution Neural Networks
(CNNs) are designed to process and analyze data. There are wide variety of
architectures which exist in CNNs therefore it was necessary to do experimental
and comparative analysis. As such, this was the methodology approach used.
Input data for our project are images of both healthy and diseased cacao plant
leaves. These images were obtained from different sources and are representative
of all farming regions in Ghana. There are three classes in the dataset namely
anthracnose, cocoa swollen shoot virus and healthy cocoa. A sample image from
each class is shown below.

Fig. 1: (left) Image of cacao leave affected by Anthracnose, (middle) image of
cacao leaf affected by swollen shoot and (right) healthy cacao leaf

It can be seen from images above that at times an image can have multiple
leaves in it and this was important to have in our model as it is reflective of the
true reality in the farms. When a farmer takes an image to classify it, there may
be other cacao leaves in the background therefore model should be able to handle
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such cases. Exploratory Data Analysis (EDA) is a process of analysing input data
so as to gain understanding which will help inform modelling decisions. This will
be discussed in more detail in the next section .

Data pre-processing helps identify outliers and possible issues with the dataset.
This involves data cleaning which is necessary to ensure data quality is good so
that sound and accurate models can be developed. There are other aspects also
considered such as image augmentation, data transformation, data splitting. Im-
age augmentation is the process of making adjustments such as rotation, flipping,
cropping to achieve better quality images. Data transformation is the process
of making changes to the images for example resizing and normalisation. The
image target size defined in the model is 224 pixels so all images were resized
to 224pixels. Image normalisation is performed so as to scale pixel values to a
standard range (0,1), where zero represents the mean and one is the variance.
This helps ensure that all image features contribute equally to the model min-
imising bias. Data splitting is a fundamental step in model building and this
involves creating a subset of the data which will be used for training, validation
and testing purposes. Our data is split into 70% and 30% for training and testing
purposes. The training dataset is further split into 70% and 30% for training and
validation purpose. The training dataset is used for building the model and it
is during the phase when the model learns patterns and features are extracted.
Validation dataset is used for hyper-parameter fine tuning and monitoring of the
model performance ensuring there is no over-fitting. The testing dataset helps
provide an evaluation of the final model performance. Testing the model with
unseen data ensures that there is no bias in model performance. Splitting of the
data helps deal with data leakage and generalization ability of the model.

Model Building Given the abundant CNN architectures, we explored three
different ones namely ResNet50, custom CNN and EfficientNetB0. The key ob-
jectives in the model development phase are as follows:

– Develop a cacao plant leaf disease detection and classification model which
can be used by farmer.

– Minimize false positives and have high prediction ability.

[2] discussed the potency of CNNs in disease detection and further delved
into intersection of agriculture and Artificial Intelligence (AI). Convolution neu-
ral networks have the ability to capture spatial hierarchies in the data due to
the different layers which they have. There are four main layers which are con-
volution, pooling, fully connected and output layer.

An image is inserted into the neural network and this is of size (224,224,3)
where 224 is the image size and three represents RGB color channels. The con-
volution layer is responsible for extracting features and patterns in the image
through kernel filters. Each filter slides over the image and performs element-
wise mathematical operations and produces a single output for each region. After
that, a feature map is produced and sent to the Rectified Linear Unit (ReLU),
where an activation function is used to give the network non-linearity and the
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ability to recognize intricate patterns. The pooling layer is used for spatial di-
mensions reduction whilst ensuring important features are retained. Normalising
feature maps helps with training stability and convergence. After this, the fea-
ture maps are flattened meaning that the multi-dimensional array of features is
reshaped to one vector which will go through the fully connected layers. Fully
connected layers, also called dense layers help in learning of complex relation-
ships through combining features. Dropout prevents over-fitting therefore its key
that the neural network has it. The output layer is responsible for producing the
final class prediction.

The models considered in the experimental analysis follow the process de-
scribed above however they have distinguishing elements and functions. The
EfficientNetB0 architecture encompasses compound scaling. This means that
network depth, with and resolution are scaled by some parameter. This model is
computationally expensive due to it having seven deep layers. ResNet50 archi-
tecture is different in that it has fifty dense layers and an extra layer for residual
block responsible for addressing disappearing gradients. The final model selected
is the customised CNN which performed well compared to the other two. Ensem-
ble learning where all three models were combined was also performed, however,
this produced low accuracy. The process flow shown below summarises the end-
to-end process followed in this project.

Fig. 2: Process Flow
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4 Exploratory Data Analysis (EDA)

The numerous exploratory data studies of cacao plant leaves data that are per-
tinent to the development of an effective and precise disease detection model are
examined in this subsection.

4.1 Cross Balance Analysis

There are several discrepancies in the data classifications, which could impact
the analysis’s findings. The cross balance analysis analyzes the distribution of
data across different data classes. The results from the analysis indicates that
the distribution of images across the cocoa swollen shot virus, the anthracnose
and healthy classes is 3422, 2991 and 1495 images respectively. This could skew
the model toward majority groups and reduce its accuracy toward minority
groups. To increase the model’s predicted accuracy, corrective measures like data
augmentation, class weighting, or data resampling may be required.

4.2 Distribution of Image Sizes

Image size is an important attribute of the dataset therefore understanding this
information is helpful in creating a robust model. It is important that cacao plant
leaves sizes are resized to a certain target size. A target image size is specified
and all images are transformed to have that size. The bar graphs in Figure 3
below shows the distribution of images sizes for each class.

(a) Anthracnose (b) CSSV (c) Healthy

Fig. 3: Image Size Distribution for Classes

Based on the bar graph illustrations there is evidence that the pixel sizes
of cacao plant leaves follow the normal distribution. However, there exists some
outliers which need to be dealt with.

4.3 Spatial Heatmaps

Spatial heatmaps highlight the regions of an image that contribute most to the
detection and classification of image class.
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(a) Anthracnose (b) CSSV (c) Healthy

Fig. 4: Spatial Heatmaps for Classes

The heatmaps above show the parts of the image that are indicative of a
particular cacao plant leaf disease. The majority, especially the central region of
the leaf contributes the most to the detection of anthracnose in cacao plant leaf
and it actually represent the majority of the leaf. Although not that significant,
the central region of healthy cacao plant leaf is more relevant for the detec-
tion/identification of healthy cacao than any other part of the leaf. For cocoa
swollen shoot virus, it is the leaf edges which contributes much to the accurate
detection of the plant disease. These are the areas of the leaves which the CNN
model focuses on much to detect and classify cacao plant leaf diseases.

5 Model Results

5.1 Model Accuracies

In this section, we discuss model results by looking at two metrics namely ac-
curacy and loss. We evaluated the model’s accuracy in terms of three aspects
ie training, validation and testing accuracies. The training, validation and test-
ing accuracies after five epochs are 98%, 94% and 94% respectively. The model
showed a strong ability to learn and generalize, as indicated by the high ac-
curacy scores. Loss represents a quantitative measure of how well a model’s
predictions match the true classes in the dataset. It quantifies the difference
between predicted classes and the actual ground truth. Lower loss indicates bet-
ter performance of the model. The final training loss values after five epochs
for the model were 0.04, 0.24 and 0.25 for training, validation and testing loss
respectively. The decrease in training loss indicates effective learning, while the
stabilization of validation loss suggests that the model is not over-fitting and
retains its generalization capabilities.

In terms of computability, the model requires approximately 1200 seconds
per epoch for training and 250-260 seconds for evaluation, manageable within
typical deep learning resource constraints. The model is feasible for deployment
with appropriate hardware. Stability is evidenced by consistent accuracy and loss
values across epochs, with validation and test accuracies remaining close (93.1%
to 94.4%) and validation loss stabilizing around 0.21 to 0.24, indicating robust-
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ness. The model’s stable performance across different training stages confirms
its reliability for practical deployment in cacao leaf disease classification.

5.2 Confusion Matrix

To further assess the model performance, a confusion matrix is used to uncover
false negatives and false positives.

Fig. 5: Confusion Matrix

The model performs exceptionally well for anthracnose class with high pre-
cision (0.94) and recall (0.97), resulting in a high F1-score (0.96). This indicates
the model is very good at identifying anthracnose with few false positives and
false negatives. The model also performs very well for the cocoa swollen shoot
virus class, with precision and recall both at 0.94 and 0.93 respectively, resulting
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in a balanced F1-score of 0.93. Although slightly lower than the other two classes,
the performance for the healthy class is still strong with precision at 0.92 and
recall at 0.89, yielding an F1-score of 0.90. This class has the lowest recall, indi-
cating some healthy cacao instances are being misclassified. The model achieves
an overall accuracy of 94%, indicating high performance across all classes. The
macro averages for precision, recall, and F1-score are 0.94, 0.93, and 0.93, respec-
tively. This suggests consistent performance across all classes, regardless of their
individual support counts. The weighted averages are also 0.94 for precision, re-
call, and F1-score, confirming that the model maintains high performance even
when considering the class distribution.

In conclusion, the model is highly effective in accurately identifying and clas-
sifying cacao plant leaf diseases, demonstrating strong predictability, balanced
performance across classes, and overall high reliability.

6 Conclusion

In conclusion, the development of deep learning model for cacao plant leaf disease
detection and classification presents a transformative opportunity for the agri-
cultural sector. By providing farmers with a tool that enables real-time analysis
and diagnosis through image uploads, we can significantly enhance the precision
and timeliness of disease management. This capability hinges on robust data
pre-processing, exploratory data analysis, and effective data visualization to en-
sure model accuracy and reliability. The research questions posed at the onset
of the project have been addressed and answered through meticulous and com-
prehensive model building. The model performance is remarkable and this was
as a result of hyper-parameter fine tuning and good pre-processing techniques
employed. The cacao plant leaf disease detection and classification project has
successfully developed a robust Convolution Neural Network (CNN) model to
accurately identify and classify cacao plant leaves diseases. Overall, this project
demonstrates the potential of AI and machine learning in revolutionizing agri-
cultural practices, providing farmers with advanced tools to ensure healthy crops
and sustainable farming practices.
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