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Abstract:

Malaria remains one of the major public health problems in Africa, contributing significantly to high
morbidity and mortality rate in the region. Nigeria suffers the world’s greatest malaria burden. Out of the
various methods of diagnosing malaria, microscopy remains the gold standard for laboratory confirmation
of malaria parasite in endemic countries. However, the process requires a trained personnel, it is time
consuming, labour intensive, and depends on the quality of the microscope thus the need for a computer
aided approach. In this article, we explore a deep learning model (convolutional neural network) for
detecting malaria in blood samples with high validation accuracy and sensitivity.

Keywords — Deep Learning, Artificial Intelligence. Convolutional Neural Network, Transfer Learning, Graphic Processing
Unit
sk sk sk skeoskeosie stk sfeskeoske st st seoskoskeske stk seskeoskoek

shown that the occurrence of malaria parasite has
increased since 2015 (Kassam et al., 2021). Malaria
diagnostic tools have advanced significantly,
evolving from traditional microscope examination
of Giemsa-stained blood films to a variety of
modern techniques. These include rapid diagnostic
tests (RDTs), serology tests, and molecular methods
such as polymerase chain reaction (PCR), flow

L. INTRODUCTION

Malaria is a life-threatening disease caused by the
plasmodium parasites. It is transmitted through the
bites of the female anopheles mosquitoes. The early
diagnosis and treatment of malaria are essential for
reducing morbidity and mortality rates especially in
developing countries like Africa. According to

World Health Organization world malaria report cytometry assay (FCM), loop-mediated isothermal

2021, there were 241 million cases of malaria  ypplification (LAMP), and quantitative buffy coat
worldwide in 2020, resulting in an estimated 627, (QBC) (Onile-ere et al, 2016). Artificial

000 deaths. In 2022, the African region was home
to approximately 95% of all malaria cases and 96%
of deaths, with children under the age of five
accounting for 80% of all malaria deaths (WHO,
2022). Plasmodium falciparum is mainly found in
sub-Saharan Africa, constituting 99.7% of all cases
there in 2020 (WHO, 2022). Different studies have

intelligence (AI) as an umbrella word in the
intelligent computing is the design and
implementation of machines behaving at the level
of a human expert (Dong et al, 2017). When
addressing the medical diagnosis field, Al-based
systems can be beneficial in their ability to mimic
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human brain in more simple tasks. Rapid
development in the field of artificial intelligence
especially machine learning and deep neural
networks have emerged as a highly beneficial
solution in the diagnosis of various diseases. In
medical diagnosis, deep learning is particularly
useful as they can quickly capture unforeseen
patterns within complex and large datasets.

IL. RELATED LITERATURE

The introduction of deep convolutional neural
networks has brought about breakthroughs in
computer vision and image processing problems.
Convolutional neural network (CNN) provides an
efficient way to capture features of an image.
Recent studies have reported that CNN show higher
performances in  image  recognition  and
classification tasks (Rawat et al., 2017).

Mohanty et al., (2019) in their paper titled”
Automatic detection of malaria parasites using
unsupervised techniques” developed a system for
automatic malaria parasite identification from blood
smear images using two unsupervised techniques-
Auto Encoder and Self Organizing Map. The
models were trained using 1182 thick blood smear
malaria images dataset consisting of 750 x750
pixels obtained from android smart phone attached
to a Brunel SP150 microscope from Makerere
University.  Self-Organizing Map  technique
achieved an accuracy of 79.07%, sensitivity of 80%,
specificity 78% while Auto Encoder achieved an
accuracy of 87.5%, sensitivity of 84% and
specificity of 80%. More dataset should be used in
future works. Data augmentation should be
performed on the datasets to prevent the system
from over fitting. Also, other supervised data
reduction techniques should be applied in future
work to increase the accuracy of the model.

Reddy et al., (2019) developed a model for malaria
detection using resnet-50. The dataset consists of a
total number of 27, 558 divided equally into
infected and uninfected images. A training accuracy
of 95.91% and validation accuracy of 95.4% was
achieved. The model was trained on a local
computer which took more time when compared
with training on google colaboratory environment
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using GPU or TPU. The use of modern hardware
might increase the accuracy and can bring down run
time to a great extent.

Nakasi et al., (2019) presented a remote system that
provides fast, accurate and timely malaria diagnosis
using faster R CNN model. A dataset of 643 thick
malaria blood images were used to train the model.
The images are of dimension 750 x 750 pixels.
Image labeling and data augmentation were
performed on the dataset. The pre trained faster R-
CNN performed well with a mean average above
0.9306 and a sensitivity of 90%.

Shah et al., (2020) developed a model for faster and
cheaper plasmodium parasite detection in blood
smears using 17400 images of which 8,760 images
were parasitized while the other 8,700 images were
uninfected. The model yielded an accuracy of 95%.
Data augmentation should be performed on the
dataset to help improve the models robustness and
prevent over fitting.

Prakash et al., (2020) in their paper titled”
Convolutional neural network based malaria
parasite infection detection using thin microscopic
blood smear samples” developed a deep
convolutional neural network that can predict
malaria parasite infection from thin blood smear
samples using 24, 960 malaria samples obtained
from national library of science hosted by Lster Hill
National Center for Biomedical Communications
USA. Data augmentation was performed on the
dataset to increase data points. The model delivered
an F1 score of over 94%. Future work will be to
predict malaria parasite infection utilizing transfer
learning technique such as ResNet and VGG-16.
Other preprocessing techniques such as image
resizing and normalization should be performed on
the dataset to increase the accuracy.

Manescu et al., (2020) leveraged routine clinical-
microscopy malaria blood samples to train a deep
malaria convolutional neural network classifier
(Deep MCNN). The model also provides total
malaria parasite (MP) and white blood cell (WBC)
counts  allowing  parasite  estimation  as
recommended by World Health Organization. A
total of 300 blood samples were used for training
and validation. The system achieved sensitivity and
specificity of 0.92/0.90 respectively. More datasets

ISSN : 2581-7175

©IJSRED: All Rights are Reserved

Page 1236



International Journal of Scientific Research and Engineering Development-— Volume 8 Issue 1, Jan-Feb 2025

should be used in future research to achieve a
robust model. Because only 300 samples were used
to train the model, data augmentation should be
performed in future work to introduce variance and
prevent over fitting

Chibunta et al, (2020) proposed a low-cost
alternative and complementary solution for rapid
malaria screening for low resource settings. Their
aim was to develop a model that will potentially
reduce the dependence on manual microscopy. Two
datasets were used to train the model. Datasets A
contains 2703 images (1024 x 768 pixels) and
dataset B contains 1182 images (750 x 750 pixels).
Image labeling and image augmentation were
performed on the dataset. The model achieved
97.46% accuracy. The datasets were not resized to
fit the models input dimensions before feeding them
into the neural network. Also more dataset should
be used in future.

Silka et al., 2023 presents malaria detection using
advanced deep learning architecture. The blood
samples were smeared and the images are projected
using a mirror. The sample is used with the CNN
model to determine if the sample is infected or not.
Experiments are performed using infected and
uninfected samples for malaria. The model
generated an accuracy of 97.1% after 1000 epochs.
The paper by Kumar et al., 2024 investigates the
capability of deep learning models for determining
the type of parasitic organisms. Deep learning
models used are VGG19, ResNet50V2 and
EfficientNetB3 on a large dataset with six classes.
A classification accuracy of 99% was reported by
fine-tuning different parameters.

Shekar et al., (2021) developed a pre trained model
that automatically classifies malaria blood samples
as infected or uninfected. The model was trained
using 27, 558 malaria blood images. Data
Augmentation -Images resizing, image labeling,
image encoding were performed on the dataset. The

fine- tuned CNN model attained an accuracy of 96%

with sensitivity score of 93%, basic model achieved
accuracy of 94% with sensitivity of 92% and frozen
models achieved total accuracy of 92% with
sensitivity of 90%. Future work should be to
improve the models accuracy and sensitivity scores
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using other pre trained models such as VGG 19,
VGG 16, denseNet and efficientNet.

Diyasa et al., (2021) proposed a deep convolutional
neural network that predicts malaria parasite
infection from thin blood samples. Their model was
trained on 27, 558 malaria blood images obtained
from the national library of science. Data
augmentation (rotating, random image cutting),
image normalization (mean and standard deviation)
were performed on the dataset to increase data
points and prevent over fitting. They used two
different CNN architectures: Google Net model
achieved a total accuracy of 93.89% while Shuffle
Net achieved 92.50%. Precision, recall and f1 score
ranges from 0.92-0.95. Other CNN models such as
ResNet, VGG-16 and 19 should be used in order to
improve the accuracy. The image should be resized
as the input patch size of the CNN model can
influence the experimental results.

IIL. CONCEPT OF DEEP LEARNING

Deep Learning (DL) also referred to as deep neural
networks are improved version of artificial neural
networks with multiple layers. The deep learning
approach is a subset of machine learning stimulated
by the human brain’s data processing pattern (Xi et
al., 2019; Rizk et al., 2019). The multiple layers in
a deep neural network allow models to become
more efficient at learning complex features (Bengio
et al., 2009). Deep neural networks (DNNs) are
currently the foundation for many modern artificial
intelligence (Al) applications (LeCun et al., 2015).
Since the breakthrough application of DNNs to
speech recognition (Deng et al., 2013; Hinton et al.,
2012), natural language processing (Bordes et al.,
2014; Sutskever et al., 2014), medical image
analysis (Ker et al., 2017) and image recognition
(Szegedy et al., 2015; Shin et al., 2016), the
number of applications that uses DNNs has
exploded. They are employed in numerous
applications from self-driving cars to detecting
different diseases (Chen er al., 2015), audio and
speech processing (Adeel et al., 2020), visual data
processing (Tian et al., 2020), and natural language
processing (Young et al., 2018). The superior
performance of DNNs comes from its ability to
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extract high-level features from images (Lillicrap et
al., 2015; Bengio, 2013) which helps in the analysis
and prediction ability of complex problems. This is
different from earlier approaches that use rule
designed by experts or hand-crafted features. Deep

learning has proven more effective than
conventional machine learning algorithms in
solving  classification problem  with  high

dimensionality and complex features, especially
when trained with big data. The accuracy of DNNSs,
however, comes at the cost of high computational
complexity. Today we have more powerful
computer that runs in very high central processing
unit (CPU), graphic processing unit (GPU) and
tensor processing unit (TPU) giving deep learning
the ability to accommodate many hidden layers of
neurons. The DNN models are very popular due to
their excellent performance to learn not only
complex features but also the underlying structure
of the input data. Features are automatically
deduced and optimally tuned for desired outcome
without human intervention. In DNN, an algorithm
scans the data to identify features which correlate
and then combine them to promote faster learning.
As the name deep learning suggests, it consists of
higher or deeper number of processing layers,
which contrasts with shallow learning model with
fewer layers of units. The advancement of deep
learning can be attributed to the explosion of big
data in the last ten years (Goodfellow et al., 2016;
Shorten et al., 2021). Deep learning will continue to
impact in all areas of our lives from education,
finance, governance, healthcare, manufacturing,
marketing and others (Jordan et al., 2015). Various
deep learning architectures have emerged over time
such as multilayer perceptron, deep belief network,
radial basis, convolutional neural network, modular
neural network, recurrent neural network (Leijnen
et al., 2020; Pouyanfar et al., 2019; Young et al.,
2018).

A. Types of Deep Learning Models
1. Multilayer Perceptron (MLP)

The multilayer perceptron (MLP) is the
fundamental example of a deep neural network. The
architecture of a MLP consists of hidden layers to
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capture complex relationships in the training dataset.
It is the most popular, effective, and easy to learn
model for complex, multilayered networks (Zhao et
al., 2010). A typical multilayer perceptron network
consists of a set of source nodes forming the input
layer, one or more hidden layers of computation
nodes, and an output layer of nodes. The input
signal propagates through the network layer-by-
layer. Multi-layer feed forward back propagation
algorithm is used to train the network and tests the
performance of the network. MLP networks are
typically used in supervised learning problems. This
means that there is a training set of input-output
pairs and the network must learn to model the
dependency between them. Multilayer perceptron
network is a popular learning algorithm in a sense
that neural network knows the desired output and
adjusting of weight coefficients is done in such way,
that the calculated and desired outputs are as close
as possible. MLP are usually applied in speech
recognition and classification tasks. Suppose we
have a 28 x 28 pixel set of image data, a feed
forward neural network or multilayer perceptron
will need 784 input weights plus a bias. This is a lot
of learning parameters which is very expensive in
terms of memory and computations. By flattening
an image in MLP, the spatial relationships of the
pixels in the images are lost.
2. Recurrent Neural Network (RNN)

A recurrent neural network (RNN) is any network
whose neurons send feedback signals to each other.
They are developed to solve learning problems
where information about the past (ie., past
instants/events) is directly linked to making future
predictions. RNNs have traditionally been used in
analyzing sequential data, such as the words in a
sentence. Due to their ability to generate text
(Sutskever et al., 2011), RNNs have been employed
in text analysis tasks, like machine translation,
speech recognition, language modeling, time-series
data, event sequence, text prediction and image
caption generation (Karpathy et al., 2015). In a
plain RNN, the output of a layer is added to the
next input, and this is fed back into the layer,
resulting in a capacity for contextual “memory'.
Such sequential examples play up frequently in
many real-world tasks such as language modeling
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where the previous words in the sentence are used
to determine what the next word will be. Also in
stock market prediction, the last hour/day/week
stock prices define the future stock movement.
RNNs are particularly tuned for time series or
sequential tasks. This feedback framework enables
the network to incorporate information from past
sequences or from time-dependent datasets when
making a prediction.

3. Modular Neural Network (MNN)
A modular neural network is characterized by a
series of independent neural networks. Each
independent neural network serves as a module and
operates on separate inputs to accomplish some
subtasks of the main task (Azam, 2000). The
intermediary takes the outputs of each of the
module and processes them to produce the output of
the network as a whole. As a result, large and
complex computational processes are done
significantly faster by breaking it down into
independent components. The computation speed
increases because the networks are not interacting
with one another. Applications of modular neural
networks are in stock market prediction systems
and compression of high level input data.
In image related binary or multi-class classification
tasks, convolution neural networks are used because
of their automatic feature extraction and ability to
reduce the size of the image. It performs better with
large datasets when compared with machine and
other deep learning methods.

4.  Convolutional Neural Network
Convolutional Neural Network (CNN) is an
artificial neural network and a class of deep neural
networks that are extremely successful in image
classification problems (Zhang et al., 2018). In
convolutional neural network is the most famous
and commonly employed algorithm in the field of
deep learning (Zhou, 2020; Jhang et al., 2020; Al-
Azzani et al., 2020; Wang et al., 2020; Li et al.,
2021). Tremendous progress has been made in
image recognition, primarily due to the availability
of large scale annotated datasets such as ImageNet
and deep convolutional neural networks
(Krizhevsky et al., 2012). They are multi-layered
networks that attempts to mimic the neural
connectivity found in the visual cortex of the brain
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and are designed to recognize visual patterns. CNN
works with multi-dimensional image data. CNNs
are the most researched deep learning algorithm in
medical image analysis (Litjens et al., 2017). The
reason for this is that CNNs preserve spatial
relationships when filtering input images. The role
of the convolutional network is to reduce the
images into a form which is easier to process,
without losing features which are critical for getting
a good prediction. CNN neurons have sparse
connections, meaning that only some inputs are
connected to the next layer. By having a small,
local receptive field (i.e., the area covered by the
filter per stride), meaningful features can be
gradually learnt, and the number of weights to be
calculated can be drastically reduced, increasing the
algorithm's efficiency. Most active solutions that
improve the performance of CNN are by expanding
the dataset with data augmentation or using transfer
learning, regularization techniques and hyper
parameter tuning. Convolutional neural network
consists of five layers: an input layer, a
convolutional layer, a pooling layer, a
fully-connected layer, and an output layer
(Simonyan et al., 2015). These layers are divided
into two stages: feature extraction and classification.
Feature extraction consists of an input layer, a
convolutional layer, and a pooling layer, while
classification consists of a fully-connected layer
and an output layer.

A CNN takes an input image of raw pixels, and
transforms it through the convolutional layers and
the pooling layers. This is fed into a fully connected
layer which assigns class scores or probabilities,
thus classifying the input into the class with the
highest probability.

Each layer consists of neurons that have learnable
weights and biases. CNN uses filter or kernel as its
weights. The ideal model is achieved after feeding
data into the network and minimizing the loss
function at the top layer. During training, CNN
automatically learn features based on these filters.
If a photograph of a face was fed into a CNN,
initially low-level features such as lines and edges
will be discovered by the filters. These build up to
progressively higher features in subsequent layers,
such as a nose, eye or ear, as the feature maps
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become inputs for the next layer in the CNN
architecture..

I.  The first layer extract basic features from
raw pixel data such as horizontal or vertical
edges, dots, lines, corners etc.

II.  The output is passed to the second layer
which uses these edges to detect shapes in
the second layer.

III.  As you move deeper into the network, it
uses the shapes to detect more complex
features like faces, body, objects.

IV.  Finally, it uses the highest-level features to
make prediction in the last layer.

Fully
Convolution Connected
Pooling 'O Output
Input
o O
L 00
\ AN )

Feature Extraction Classification
Figure 1: Convolutional Neural Network (Szegedy et al., 2015)
Figure 1 shows how a convolutional neural network
works. CNN is in two stages. The first is the feature
extraction stage and the second is the classification
stage. The feature extraction stage is made up of the
input layer, convolutional layers and pooling layers.
The input is the image we want to extract features
from and use these features for classification. The
convolutional layers are the heart of a convolutional
neural network. The pooling layer is also called the
sub sampling layer. Pooling extracts dominant
features from the feature maps. It helps to further
reduce the image dimensions which also reduces
the computation required. It also helps to avoid over
fitting. The reduced image can then be flatten and
fed into the classification stage of the convolutional
neural network. The classification part is made up
of the fully connected layers. It is also called the
dense layer because every neuron in the next layer
is connected to every other neuron in the previous
layer. The fully connected transforms these features
to produce an output by assigning class score or
probability scores to the images using sigmoid
activation function.
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B. Transfer Learning

Generally, transfer learning refers to a process
where a model that was trained on one problem is
used in some way on a second related problem
(Kermany, 2018). Deep neural network requires
large number of images to perform well. Deep
learning models are data hungry, and the quality of
dataset has always been the key parameter for
models to achieve optimum results. This is very
important when handling medical dataset because
their quality is crucial for proper analysis. Unlike
general image recognition tasks, the field of
medical imaging suffers from lack of sufficient data
for training deep neural networks. According to the
Conference on Machine Intelligence in Medical
Imaging (C-MIMI) that was held in 2016 (Kohli et
al., 2017), machine learning and deep learning are
starving for large scale annotated datasets. Another
challenge is obtaining well annotated medical
dataset in a systematic fashion. It is also difficult to
obtain high quality and balanced datasets with
labels in the medical domain. Medical images are
mostly imbalanced in most cases as negative
samples are much more numerous than positive
ones and vice versa (Johnson et al., 2019).
Researchers often rely on field experts to label
these images; however, this process is costly and
time consuming (Tan et al., 2018). In addition,
medical images are hard to obtain due to privacy
issues (Price et al, 2019).

Building and training deep learning model requires
large datasets to avoid a cold start. Fortunately,
models do not always have to be trained from
scratch. Primarily, lack of data and time needed to
train a CNN from scratch are the reasons for using
transfer learning (Szegedy et al., 2015). The
concept of transfer learning allows models that are
trained on general datasets such as ImageNet,
CIFAR 100, or MNIST to be specialized for
specific tasks by using a considerably smaller
dataset that is problem-specific (Pouyanfar et al.,
2019). As these pre-trained models were trained on
huge dataset, they have learned a good
representation of low level features like edges,
corners, lighting, shapes and these features can be
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shared across to enable the knowledge transfer.
Transfer learning approach enables one to adopt a
pre-trained network that has already learned a rich
set of low-level features. These new images might
be of completely different categories from the
source dataset, but the pre trained model should still
be able to extract relevant features from these
images based on the principles of transfer learning.
In other words, pre trained models generalizes well
to images outside imagenet.

There are a lot of pre trained convolutional neural
network models that can be used for image
classification and computer vision tasks. They
include AlexNet (Krizhevsky et al., 2017), Resnet
(He et al., 2016), Googlenet (Szegedy et al., 2015),
Lenet, Visual Geometry Group (Simonyan et al.,
2015). These models were trained on ImageNet
dataset.

Iv. METHODOLOGY

Software system development life cycle (SDLC)
provide the foundation for the processes used to
develop an information system. There are many
different systems development methodologies, and
they vary in terms of the progression that is
followed through the phases of the SDLC. Cross
Industry Standard Process Data Mining (CRISP-
DM) can be closely aligned and integrated with
agile development methodology. Cross Industry
Standard Process Data Mining (CRISP-DM) is an
open standard process model that describes
common approaches used by data mining experts. It
is a process model with six phases that naturally
describes the data science life cycle. It helps to plan,
organize and implement data science projects.
CRISP DM is the most widely used form of data
mining model (Chapman et al., 2000). It is a robust,
flexible and well proven methodology that provides
structured approach to any data science problems.
We chose this methodology because it clearly
defines the different approach needed to realize the
aim of our research work.

Agile methodology is an iterative approach to
software development projects. It embraces
changing requirements and the sequence of the
phase is not rigid. Moving back and forth between
different phases is always required. CRISP DM and
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agile complement each other for efficient and
effective data science delivery. CRISP DM guides
data science projects on what to deliver and in what
sequence while agile helps on how to deliver
working product successfully. There are several
approaches to agile development such as extreme,
scrum and dynamic system development method.
Extreme programming emphasizes communication
between stakeholders and programmers, customer
satisfaction, teamwork, simplicity and feedback.

Figure 2: Flow Diagram of a Cross Industry Standard Process
Data Mining (Workneh, 2020)

C. Data Preprocessing, Augmentation and Splitting

Before training a deep learning model, datasets
must undergo essential preprocessing
transformations, which significantly impact the
model's performance and learning. Neural networks
rely on high-quality datasets for accuracy.
Preprocessing steps for malaria image classification
include tasks like data augmentation (image
resizing and normalization), data cleaning, labeling,
and noise removal. Skipping these steps can lead to
misclassification errors (Murtaza et al., 2019). For
example, the Visual Geometry Group 16 (VGG16)
model requires input images with dimensions 224 x
224 x 3. Effective preprocessing is critical, as the
quality of formatted data determines the model's
ability to learn effectively.
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Data augmentation is a preprocessing technique
used to enhance datasets by generating additional
data points through manipulations of the base data.
This is particularly valuable for deep learning
models, which require large datasets for effective
training. In fields like medical diagnosis (e.g.,
malaria and cancer), where data availability is
limited due to privacy concerns, augmentation
creates diverse versions of similar content, exposing
models to a broader range of examples. Commonly
used in image-based deep neural networks,
augmentation increases dataset size and introduces
variance by applying transformations while
preserving core features (Shorten et al., 2019; Saleh
et al., 2021; Hirahara et al., 2020). This process
helps models learn more robust features, improving
classification accuracy and generalization.

Splitting  datasets into three parts—training,
validation, and test sets—is essential in machine
and deep learning to promote model generalization.
Generalization refers to a model's ability to adapt to
new, unseen data.

Training datasets uses about 70-80% of the total
dataset. This is used to train the model. Validation
data makes up of 10-20% of the data. It evaluates
the model's accuracy and performance during hyper
parameter tuning (e.g., adjusting weights and

learning rates). Test data uses 10-20% of the dataset.

This portion evaluates the model's performance on
unseen data, ensuring it generalizes well beyond the
training phase.

D. Model Training and Testing

Deep learning frameworks and libraries have
significantly streamlined model training, yielding
improved results. Due to hardware limitations,
training the model on Google Colaboratory
environment using Python libraries like Keras 2.2,
TensorFlow 2.0, NumPy, Matplotlib, Scikit-learn,
and Seaborn is better than using a local computer.
The system operated on Windows 10, with 4 GB
RAM and a 64 GB CPU. This approach facilitated
efficient and effective model development.

E. Performance Evaluation
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Evaluating a model is a core part of building an
effective deep learning model. Evaluation metrics
explain the performance of a model. Different
evaluation metrics are used such as confusion
matrix - sensitivity, fl score, accuracy, specificity,
f- beta score, receiver-operating characteristics
curve (ROC), and area under the curve according to
some  specific  regularities and  criteria.
Classification evaluation metrics are confusion

matrix- accuracy, fl score and sensitivity scores.
V. Summary and Conclusion

Malaria has had a profound effect on human lives
for thousands of years and remains one of the most
serious, life threatening disease. Early and accurate
malaria diagnosis is essential for effective treatment.
Delay and misdiagnosis of malaria can jeopardize a
patient health which may lead to serious
complications. This paper presents a novel solution
for malaria diagnosis using deep learning. It is a
neural network model that is used to train and
analyze images of blood smears and identify the
presence of malaria parasites. It accurately
identifies malaria parasites with a high sensitivity
score and validation accuracy. This is a valuable
tool in the fight against malaria. The model also
helps in timely malaria diagnosis and treatment in
line with meeting WHO global target of reducing
malaria mortality rates by 90% by 2030 along with
completely eradicating malaria worldwide by 2040.
This will help reduce the workload on healthcare
professionals and improve the efficiency of the
diagnostic process.
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