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Abstract Original Research Article

Hemoparasitic infections, particularly those caused by Plasmodium spp., pose significant health challenges worldwide,
especially in resource-limited settings where traditional diagnostic methods are often inadequate. This study addresses
critical gaps in existing diagnostic practices, including the reliance on labour-intensive microscopy and the lack of
accessible, automated solutions. The aim is to develop and evaluate an innovative Machine Learning-Based Automated
Hemoparasite Detection (MLAHD) model that integrates Convolutional Neural Networks (CNNs) with affordable
Raspberry Pi systems to enhance diagnostic accuracy and accessibility. This methodology is grounded in a robust
mathematical framework that facilitates image preprocessing, feature extraction, and classification. A diverse dataset of
10,000 labelled blood smear images, annotated by expert pathologists, was utilized to train the model. Key techniques
applied included normalization, segmentation, and hierarchical feature extraction using CNN architectures, alongside the
integration of explainable Al to enhance interpretability. Results from pilot studies conducted in resource-limited settings
demonstrated that the MLAHD model achieved high sensitivity (over 90%) and specificity, significantly outperforming
conventional diagnostic methods. Users’ feedback highlighted the system's ease of usage and rapid diagnostic capabilities,
underscoring its potential to transform hemoparasite detection in underserved communities. This research contributes to
advancements in biomedical engineering by providing a scalable, cost-effective solution that improves diagnostics for
hemoparasitic diseases, underpinned by a solid mathematical foundation.
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1.0 INTRODUCTORY

Hemoparasites are blood-borne parasites that infect the
red blood cells or plasma of their hosts, causing significant
morbidity and mortality in both humans and animals. These
parasites, which include species such as Plasmodium spp
(malaria), Babesia, Trypanosoma spp, and Theileria spp, are
transmitted primarily through vectors like mosquitoes, ticks,
and tsetse flies (Ghosh, & Weiss, 2009). Hemoparasitic
infections caused by protozoa such as Plasmodium and
Trypanosoma, are a major global health concern, particularly in
tropical and subtropical regions, where environmental
conditions favour the proliferation of vectors.

In humans, hemoparasitic diseases such as malaria
remain one of the leading causes of death and disability.
According to the World Health Organization, malaria alone
accounted for over 247 million cases and approximately

619,000 deaths globally in 2021, with children under five years
and pregnant women being the most vulnerable (WHO, 2023).
Hemoparasites like Plasmodium falciparum and Plasmodium
vivax cause severe complications, including cerebral malaria,
anaemia, and multi-organ failure. Other hemoparasites, such as
Trypanosoma brucei, responsible for African sleeping sickness,
and Babesia microti, which causes babesiosis, also pose
significant health risks, particularly in immunocompromised
individuals.

In animals, hemoparasitic infections lead to substantial
economic losses in the livestock industry due to reduced
productivity, increased veterinary costs, and mortality. For
example, Theileria parva, the causative agent of East Coast
Fever in cattle, results in high mortality rates in sub-Saharan
Africa, threatening food security and livelihoods. Similarly,
Babesia species infect domestic animals like dogs and cattle,
causing babesiosis, which manifests as fever, anaemia, and
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jaundice. These infections not only affect the health and welfare
of animals but also have a cascading impact on human
populations that depend on livestock for nutrition and income.

The accurate and timely diagnosis of hemoparasitic
infections remains a significant challenge, particularly in
resource-limited settings. Conventional diagnostic methods,
such as microscopic examination of blood smears, are labour-
intensive, require skilled personnel, and are prone to errors.
Advanced molecular techniques like polymerase chain reaction
(PCR) offer higher sensitivity and specificity but are expensive
and inaccessible in many endemic regions. These limitations
highlight the urgent need for innovative, cost-effective, and
scalable diagnostic solutions to combat the burden of
hemoparasitic diseases.

Recent advancements in artificial intelligence (Al) and
machine learning (ML) have opened new avenues for automated
disease detection and diagnosis. The CNNs, a class of deep
learning DL algorithms, have shown remarkable success in
image recognition tasks, including medical imaging
(Rajaraman, & Antani, ,2020; LeCun, et al, 2015). By
leveraging CNNSs, it is possible to develop automated systems
for analyzing blood smear images, enabling rapid and accurate
detection of hemoparasites. When integrated with affordable
hardware such as Raspberry Pi systems and HD cameras, these
technologies can be deployed in low-resource settings,
revolutionizing the diagnosis and management of hemoparasitic
infections. This study aims to develop a mathematical
framework for the MLAHD model, addressing the limitations
of conventional methods and improving diagnostic accuracy
and efficiency.

1.1 Problem Statement:

Despite the significant burden of hemoparasitic
infections on global health and the economy, the diagnosis of
these diseases remains a persistent challenge, particularly in
resource-limited settings. Traditional diagnostic methods, such
as microscopy, are time-consuming, require skilled personnel,
and are prone to human error. While molecular techniques like
PCR offer high accuracy, they are costly, require sophisticated
equipment, and are not feasible for widespread use in rural or
remote areas.

Automated diagnostic systems using ML and CNNs
have shown promise in addressing these challenges (Rajaraman,
& Antani, 2020). However, existing studies often focus on high-
resource settings and rely on expensive hardware, limiting their
applicability in low-resource environments where the burden of
hemoparasitic infections is highest. Furthermore, there is
limited research on integrating these advanced algorithms with
affordable, portable systems like Raspberry Pi and high
definition (HD) cameras to create a scalable solution for real-
time diagnostics. Generally, there is a lack of affordable,
portable, and scalable diagnostic systems that leverage ML and
CNNs for the automated detection of hemoparasites in blood
smear images, particularly in resource-constrained settings.
This study aims to address this gap by developing and
evaluating a cost-effective system that integrates CNN
algorithms with Raspberry Pi architecture and HD imaging.

1.2 Field of Invention/Technical Field

The present invention pertains to the domain of
biomedical engineering, focusing specifically on medical
diagnostics. In recent years, the integration of advanced

computational techniques, particularly ML, has revolutionized
the field of disease detection. This invention specifically
addresses the automated detection of hemoparasites in blood
samples through a ML-based system that utilizes CNNs within
a Raspberry Pi architecture.

) ML in Medical Diagnostics: Machine learning has
emerged as a powerful tool in medical diagnostics, enabling the
analysis of complex datasets to identify patterns and make
predictions. In the context of hemoparasite detection, machine
learning algorithms can automate the classification of blood
samples, significantly enhancing diagnostic accuracy and
efficiency compared to traditional methods, which rely heavily
on manual examination by trained technicians (Mujahid, et al.
2024).

(i) CNNs Image Analysis: Are classes of DL models
particularly well-suited for image analysis tasks. CNNs
automatically extract hierarchical features from images, making
them highly effective for detecting and classifying
hemoparasites in blood smears. The ability of CNNs to learn
from large datasets allows for improved performance in
identifying subtle variations in cell morphology that are
indicative of infection (Mujahid, et al. 2024; Rajaraman, et al.,
2018)

(iii) Raspberry Pi Integration: The integration of
CNNs into a Raspberry Pi-based architecture offers a cost-
effective and portable solution for automated hemoparasite
detection. Raspberry Pi devices are compact, energy-efficient,
and capable of running sophisticated ML models, making them
ideal for deployment in resource-limited settings. This
integration facilitates real-time analysis of blood samples,
enabling rapid diagnosis and timely intervention in endemic
regions.

(iv) Automated Detection of Hemoparasites: The
automated detection system aims to streamline the diagnostic
process for hemoparasitic infections, such as malaria. By
leveraging the capabilities of CNNs and the accessibility of
Raspberry Pi technology, this invention seeks to enhance the
speed and accuracy of hemoparasite identification, ultimately
contributing to better patient outcomes and more effective
public health strategies (Mujahid, et al. 2024; Rajaraman, et al.,
2018)

In summary, this invention represents a significant
advancement in the field of biomedical engineering and medical
diagnostics, combining state-of-the-art ML techniques with
practical hardware solutions to address critical healthcare
challenges.

1.3 Aims and Objectives of the Study
1.3.1  Aim of the Study

To develop and evaluate an affordable, portable, and
scalable diagnostic system that integrates ML and CNNs with
Raspberry Pi architecture and HD cameras for the automated
detection of hemoparasites in blood smear images.

1.3.2  Objectives of the Study

) To Design and Train a CNN-Based Model: Develop
a CNN-based ML model for the automated detection and
classification of hemoparasites in blood smear images.

(i) To Optimize the Model for Edge Deployment:
Optimize the trained model using techniques such as
quantization to ensure compatibility with the computational
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(iii) To Integrate the Model with Raspberry Pi and HD
Camera Architecture: Design a portable system that
incorporates the Raspberry Pi, HD camera, and microscope for
real-time image capture and analysis.

(iv) To Evaluate the System's Performance: Assess the

system's accuracy, sensitivity, specificity, and inference time

using benchmark datasets and real-world blood smear samples.

(V) To Test the System in Resource-Constrained

Settings: Conduct pilot studies in low-resource environments to

evaluate the system's feasibility, usability, and impact on

diagnostic workflows.

1.4 Significance of the Study

This study is significant for several reasons:

(i) Addressing a  Global Health  Challenge:
Hemoparasitic infections remain a leading cause of morbidity
and mortality in humans and animals, particularly in low- and
middle-income countries. By developing an affordable and
portable diagnostic system, this study has the potential to
improve early detection and treatment, reducing the burden of
these diseases.

(ii) Advancing Diagnostic Technology: The integration of
ML and CNNs with Raspberry Pi systems represents a novel
approach to diagnostic innovation. This study contributes to the
growing field of Al-driven healthcare solutions, demonstrating
how advanced algorithms can be adapted for use in resource-
limited settings.

(iii) Enhancing Accessibility and Affordability: By
leveraging low-cost hardware such as Raspberry Pi and HD
cameras, the proposed system offers a scalable solution that can
be deployed in rural and remote areas where access to diagnostic
facilities is limited. This aligns with global efforts to promote
health equity and universal healthcare access.

(iv) Supporting the Livestock Industry: In addition to
human health, the system can be adapted for veterinary
applications, aiding in the diagnosis of hemoparasitic infections
in livestock. This has the potential to improve animal health,
enhance productivity, and support the livelihoods of
communities dependent on agriculture.

(V) Bridging the Research Gap: This study addresses a
critical gap in the literature by focusing on the development of
a cost-effective, portable diagnostic system tailored to the needs
of low-resource settings. The findings will provide valuable
insights for future research and development in this field.

2.0 LITERATURE REVIEW

Several studies have explored ML and deep learning
(DL) techniques for medical image analysis, including
hemoparasite detection. Researchers have used various ML
algorithms, such as support vector machines (SVMs), random
forests, and CNNs, to classify blood smear images (Goodfellow,
et al., 2016; Krizhevsky, et al, 2012; Rajpurkar, et al., 2020;
Litjens, et al., 2016; Greenspan, et al., 2016; LeCun, et al., 2015;
Rajaraman, & Antani, 2020; Singh, & Kumar, 2019). Below, we
explore some of the key applications on the subject matter in
medical diagnosis.

2.1 Machine Learning (ML) in Medical Diagnostics

ML has revolutionized medical diagnostics, enabling
the analysis of large datasets and the identification of complex
patterns. Convolutional Neural Networks (CNNs), in particular,
have shown exceptional performance in image-based tasks such

as disease detection and classification. In medical diagnosis,
Goodfellow, et al., (2016) book lays the groundwork for
understanding DL concepts, which are crucial for medical
image analysis, disease diagnosis, and personalized medicine.
LeCun, et al., (2015) works highlights DL's potential in various
fields, including healthcare. It discusses how DL can be applied
to medical imaging, such as tumor detection and diabetic
retinopathy diagnosis. Krizhevsky, et al., (2012) paper's
introduction of AlexNet, a deep convolutional neural network
(CNN), revolutionized image classification. In medical
diagnostics, CNNs are now widely used for image analysis
tasks, such as detecting abnormalities in X-rays, CT scans, and
MRI images. These references demonstrate the significance of
DL in medical diagnostics, enabling accurate image analysis,
disease diagnosis, and personalized treatment.

2.2 Machine Learning (ML) in Medical Images Analysis

ML and DL have revolutionized the field of medical
image analysis, enabling accurate and efficient diagnosis,
detection, and treatment of various diseases (Rajpurkar, et al,
2020; Litjens, et al., 2016; Greenspan, et al., 2016;
Ronneberger, et al., 2015). By leveraging complex algorithms
and large datasets, these techniques can automatically analyze
and interpret medical images, such as X-rays, CT scans, MRI
images, and ultrasounds. DL, in particular, has shown
remarkable promise in medical image analysis, with
applications in tumour detection, organ segmentation, disease
diagnosis, and personalized medicine. The integration of ML
and DL in medical image analysis has the potential to improve
patient outcomes, enhance clinical decision-making, and
streamline healthcare workflows.

Significantly, Rajpurkar, et al., (2020) reviewed article
discusses the applications of DL in computer-aided detection
(CAD) for medical imaging. The authors highlight the potential
of DL to improve CAD systems, enabling accurate detection
and diagnosis of diseases. Litjens, etal., (2016), reviewed article
provides an overview of DL techniques applied to medical
imaging. The authors discuss the potential of DL to improve
image analysis, highlighting its applications in detection,
diagnosis, and segmentation tasks. Greenspan, et al., (2016),
editorial provides an overview of DL in medical imaging,
highlighting its potential to revolutionize the field. The authors
discuss the current state of DL in medical imaging and outline
future directions for research.

Ronneberger, et al., (2015) seminar paper introduces
the U-Net architecture, a convolutional neural network (CNN)
designed for biomedical image segmentation. The U-Net
architecture consists of a contracting path to capture context and
an expansive path to enable precise localization. The authors
demonstrate the effectiveness of U-Net in segmenting
biomedical images, such as cell images and medical images.
The U-Net architecture has since become a widely-used and
influential model in medical image segmentation tasks. These
references demonstrate the growing interest in applying DL
techniques to medical image analysis, highlighting their
potential to improve disease detection, diagnosis, and treatment

2.3 Hemoparasite Detection Techniques

Traditional methods of blood-borne parasites detection
rely on manual examination of stained blood smears under a
microscope. While effective, these methods are subjective and
require skilled personnel. Accurate and efficient detection of
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these parasites is crucial for diagnosis, treatment, and
prevention. Automated image analysis systems have emerged as
a potential solution, but their adoption has been limited due to
high costs and technical complexity. ML techniques have
emerged as a promising tool for automated hemoparasite
detection, enabling fast and reliable analysis of microscopic
images. The WHO guideline provides an overview of malaria
diagnosis, including microscopy, rapid diagnostic tests (RDTS),
and molecular tests. The document highlights the importance of
accurate diagnosis for effective malaria control (WHO 2020).
Singh, & Kumar, (2019) works discusses the application of ML
techniques for automated detection of malaria parasites in
microscopic images. The authors examine various image
processing and machine learning algorithms, highlighting their
strengths and limitations. The review provides insights into the
potential of machine learning for improving malaria diagnosis
accuracy and efficiency.

2.4 Raspberry Pi and loT Application in Medical Diagnosis

The rapid advancement of technology has transformed
the healthcare industry, particularly in medical imaging. The
Raspberry Pi system, a low-cost and compact computing
platform, has emerged as a viable solution for medical image
processing and analysis. Recent studies (Zhang & Chen, 2020;
Kumar & Singh, 2020) have demonstrated the potential of
Raspberry Pi-based systems in developing intelligent
monitoring systems for medical images and loT-based
healthcare monitoring systems. Leveraging the Raspberry Pi
Model (Raspberry Pi Foundation, 2020) enhanced computing
capabilities and affordability, researchers and developers can
create innovative solutions for medical image processing,
storage, and transmission, ultimately enhancing patient care and
outcomes.

By integrating Raspberry Pi with 10T sensors and ML
algorithms, healthcare professionals can develop innovative
solutions for remote patient monitoring, medical image
analysis, and disease diagnosis. Zhang, & Chen, (2020) works
presents a Raspberry Pi-based intelligent monitoring system for
medical images. The system utilizes ML algorithms to analyze
medical images, enabling accurate diagnosis and detection of
diseases. Kumar, & Singh, (2020) proposes an loT-based
healthcare monitoring system using Raspberry Pi. The system
integrates loT sensors, Raspberry Pi, and ML algorithms to
monitor patients' vital signs and detect anomalies, enabling
timely interventions and improved healthcare outcomes.

2.5 Gaps in Existing Research

The application of ML and DL models for
hemoparasite detection has gained significant attention in recent
years. These models have demonstrated promising results in
automating the analysis of blood smear images, reducing
diagnostic time, and improving accuracy. However, despite
these advancements, several critical gaps remain in the existing
research, particularly in the mathematical rigor, interpretability,
and scalability of these models. This section elaborates on these
gaps and highlights how this study addresses them.

2.5.1. Lack of Rigorous Mathematical Foundation: Many
existing ML-based models for hemoparasite detection are
designed as black-box systems, where the underlying
mathematical principles governing the model's behavior are not
well-articulated. While these models may achieve high

accuracy, their lack of a rigorous mathematical foundation
poses several challenges:

0] Limited Interpretability: Clinicians and researchers
often struggle to understand how the model arrives at its
predictions, especially in cases of misclassification. This lack of
transparency undermines trust in the model's outputs,
particularly in critical medical applications.

(i) Overfitting and Generalization Issues: Without a
strong mathematical framework, models may overfit to the
training data, performing poorly on unseen datasets. This limits
their generalizability to diverse real-world scenarios, such as
variations in blood smear preparation, staining techniques, and
imaging equipment.

(iii) Unclear Feature Representation: Hemoparasite
detection involves identifying subtle morphological features in
blood cells. Existing models often fail to provide a clear
mathematical explanation of how these features are represented
and utilized during classification.

This study develops a mathematically grounded
MLAHD model by incorporating well-defined mathematical
principles into the model's architecture and training process.
Specifically:

) The CNN architecture is designed based on principles
of feature extraction and hierarchical representation, ensuring
that the model learns meaningful patterns from the data.

(i) Regularization techniques (e.g., L2 regularization,
dropout) and mathematical optimization methods (e.g., gradient
descent with momentum) are employed to prevent overfitting
and enhance generalization.

(iii) Explainable Al (XAl) techniques, such as Grad-CAM
(Gradient-weighted Class Activation Mapping), were integrated
to provide visual and mathematical insights into the model's
decision-making process, improving interpretability.

2.5.2  Limited Scalability and Deployment in Resource-
Limited Settings: Existing ML-based models for hemoparasite
detection often rely on computationally intensive architectures
that require high-performance GPUs and significant memory
resources. This limits their scalability and practical deployment
in resource-constrained settings, where the burden of
hemoparasitic diseases is highest. Key challenges include:

0] Hardware Dependence: Many models are designed
for high-end systems and cannot be deployed on low-cost,
portable devices like Raspberry Pi.

(i) Inference Speed: Real-time diagnostics require fast
inference times, which are often not achievable with
computationally heavy models.

(iii) Cost Barriers: The reliance on expensive hardware
and software tools makes these models inaccessible to low-
income regions, where they are most needed.

The MLAHD model is optimized for deployment on low-cost,
portable hardware, such as Raspberry Pi systems, by:

) Reducing model complexity through techniques like
model quantization and pruning, which decrease memory usage
and computational requirements without compromising
accuracy.

(i) Leveraging TensorFlow Lite or PyTorch Mobile to
enable efficient inference on edge devices.

(iii) Designing a scalable system architecture that
integrates the MLAHD model with an HD Raspberry Pi camera
for real-time image capture and analysis, ensuring affordability
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253 Lack of Focus on Interpretability and
Explainability: In medical diagnostics, interpretability is
crucial for gaining the trust of healthcare professionals and
ensuring accountability in decision-making. However, many
existing ML models for hemoparasite detection function as
black boxes, offering little to no insight into how predictions are
made. This creates several issues:

M Clinical Adoption: Healthcare providers are less likely
to adopt models that cannot explain their predictions, especially
in cases of false positives or false negatives.

(ii) Error Analysis: Without interpretability, it is
challenging to identify and address the root causes of errors,
limiting the model's iterative improvement.

(iii) Regulatory Compliance: Regulatory bodies often
require explainable models for approval, particularly in high-
stakes applications like medical diagnostics.

This study prioritizes interpretability by:

0] Incorporating explainable Al (XAl) techniques, such
as Grad-CAM, to visualize the regions of blood smear images
that influenced the model's predictions. This allows clinicians to
verify the model's reasoning and gain confidence in its outputs.
(ii) Providing a mathematical explanation of the model's
feature extraction process, ensuring that the learned features
align  with  known morphological characteristics of
hemoparasites.

(iii) Developing a user-friendly interface that presents
predictions alongside confidence scores and visual
explanations, facilitating clinical decision-making.

2.5.4  Limited Validation Across Diverse Datasets: Many
existing studies evaluate their models on small, homogeneous
datasets, which may not represent the diversity of real-world
blood smear samples. This limits the generalizability of these
models to different geographic regions, parasite species, and
imaging conditions. Key implication of these limitations
include:

(i) Dataset Bias: Models trained on datasets from specific
regions may fail to detect hemoparasites with different
morphologies or staining characteristics.

(i) Lack of External Validation: Few studies test their
models on external datasets, which is critical for assessing
robustness and reliability.

To address dataset limitations,

0] MLAHD model was trained on a diverse dataset that
includes blood smear images from multiple geographic regions,
parasite species, and staining techniques.

(ii) Validating the model on external datasets help to
evaluate its performance across different settings and ensure
robustness.

(iii) Conducting  pilot studies in resource-limited
environments to test the system's real-world applicability and
gather feedback for improvement.

255 Limited Integration with Affordable Diagnostic
Systems: While ML and CNN-based models have shown
potential in automated hemoparasite detection, few studies
explore their integration with affordable diagnostic systems that
can be deployed in low-resource settings. This gap hinders the
practical implementation of these models in areas where they
are most needed.
This study bridges the gap by integrating the MLAHD model
with a Raspberry Pi-based system architecture, which includes:

0] A high-definition Raspberry Pi camera for capturing
blood smear images.

(i) A portable and cost-effective design that can be easily
transported and deployed in remote areas.

(iii) Real-time processing capabilities, enabling immediate
diagnostic results without the need for external computational
resources.

2.6 Analysis of Existing Studies:

As observed, many studies emphasize the limitations
of conventional microscopy, such as the requirement for skilled
personnel and high susceptibility to human error, leading to
inaccurate diagnoses (Ghosh & Weiss, 2009). Existing ML
models often rely on expensive hardware and are primarily
deployed in high-resource settings, limiting their applicability
in low-resource environments (Rajaraman & Antani, 2020).
Addressing these limitations, the MLAHD model utilizes
affordable hardware (Raspberry Pi) and is optimized for low-
resource settings, making it accessible where traditional
methods are impractical. By incorporating explainable Al
techniques, the MLAHD model improves the interpretability of
its predictions, addressing a critical gap in understanding how
models make decisions (Doshi-Velez & Kim, 2017). Also, the
model's training on diverse datasets enhances its ability to
generalize across various populations and imaging conditions,
tackling the bias present in many existing studies.

In summary, while existing ML-based models for
hemoparasite detection have demonstrated potential, their lack
of a rigorous mathematical foundation, limited scalability, and
poor interpretability restrict their practical application. This
study addresses these gaps by developing a mathematically
grounded MLAHD model that is optimized for deployment on
affordable, portable systems. By prioritizing interpretability,
scalability, and real-world validation, this research aims to
create a robust and accessible diagnostic solution for
hemoparasitic infections, particularly in resource-constrained
settings.

3.0 MATHEMATICAL FOUNDATIONS

The integration of ML in hemoparasite detection
represents a significant advancement in the field of medical
diagnostics. However, the effectiveness of these ML models
hinges on their underlying mathematical foundations. A solid
mathematical framework not only enhances the model’s
accuracy but also improves its interpretability and scalability,
making it more applicable in diverse clinical settings. By
leveraging concepts from statistics, optimization, and
computational theory, researchers can develop models that
provide reliable predictions while allowing healthcare
professionals to understand and trust their decision-making
processes. This intersection of mathematics and ML is crucial
for advancing diagnostic capabilities and improving patient
outcomes in the fight against hemoparasitic diseases. The
MLAHD model is built upon the following mathematical
principles:

3.1 Image Preprocessing

Normalization, thresholding, and segmentation
techniques are applied to enhance image quality and extract
relevant features. Let I(x, y) represent the intensity of a pixel at
coordinates (x,y) in a grayscale blood smear image.
Preprocessing involves normalization and noise reduction using
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Gaussian filters

I[(y) =UGxy) —wo?

(3.0.0)

where u and o are the mean and standard deviation of pixel intensities.

3.2 Feature Extraction

Texture, shape, and colour features are extracted from
pre-processed images using techniques such as Gabor filters,

Fix,y)=o0 zKl(i:j) L (x+iLy+j)+ b
Lj

Local Binary Patterns (LBP), and Histograms of Oriented
Gradients (HOG). Using CNNs, features are extracted
hierarchically. The convolution operation is defined as:

(3.0.1)

where K; is the kernel, b, is the bias, and o is the activation function.

3.3 Classification
ML algorithms, such as CNNs, are trained on
extracted features to classify images into parasite-positive or

P(c | x) = exp(z.) z exp(zj)

where z, is the logit for class c.

3.4 Explainability in the MLAHD Model
Explainability is a critical aspect of ML models,
particularly in medical diagnostics, where decisions have
significant implications for patient care. Explainability ensures
that the model's predictions are transparent, interpretable, and
trustworthy for healthcare professionals. By integrating
explainability into the MLAHD model, we aim to address
concerns related to the "black-box" nature of DL models,
thereby improving clinical adoption, regulatory compliance,
and overall trust in the system. Explainability underscore the
following importance in Medical Diagnostics
0] Clinical Trust: Healthcare professionals need to
understand how and why a model arrives at its predictions to
trust its outputs (Rudin, 2019). For example, in hemoparasite
detection, clinicians must verify that the model correctly
identifies morphological features indicative of infection.
(i)  Error Analysis: Explainability allows researchers and
clinicians to identify and address errors, such as false positives
or false negatives, by providing insights into the model's
decision-making process (Doshi-Velez & Kim, 2017).
(iif)  Regulatory Compliance: Regulatory bodies, such as the
FDA, emphasize the need for explainable Al systems in
healthcare to ensure accountability and patient safety (Tjoa &
Guan, 2020).

3.4.1. Explainability Techniques for the MLAHD Model: To
integrate explainability into the MLAHD model, we propose
the following techniques:

Q) Gradient-weighted Class Activation Mapping
(Grad-CAM): Grad-CAM, a widely used explainability
technique for Convolutional Neural Networks (CNNs), help to
generates heatmaps that highlight the regions of an input image
that the model focuses on while making predictions (Selvaraju
et al., 2017). For the MLAHD model, Grad-CAM was applied
to the final convolutional layers of the CNN to visualize the
regions of blood smear images that influenced the model's
classification (e.g., infected or non-infected). This technique
provides visual explanations, enabling clinicians to verify
whether the model is focusing on relevant features, such as the
shape, size, and color of hemoparasites.

parasite-negative categories. The final layer of the CNN outputs
probabilities for each class (e.g., infected or uninfected) using
the softmax function:

-1

(3.0.2)

J

3.4.2 Local Interpretable Model-agnostic Explanations
(LIME): LIME is a model-agnostic technique that explains
individual predictions by approximating the model locally with
an interpretable surrogate model (Ribeiro et al., 2016). For the
MLAHD model, LIME was used to explain specific predictions
by perturbing the input image and analyzing the impact of
changes on the model's output. LIME provides feature-level
explanations, helping clinicians understand how specific image
features (e.g., texture or cell morphology) contribute to the
classification.

3.4.3 SHapley Additive exPlanations (SHAP): SHAP is a
game-theoretic approach to explainability that assigns
importance scores to input features based on their contribution
to the model's predictions (Lundberg & Lee, 2017). For the
MLAHD model, SHAP was adapted to assign importance
scores to pixel-level features in blood smear images,
highlighting the most influential regions. SHAP provides a
quantitative  understanding  of  feature  importance,
complementing visual techniques like Grad-CAM.

3.4.4 Explainable Al (XAl) Dashboard: To enhance usability,
the MLAHD model incorporated an Explainable Al Dashboard
that integrates Grad-CAM, LIME, and SHAP outputs. The
dashboard can display:

. Heatmaps generated by Grad-CAM.

. Feature importance scores from SHAP.
. Local explanations for individual predictions
using LIME.

This dashboard ensures that clinicians have access to multiple
layers of interpretability, improving their confidence in the
model's outputs (Selvaraju,et, al 2017).

3.5 Mathematical Framework for Explainability

The mathematical foundation of explainability
techniques ensures their rigor and reliability. For the MLAHD
model:

3.5.1 Grad-CAM Heatmaps: Grad-CAM computes the
gradients of the target class score with respect to the feature
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maps of a convolutional layer. The importance of each feature

1 ay°©
W=z Al
Ty Y

Where:
e aj: Importance weight for feature map k for class c.
e  y°: Class score for class c.

. A{-‘j: Activation at spatial location (i, j) in feature map k.

e  Z: Total number of activations in the feature map.
The heatmap is generated as:

map is calculated as (Barredo Arrieta, et al., 2020)

3.5.2 SHAP Values: SHAP values are computed using the Shapley value formula from cooperative game theory:
IS|t (IN| = |s| = 1)!

(3.0.3)

LE adcam = ReLU( a A") (3.0.4)
2

[F(su{d) - F(S)] (3.0.5)

0, =

IN]!
scN\{i}

Where, ¢, is SHAP value for feature i; S is Subset of features excluding i; N is Total set of features; and f(S) is the model
prediction using features in subset S.

3.6. Enhancing the MLAHD Model with Explainability

3.6.1  Workflow Integration: The explainability techniques
was integrated into the MLAHD model's workflow as follows:
0] Image Preprocessing: Blood smear images are pre-
processed for noise reduction and normalization.
(ii) Feature Extraction: The CNN extracts hierarchical
features from the images.
(iii) Classification: The model classifies the images into
infected or non-infected categories.
(iv) Explainability Layer:
. Grad-CAM generates heatmaps to highlight
important regions in the images.
. SHAP computes feature importance scores to
quantify the contribution of specific features.
. LIME provides local explanations for
individual predictions.
(v) Output Interface: The Explainable Al Dashboard
displays the classification results alongside visual and
quantitative explanations.
By providing interpretable outputs, the MLAHD model can
gain the trust of healthcare professionals, facilitating its
adoption in clinical settings. Explainability techniques help
identify and address misclassifications, improving the model's
reliability. This help to ensure that transparent decision-making
processes align with regulatory requirements for Al-driven
medical devices.

3.6.2. Case Study: Explainability in Action: Consider a blood
smear image classified as "infected" by the MLAHD model.
Using explainability techniques, by Grad-CAM, the heatmap
highlights a specific region of the image containing a
hemoparasite, confirming that the model focused on relevant
morphological features. By SHAP, the feature importance
scores indicate that the shape and size of the parasite
contributed significantly to the classification. By LIME, local
explanations reveal that removing certain features (e.g., colour
intensity) reduces the model's confidence in the prediction,
validating the importance of these features.

In  conclusion, by incorporating explainability
techniques such as Grad-CAM, LIME, and SHAP into the

MLAHD model, its interpretability, trustworthiness, and
clinical usability were enhanced. This integration aligns with
global efforts to promote ethical and transparent Al in
healthcare, ensuring that the MLAHD model not only delivers
accurate diagnoses but also provides actionable insights for
healthcare professionals.

4.0 DEVELOPMENT AND
THE MLAHD MODEL

The mathematically grounded ML for hemoparasite
detection model represents a pioneering approach in the
intersection of ML and medical diagnostics. Designed to
address the limitations of existing models, MLAHD is rooted in
rigorous mathematical principles that enhance its
interpretability, robustness, and scalability. The development
process involves meticulous integration of advanced algorithms
and statistical techniques, ensuring that the model not only
achieves high accuracy in detecting hemoparasites but also
provides clear insights into its decision-making mechanisms.
Through systematic implementation in diverse clinical
environments, the MLAHD model aims to improve diagnostic
reliability and support healthcare professionals in making
informed decisions, ultimately contributing to better
management of hemoparasitic diseases. The MLAHD model
integrates CNNs and Raspberry Pi system architecture for blood
smear image analysis. The model consists of:
(i) Hardware: A Raspberry Pi model with at least 4GB
of RAM is used as the hardware platform, integrated with a
high-definition (HD) Raspberry camera for blood smear image
capturing, and a microscope attachment for high-magnification
imaging of blood smear slides. Power supply and optional
battery for portability.
(i) Software: Pretrained MLAHD model implemented
using TensorFlow Lite or PyTorch Mobile for edge
deployment. Raspberry Pi OS (Linux-based) with Python-based
image acquisition and processing scripts. OpenCV for
preprocessing and real-time image handling. Lightweight
graphical user interface (GUI) for user interaction
(iii) CNNs Algorithm: A convolutional neural network
(CNN) is designed and trained on a dataset of blood smear
images to classify images into parasite-positive or parasite-

IMPLEMENTATION OF
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(iv) Image Acquisition and Preprocessing: Blood smear
images are captured using the HD Raspberry camera and pre-

processed using techniques such as normalization,
thresholding, and segmentation.
(v) Workflow: Blood smear slides are placed under a

microscope, and the HD Raspberry Pi camera captures high-
resolution images. The Images are processed (e.g., resizing,
normalization) to meet the input requirements of the MLAHD
model. The MLAHD model performs real-time classification to
detect hemoparasites. Results are displayed on a connected
monitor or touchscreen, indicating whether the sample is
infected or uninfected, along with confidence scores.

4.1 Integration of ML and CNN Algorithms

411 Deployment of the MLAHD Model on Raspberry
Pi: The MLAHD model, originally trained on high-
performance GPUs, must be optimized for deployment on the
Raspberry Pi's limited computational resources. This involves:
. Model Quantization: Converting the model to a
smaller size using techniques like 8-bit quantization, which
reduces memory usage and speeds up inference.

. TensorFlow Lite or PyTorch Mobile: Exporting the
MLAHD model to a lightweight format compatible with edge
devices.

o Hardware Acceleration: Leveraging the Raspberry
Pi's Broadcom VideoCore VI GPU or external accelerators like
the Coral USB Accelerator for faster inference.

4.1.2  Preprocessing Pipeline: To ensure compatibility with
the MLAHD model, the captured images are pre-processed
using OpenCV:

o Resizing: Images are resized to the input dimensions
required by the model (e.g., 128x128).
o Normalization: Pixel intensity values are normalized

to a range of [0, 1] or standardized using the mean and standard
deviation of the training dataset.

. Noise Reduction: Gaussian filtering is applied to
remove noise and enhance image quality.

4.1.3 Inference Pipeline: The pre-processed image is
passed through the MLAHD model for inference:

. Input: The image tensor is fed into the CNN layers of
the MLAHD model.
. Feature Extraction: Convolutional layers extract

hierarchical features, such as parasite morphology and cell
structure.

. Classification: The fully connected layers output the
probability of infection (e.g., infected vs. uninfected).
. Output Interpretation: The softmax probabilities are

converted into a binary classification with confidence scores.

4.1.4  Post-Inference Processing: The results are displayed
on the Raspberry Pi's connected display or touchscreen. If the
sample is classified as "infected," the system can highlight the
regions of interest (e.g., suspected parasites) using bounding
boxes or heatmaps generated from Grad-CAM (Gradient-
weighted Class Activation Mapping).

4.2 Data Collection

The success of the MLAHD model heavily relies on
the quality and comprehensiveness of the data used for training

and validation. In this study, a robust dataset of 10,000 labelled
blood smear images was meticulously collected, encompassing
both infected and uninfected samples. Each image was carefully
annotated by expert pathologists, ensuring high accuracy in
labelling and providing a solid foundation for the model's
learning process. This extensive dataset not only facilitates
effective training of the ML algorithms but also enhances the
model’s ability to generalize across diverse clinical scenarios.
Pre-processing steps were implemented to optimize the images
for analysis, paving the way for a reliable automated detection
system for hemoparasites.

4.2.1 Dataset Diversity: The dataset includes blood smear
images collected from multiple geographic regions, ensuring a
wide representation of different environmental conditions and
parasite strains. The dataset encompasses various hemoparasite
species, including Plasmodium falciparum, Plasmodium vivax,
Babesia, and Trypanosoma, which enriches the model’s
generalizability. The staining techniques, includes samples
stained using different methodologies, to enhance the
robustness of the model against variations in imaging
techniques.

4.2.2  Annotation Process: All images in the dataset were
meticulously annotated by experienced pathologists who
provide labels indicating the presence or absence of
hemoparasites, ensuring high accuracy in training data. A
rigorous quality control process was implemented, while
multiple experts review the annotations to minimize human
error and ensure consistency in labelling.

4.2.3 Potential Biases: The dataset may underrepresent
certain populations or geographic areas, which could lead to
biases in the model's performance when applied in those
regions. Also, variations in imaging equipment and techniques
across different laboratories might introduce inconsistencies
that the model needs to learn to generalize effectively.

4.2.4  Description of MLAHD Model: The invention
includes the following diagrams:

A Model Architecture: The MLAHD model employs a
robust Convolutional Neural Network (CNN) architecture
designed for efficient analysis of blood smear images. The
architecture consists of the following key components:

(i) Input Layer: The model begins with pre-processed
images sized 128x128 pixels, ensuring that the input data is
standardized for effective feature extraction.

(i) Convolutional Layers: Three successive
convolutional layers utilize ReLU (Rectified Linear Unit)
activation functions, which introduce non-linearity and enhance
the model's ability to learn complex patterns in the data. These
layers extract hierarchical features from the images, vital for
distinguishing between infected and non-infected samples.

(iii) Pooling Layers: Following each convolutional layer,
max pooling with a 2x2 kernel is applied. This step reduces the
spatial dimensions of the feature maps, enabling the model to
focus on the most salient features while also reducing
computational load and mitigating overfitting
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Figure 4.0a: MLAHD System Architecture

(iv) Fully Connected Layers: The architecture includes two
fully connected layers, which serve to combine the features
learned in the convolutional layers. Dropout regularization is
applied to these layers to enhance model generalization by
preventing overfitting during training.

(V) Output Layer: The final layer employs a Softmax
activation function, which is essential for binary classification
tasks. This layer outputs probabilities indicating the likelihood
of hemoparasite presence, allowing for quick and accurate
diagnostic decisions.

This architecture represents a synthesis of established
theories in ML and DL, leveraging CNNs to automate and
improve the diagnostic process for hemoparasite detection,
particularly in resource-limited settings.

B. System Architecture: As shown in Figure 4.0a, the
system architecture of the MLAHD model is designed to create
a portable and efficient diagnostic tool. It integrates several key
hardware components that work seamlessly together:
(i Raspberry Pi Mini-PC: At the core of the system is
the Raspberry Pi, which serves as the central processing unit.
This compact and cost-effective platform is capable of running

Module and non-infected).
Output Display Results, Store Data,
Interface Generate Reports.

END Ready for Next Sample

Figure 4.0b: MLAHD Flowchart Diagram

the ML algorithms and handling data processing tasks, making
it ideal for deployment in low-resource settings.

(i) HD Camera Module: The system is equipped with a
high-definition camera module that captures high-resolution
images of blood smears. Key specifications include, resolution
(Up to 12 megapixels for detailed imaging); Lens Options -
Adjustable focal lengths to accommodate microscope
magnification. And frame Rate that is capable of capturing still
images or video at high frame rates. The camera module is
crucial for obtaining detailed visual data, which is then
processed by the convolutional neural network to detect
hemoparasites accurately.

(iii) Display Interface (VDU): A visual display unit
(VDU) is integrated to present diagnostic results to the user in
an intuitive manner. It allows for real-time interaction, enabling
users to view the processed images and the model's output,
facilitating quick decision-making in clinical settings.

(iv) Software Unit: The Software Unit of the MLAHD
model is a critical component that facilitates the seamless
integration of image processing and ML for accurate diagnostic
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. Preprocessing Module: This module employs
advanced algorithms for noise reduction, contrast enhancement,
and normalization of blood smear images. These preprocessing
steps ensure consistent image quality, which is vital for reducing
variability in diagnostic results, ultimately leading to more
reliable classifications.

. CNN Algorithm: Central to the software unit is the
CNN algorithm, which has been pre-trained on a comprehensive
dataset of annotated blood smear images. This training equips
the model with the ability to detect hemoparasites effectively,
leveraging learned patterns from a diverse range of samples.

. Python-Based Interface: The user-friendly interface,
built in Python, facilitates the easy upload of images and live
capture via the integrated camera module. It also supports the
processing of images and the visualization of results, making the
system accessible to users with varying levels of technical
expertise.

(V) Operation: The operational workflow begins when the
user uploads a blood smear image or captures a live sample using
the camera module. The uploaded or captured image is then
processed by the CNN algorithm, which identifies and classifies
hemoparasites.

Figure 4.1: Image Classification using CNN

Convolution

Feature Extraction

C. User Interface Layout: The user interface (Ul)
layout of the MLAHD model is designed with a focus on
usability and efficiency for healthcare practitioners. The
graphical interface facilitates seamless interaction with the
system through three primary functionalities:
(i) Image Upload: Users can easily upload pre-captured
blood smear images for analysis. This feature is designed to be
intuitive, allowing for quick navigation and minimal training,
ensuring that users can efficiently integrate the system into their
existing workflows.
(i) Live Capture: The interface also supports live image
capture via the integrated HD camera module. This functionality
enables users to take real-time images of blood smears directly
within the application, streamlining the diagnostic process and
reducing the time from capture to analysis.
(iii) Result Display: Once the analysis is complete,
results are displayed clearly on the interface. This includes
visual feedback on the processed images alongside diagnostic
outcomes, providing users with immediate insights into the
presence of hemoparasites. The layout prioritizes clarity and
accessibility, ensuring that even non-technical users can
interpret the results effectively.

Overall, the Ul layout enhances the user experience by

. Feature Extraction Module: The CNN model, trained
on a large dataset of labelled images, extracts intricate features
of hemoparasites. It identifies morphological characteristics such
as shape, size, and colour variations unique to each parasite,
which are crucial for accurate diagnosis.

) Classification Module: The extracted features are
subsequently fed into the classification module. Here, the CNN
model assigns labels (e.g., infected, non-infected) based on its
analysis. The model's architecture, which includes multiple
convolutional and pooling layers, is optimized for feature
recognition and classification accuracy, ensuring that diagnostic
results are both rapid and reliable.

This software unit exemplifies the integration of
sophisticated algorithms with user-centric design, facilitating
efficient and accurate hemoparasite detection in diverse
healthcare environments. This architecture emphasizes
portability, accessibility, and user-friendliness, aligning with the
goal of enhancing public health initiatives by providing reliable
diagnostic capabilities in areas where traditional laboratory
resources may be lacking.

Fully

Connected Qutput

Classification

combining functionality with an intuitive design, thereby
supporting healthcare professionals in delivering accurate and
timely diagnoses in resource-limited settings.

425 MLAHD Workflow Diagram: As shown in Figure
4.0b, the workflows of the MLAHD model outline a systematic
approach to diagnosing hemoparasite infections from blood
smear samples. Detailing image preprocessing, feature
extraction, and classification, depicts the data flow from image
capture to classification. This structured process ensures
efficiency and accuracy at each stage:

) START: Input: The workflow begins with the
preparation of blood smear samples, setting the foundation for
effective analysis.

(i) Image Acquisition Unit: A high-resolution HD camera
captures the stained blood smear image. The Raspberry Pi
processes the raw image data, ensuring that the subsequent steps
are based on high-quality input.

(iii) Preprocessing Module: This stage employs advanced
image enhancement techniques to optimize image quality for

© 2024 SSR Journal of Artificial Intelligence (SSRJAI) Published by SSR Publisher

analysis. Key processes include:



http://?
http://?

. Noise Reduction: Techniques such as
Gaussian filtering are used to minimize unwanted
artifacts in the image.
. Contrast Enhancement: Histogram
equalization improves the visibility of features within
the blood smear.
. Image Normalization: Resizing and scaling
standardizes images for consistency in processing.
(iv) Feature Extraction Module: The CNN algorithm
extracts vital features from the images, focusing on shape,
texture, and color variations that are critical for accurate
classification.
(v) Classification Module: The trained CNN classifies
the processed image into two categories: infected and non-
infected. Confidence scores accompany each classification,
providing a measure of certainty regarding the diagnosis.
(vi) Output Interface: The results are displayed on a
user-friendly VDU. This interface presents:

1% _ >
I = —NZ[yilog(yL) + 1 = y)log(1 —3)]

i=1
where . is the true label and 371 is the predicted probability.

4.4 Evaluation and Results
The evaluation of the MLAHD model is crucial for
assessing its performance and reliability in diagnosing

hemoparasite infections. The model's effectiveness was
quantified using several key metrics: accuracy, sensitivity,
specificity, and F1-score. Each of these metrics provides

. Diagnostic Results: Infection  status
(positive/negative) and details about the parasite type
and stage (e.g., trophozoite, schizont).
. Data Storage Options: Results are stored for
reporting and can be integrated with electronic medical
records (EMRs) for comprehensive patient
management.
(vii) END: The workflow concludes with the results
saved and the system ready for the next sample, ensuring a
streamlined process for continuous operation.
This structured workflow emphasizes automation, accuracy, and
ease of use, ultimately enhancing the efficiency of hemoparasite
diagnostics in various healthcare settings.

4.3 Model Training and Optimization

The model was trained using the Adam optimizer with
a learning rate of 0.001. The binary cross-entropy loss function
was minimized:

(4.0.0)

performance.

4.4.1 Metrics Used for Evaluation: The model was evaluated
using accuracy, sensitivity, specificity, and F1-score (Kohavi, &
Provost, 1998).

0] Accuracy: This metric measures the overall

valuable insights into different aspects of the model's correctness of the model’s predictions. It is calculated using the
formula:
4 _ TP+ TN 401
CUTAY = TP ¥ TN + FP + FN (4.0.1)
Where:
. TP (True Positives): The number of correctly identified positive cases (e.g., infected samples).
. TN (True Negatives): The number of correctly identified negative cases (e.g., non-infected samples).
. FP (False Positives): The number of incorrectly identified positive cases (e.g., non-infected samples classified as
infected).
. FN (False Negatives): The number of incorrectly identified negative cases (e.g., infected samples classified as non-
infected)
(i) Sensitivity (Recall): This metric indicates the model's ability to correctly identify positive cases. It is defined as:
TP
itivity = ———— 4.0.2
Sensitivity TP+ FN (4.0.2)
A high sensitivity value is crucial in medical diagnostics, as it reflects the model's effectiveness in detecting actual infections.
(iii) Specificity: This metric measures the model's ability to correctly identify negative cases. It is calculated as:
TN
Specificity = (4.0.3)

TN + FP

High specificity is important to minimize false positives, ensuring that non-infected samples are accurately classified.

(iv)

F1-Score: The Fl-score is the harmonic mean of precision and recall, providing a balance between the two metrics. It is

particularly useful in scenarios where there is an uneven class distribution. The formula for the F1-score is:

Precision x Recall

F1— =2 4.0.4
Score X Precision + Recall (4.0.4)

F1-Score is valuable for evaluating the model's performance in detecting hemoparasites, especially when the cost of false negatives is
high- These metrics collectively provide a comprehensive evaluation of the MLAHD model's performance, ensuring that it meets the
necessary standards for effective medical diagnostics.

4.4.2 Performance Metrics: The MLAHD model outperformed existing ML-based systems in terms of accuracy and computational
efficiency, demonstrating its potential for real-world deployment.
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Table 4.0: MLAHD Performance Metrics

Accuracy  Sensitivity Specificity F1- Precision Computation  Inference
Model (%) (%) (%) Score (%) AUC Time (s) Time (s)
MLAHD 925 91.8 92.6 0.921 92 0.995 5.3 0.12
ResNet-50 90.7 89.5 91.2 0.905 90 0.982 18.5 18
Random Forest 83.5 82.2 84.3 0.832 83 0.910 12.0 0.09
SVM 83.5 82.2 84.3 0.842 84 0.89 9.7 0.15
Traditional 75.0 70.0 80.0 0.75 78 0.85 30.0 0.20
Microscopy

Table 4.0 above compare the MLAHD model with a broader
range of existing ML models commonly used in medical
diagnostics, such as Support Vector Machines (SVMs), Random
Forests (RFs), and other DL architectures like ResNe, and the
traditional microscopy (Powers, 2011; Saito, & Rehmsmeier,
2015). The summarized performance metrics (e.g., accuracy,
sensitivity, specificity, F1-score, and computational time) shows
that:

0] Accuracy: MLAHD achieves the highest accuracy
(92.5%), outperforming ResNet-50 (90.7%), Random Forest
(83.5%), SVM (83.5%), and Traditional Microscopy (75.0%).
This indicates MLAHD's superior ability to correctly classify
IED-related data.

(i) Sensitivity and Specificity: MLAHD demonstrates a
balanced performance with high sensitivity (91.8%) and
specificity (92.6%), crucial for minimizing false negatives and
false positives in critical counterterrorism applications. ResNet-
50 follows closely, while Random Forest and SVM show
moderate  performance.  Traditional =~ Microscopy lags
significantly in both metrics (Powers, 2011).

(iii) F1-Score and Precision: MLAHD achieves the highest
F1-Score (0.92) and precision (92.0%), reflecting its robustness
in handling imbalanced datasets by maintaining a balance
between precision and recall. ResNet-50 is slightly lower, while
the other models show a noticeable drop in these metrics (Saito,
& Rehmsmeier, 2015).

(iv) AUC (Area Under Curve): MLAHD has the highest
AUC (0.95), indicating excellent overall classification
capability. ResNet-50 (0.92) also performs well, while Random

Forest and SVM show moderate AUC values, and Traditional
Microscopy has the lowest (0.85).

(V) Computation and Inference Time: MLAHD achieves
a good balance between performance and efficiency, with a
computation time of 5.3 seconds and an inference time of 0.12
seconds. ResNet-50, while competitive in accuracy, has
significantly higher computation (18.5s) and inference times
(18.0s), making it less suitable for real-time applications.
Random Forest and SVM are faster but less accurate, while
Traditional Microscopy is the slowest (30.0s) (Goodfellow, et
al., 2016).

In summary, MLAHD outperforms all other models across most
metrics, making it the most reliable and efficient solution for
real-time hemoparasite detection in medical diagnosis. ResNet-
50 is a close competitor in accuracy and sensitivity but is
computationally expensive. The traditional methods like
Microscopy are outdated for modern applications due to poor
performance and high latency. In conclusion, the MLAHD
model demonstrates superior performance across all critical
metrics compared to both ResNet-50, SVM, and the traditional
microscopy method, particularly in accuracy, sensitivity,
specificity, and F1-score. By computational efficiency, the
MLAHD model required 33% less computational time for
inference compared to ResNet-50 (45%) and SVM (55%),
making it more suitable for real-time diagnostics in low-resource
settings. This trade-off for higher diagnostic performance is
significant, making MLAHD a valuable tool in automated
hemoparasite detection.

Figure 4.2: ROC curve for the MLAHD Model
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While the MLAHD model may exhibited fewer false negatives
compared to ResNet-50, it occasionally misclassified artifacts as
hemoparasites, indicating a need for further refinement in feature

0.4

0.6 0.8 1.0

(FPR)
extraction. The ROC curve in Figure 4.2, shows that the

MLAHD model demonstrated an Area Under the Curve (AUC)
of 0.995, outperforming ResNet-50 (AUC = 0.982) and SVM
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(AUC =0.910). This high accuracy and computational efficiency
of MLAHD model make it a viable solution for large-scale

443

deployment in malaria-endemic regions, reducing the burden on
healthcare professionals and improving patient outcomes.

MLAHD Vs Traditional Microscopy Method: General comparison between the MLAHD model and traditional

microscopy methods for hemoparasite diagnosis is based on typical characteristics:
Table 4.1: MLAHD Vs the Traditional Microscopy Method

Criteria MLAHD Model Traditional Microscopy
Accuracy High accuracy due to advanced image analysis Variable accuracy; dependent on the technician's
algorithms (e.g., CNNs). skill and experience.
Speed Rapid diagnosis; results available in real-time. Slower; requires manual examination and

User Expertise

Required friendly interface.
Automation Fully automated process for analysis and
classification.
Scalability Easily scalable for large-scale screening in endemic

regions.
Cost-Effectiveness
systems and reduced labour costs.
Data Management
with proper training of the model.

Sensitivity High sensitivity and specificity can be achieved
and Specificity with proper training of the model.
Adaptability Can be retrained to detect other pathogens beyond

hemoparasites.

Minimal; designed for ease of use with a user-

Cost-effective due to the low price of Raspberry Pi

High sensitivity and specificity can be achieved

interpretation.

High; requires trained personnel with expertise in
microscopy and parasitology.

Manual; requires human intervention for image
analysis and diagnosis

Limited scalability; labour-intensive and time-
consuming.

Higher operational costs due to the need for trained
personnel and laboratory facilities.

Sensitivity and specificity can vary; often lower
than automated systems.

Sensitivity and specificity can vary; often lower
than automated systems.

Limited to the specific techniques and training of
the technician.

Table 4.1 above shows that the MLAHD model offers significant
advantages over traditional microscopy methods in terms of
accuracy, speed, and user-friendliness. By automating the
diagnostic process, it reduces the reliance on specialized
expertise and allows for quick and accurate hemoparasite
detection, making it particularly valuable in resource-limited
settings. In contrast, traditional microscopy, while established,
faces challenges related to variability in human performance and
scalability. This comparison highlights the transformative
potential of integrating ML with portable technology in the field
of medical diagnostics.

444  Advantages of the System: The MLAHD system
offers a transformative approach to diagnosing hemoparasitic
infections by combining advanced ML algorithms with cost-
effective and portable hardware. Its design addresses key
challenges in medical diagnostics, particularly in resource-
constrained and remote settings, by offering a solution that is
both practical and scalable. Below, we briefly outline the core
advantages of the MLAHD system:

Q) Portability: The integration of the MLAHD model with
a Raspberry Pi-based architecture ensures a compact and
lightweight system that can be easily transported. This makes it
ideal for field diagnostics, enabling healthcare professionals to
perform on-site analysis in remote or rural areas where access to
laboratory facilities is limited.

(i) Affordability: By leveraging low-cost hardware
components such as the Raspberry Pi and HD cameras, the
MLAHD system significantly reduces the cost of diagnostic
tools. This affordability ensures that the system is accessible to
low-income regions, addressing the economic barriers to
effective healthcare delivery.

(iii) Real-Time Analysis: The optimized MLAHD model is
designed for rapid inference, allowing for immediate diagnostic
results. This capability is critical in clinical and field settings

where timely diagnosis can directly impact treatment outcomes
and save lives.

(iv) Scalability: The modular and replicable design of the
MLAHD system allows for easy deployment in multiple
locations. Its adaptability ensures that it can be scaled to meet the
diagnostic needs of diverse populations, making it a versatile
solution for combating hemoparasitic diseases globally.

These advantages position the MLAHD system as a
groundbreaking tool for improving the detection and
management of hemoparasitic infections, particularly in
underserved regions. By addressing portability, affordability,
real-time performance, and scalability, the system has the
potential to revolutionize diagnostic workflows and contribute to
global health equity.

4.5 New Inputs and Breakthroughs

The MLAHD model introduces several novel inputs
and breakthroughs that enhance its effectiveness and
applicability in the field of medical diagnostics:
0] Novel CNN Architecture: The model incorporates a
specially optimized Convolutional Neural Network (CNN)
architecture designed specifically for hemoparasite detection.
This innovative design achieves superior accuracy and
generalizability, enabling the model to effectively identify a
wide range of hemoparasites while minimizing false positives
and negatives.
(i) Integration with Raspberry Pi: The integration of the
CNN with Raspberry Pi technology combines high
computational efficiency with portability and affordability. This
allows the MLAHD system to be deployed in various settings,
including remote and resource-limited environments, without
compromising performance.
(iii) Adaptability: One of the standouts features of the
MLAHD model is its adaptability. The system can be retrained
to detect other pathogens, such as bacteria and viruses,
broadening its applications beyond hemoparasite diagnostics.
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This versatility positions the model as a valuable tool for various
disease detection scenarios.

45.1 Findings from Pilot Studies in Resource-Limited
Settings: Pilot studies were conducted in rural healthcare
facilities where access to traditional diagnostic methods is
limited. As feedback, the healthcare workers reported ease of use
and significant reductions in diagnostic time, enabling faster
treatment initiation for patients. The MLAHD model, thus,
demonstrated high sensitivity (over 90%) and specificity in
detecting malaria parasites, outperforming conventional
microscopy methods. Therefore, training sessions for local
healthcare staff was conducted, leading to improved confidence
in using the system. However, some technical issues arose due
to environmental factors, such as varying light conditions
affecting image quality, which were addressed through iterative
system adjustments.

4.5.2  Industrial Applications

0] Medical Diagnostics: The MLAHD model automates
the detection of hemoparasites, significantly reducing diagnostic
time and minimizing human error. This automation allows
healthcare professionals to deliver faster and more accurate
diagnoses, leading to improved patient outcomes.

(ii) Public Health Surveillance: The model enables large-
scale screening efforts in endemic regions, supporting public
health initiatives aimed at disease control and prevention. Its
ability to quickly analyze samples can aid in the early detection
of outbreaks and inform timely interventions.

(iii) Research: The automated image analysis capabilities
of the MLAHD model facilitate extensive research into
hemoparasites and other pathogens. Researchers can leverage
the system to investigate disease patterns, transmission
dynamics, and treatment efficacy, thus advancing the field of
infectious disease research.

In summary, the MLAHD model represents a significant
advancement in medical diagnostics by combining cutting-edge
Al techniques with practical design considerations. It addresses
critical global healthcare challenges, enhancing diagnostic
capabilities and supporting effective disease management
strategies.

5.0 CONCLUSION

This study presents a mathematically grounded
MLAHD model for automated hemoparasite detection. The
study offers a comprehensive exploration into the development
and implementation of the ML-Based Automated Hemoparasite
Detection (MLAHD) model, addressing critical challenges in the
diagnosis of hemoparasitic infections. Given the significant
morbidity and mortality associated with these infections,
particularly in resource-limited settings, the need for innovative,
cost-effective diagnostic solutions is urgent. The MLAHD
model leverages advanced ML techniques, specifically
Convolutional Neural Networks (CNNs), integrated with
affordable hardware like Raspberry Pi, to automate and enhance
the accuracy of hemoparasite detection in blood smear images.
Key Findings
Q) Problem Statement: The study effectively highlights
the limitations of traditional diagnostic methods, such as
microscopy, which are labor-intensive and prone to human error.
It emphasizes the need for scalable solutions that can operate in

low-resource environments, where the burden of hemoparasitic
diseases is most pronounced.

(i) Objectives and Significance: By aiming to develop a
portable and scalable diagnostic system, the study contributes
significantly to the field of biomedical engineering. The
integration of ML with practical hardware solutions not only
advances diagnostic technology but also promotes health equity
in underserved communities.

(iii) Gaps Addressed: The research fills critical gaps in the
literature, particularly concerning the mathematical rigor and
interpretability of ML models in medical diagnostics. By
employing  well-defined  mathematical principles and
explainable Al techniques, the MLAHD model enhances both
the transparency of its decision-making process and its
applicability across diverse clinical scenarios.

(iv) Mathematical Foundations: The study provides a
solid mathematical framework underpinning the MLAHD
model, focusing on image preprocessing, feature extraction, and
classification. These foundations are crucial for ensuring the
model's accuracy and reliability, thereby increasing clinician
trust in automated diagnostics.

(V) Performance Metrics: The evaluation of the MLAHD
model reveals its superior performance across key metrics -
accuracy, sensitivity, specificity, and F1-score, compared to
traditional methods and existing ML models. This demonstrates
the model's potential for real-world deployment in diagnosing
hemoparasitic infections.

(vi) New Inputs and Breakthroughs: The introduction of
a novel CNN architecture tailored for hemoparasite detection,
alongside the integration with Raspberry Pi technology,
represents a significant advancement in medical diagnostics. The
adaptability of the MLAHD model for detecting other pathogens
further broadens its applicability.

5.1 Ethical Considerations in Using the MLAHD Model

The deployment of the MLAHD model in clinical
settings raises important ethical considerations that must be
addressed to ensure its responsible use. These considerations
span patient safety, data privacy, equity, and accountability, all
of which are critical to building trust and ensuring the model's
effective integration into healthcare systems.

5.1.1 Patient Safety and Diagnostic Accuracy: The
MLAHD model's primary purpose is to assist in the detection of
hemoparasites, a task with direct implications for patient health.
Misdiagnoses, whether false positives or false negatives, could
lead to severe consequences. For false negatives, a missed
diagnosis could delay treatment, potentially leading to disease
progression and increased mortality risk. While in false positives
scenario, incorrectly diagnosing an uninfected patient could
result in unnecessary treatments, exposing them to side effects
and financial burdens. To mitigate these consequences, the
MLAHD model should be used as a decision-support tool rather
than a standalone diagnostic system. Final decisions must remain
with qualified healthcare professionals. Continuous monitoring
and periodic retraining of the model on updated datasets can help
maintain accuracy and reduce diagnostic errors.

5.1.2 DataPrivacy and Security: The MLAHD model relies
on large datasets of blood smear images, which may contain
sensitive patient information. Ethical concerns arise regarding,
Data Anonymization. That is ensuring that patient identities are
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not linked to the training data, as well as preventing unauthorized
access or misuse of medical data, especially when collaborating
across institutions or regions. To guarantee data privacy and
security, adherence to data protection regulations such as the
General Data Protection Regulation (GDPR) or the Health
Insurance Portability and Accountability Act (HIPAA) is
strongly encouraged. Also, implement robust encryption, secure
data storage, and anonymization protocols to protect patient
privacy.

5.1.3 Bias and Equity: Bias in the MLAHD model could
lead to unequal diagnostic outcomes, disproportionately
affecting certain populations. If the training dataset is not
representative of diverse populations (e.g., geographic regions,
ethnic groups, or parasite strains), the model may underperform
for underrepresented groups. Furthermore, resource-constrained
settings may lack the infrastructure to deploy the model,
exacerbating healthcare disparities. To mitigate these
consequences, ensure diversity in training datasets by including
samples from various regions, demographics, and parasite
species. Also, develop lightweight versions of the model that can
operate on low-cost hardware, making it accessible in resource-
limited settings.

5.1.4  Accountability and Transparency: The use of ML
models in healthcare raises questions about accountability in
cases of errors or adverse outcomes. Accountability and
transparency lie in determining whether the responsibility lies
with the model developers, healthcare providers, or institutions.
Black-box models like DL may lack transparency, making it
difficult for clinicians to understand the rationale behind
predictions. To mitigate these consequences, the incorporation
of explainable Al (XAIl) techniques helps to provide
interpretable outputs, such as highlighting regions in blood
smear images that influenced the model's decision. Clearly
define roles and responsibilities for model developers, healthcare
providers, and institutions to ensure accountability.

5.1.5 Regulatory Compliance: The MLAHD model must
comply with regulatory standards for medical devices and Al
systems. This includes validation and certification by regulatory
bodies such as the FDA or EMA may require rigorous validation
before approving the model for clinical use. Continuous
monitoring of post-deployment process is necessary to ensure
the model's performance remains consistent over time. To
mitigate these consequences, engagement with regulatory
agencies early in the development process help to align the
model with existing guidelines. Also, establishing mechanisms
for real-time monitoring and reporting of errors or adverse events
should be encourage.

516 Informed Consent: Patients whose data are used to
train or validate the MLAHD model must provide informed
consent. Patients should be informed about how their data will
be used, stored, and shared. This should include the right to opt-
out - patients should have the option to withdraw their data from
the training dataset without repercussions. To ensure appropriate
informed consent clear and accessible consent forms that explain
the purpose and scope of data usage must be develop. While the
necessary mechanisms to allow patients to opt out of data
collection or usage should be implemented.

5.1.7  Summary of Ethical Considerations

(i) Patient Safety: The MLAHD model should be used as
a decision-support tool, with final diagnoses made by qualified
healthcare professionals to prevent misdiagnosis.

(i) Data Privacy: Adhering to regulations like GDPR and
HIPAA is crucial to protect patient identities and ensure data
security throughout the model's usage.

(iii) Bias and Equity: Ensuring diverse training datasets is
necessary to prevent biased outcomes that may affect
underrepresented populations disproportionately.

(iv) Accountability: Clear roles must be established for

model developers and healthcare providers to ensure
accountability for decisions made based on the model's
predictions.

(V) Regulatory Compliance: The model must meet

medical device regulations, requiring validation for clinical use
and ongoing monitoring post-deployment.

(vi) Informed Consent: Patients must provide informed
consent regarding the use of their data in training the model,
ensuring transparency about data usage and rights.

5.2 Ethical
Settings

While the MLAHD model has the potential to improve
diagnostics in low-resource settings, ethical challenges of
ensuring that the model remains functional and up-to-date in
these settings, guaranteed its sustainability. Providing adequate
training for healthcare workers to use the model effectively, is
imperative, hence, partnering with local healthcare providers and
organizations to ensure sustainable deployment should be
encouraged. While user-friendly interfaces and provision of
ongoing technical support and training should be developed and
maintain.

In conclusion, the MLAHD maodel holds significant
promise for improving hemoparasite detection and addressing
global health challenges. However, its development and
deployment must be guided by ethical principles to ensure
patient safety, equity, and accountability. By addressing these
considerations proactively, the MLAHD model can be a valuable
tool in advancing healthcare while maintaining public trust.

Deployment of MLAHD in Low-Resource

5.3 Areas for Further Research

While the MLAHD model demonstrates promising
capabilities, several areas warrant further investigation:
(i) Longitudinal Studies: Conducting longitudinal studies
to evaluate the long-term performance and reliability of the
MLAHD model in various clinical settings will provide valuable
insights into its robustness and effectiveness in real-world
applications.
(i) Expansion to Other Pathogens: Future research could
focus on adapting the MLAHD model to detect a wider range of
pathogens, including bacterial and viral infections, thereby
enhancing its utility in diverse diagnostic scenarios.
(iii) Integration with Telemedicine: Exploring the
integration of the MLAHD model with telemedicine platforms
could facilitate remote diagnostics, allowing healthcare
providers in rural settings to access expert analyses and improve
patient management.
(iv) User Training and Adoption: Investigating user
training requirements and barriers to adoption among healthcare
professionals will be essential for successful implementation.
Understanding user experiences can guide further refinements in
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(V) Regulatory Compliance: Researching the regulatory
pathways for deploying Al-driven diagnostic tools in healthcare
will be critical. Ensuring compliance with medical device
regulations will facilitate the model's acceptance in clinical
practice.

(vi) Cost-Effectiveness  Analysis: Conducting a
comprehensive cost-effectiveness analysis of the MLAHD
model compared to traditional diagnostic methods will help
stakeholders understand the economic implications of adopting
this technology in public health initiatives.

In conclusion, the MLAHD model represents a significant
advancement in the automated detection of hemoparasites,
addressing both the technical and practical challenges inherent
in traditional diagnostic approaches. By leveraging ML and
affordable technology, this study not only enhances diagnostic
accuracy but also contributes to global health efforts aimed at
controlling hemoparasitic diseases. Continued research in this
field holds promise for further innovation and improvement in
public health outcomes.

5.3 Achievements of the MLAHD Model

(i) Patent Recognition: The MLAHD model has been
granted a patent, validating its innovative approach to automated
hemoparasite detection and reinforcing its status as a cutting-
edge solution in medical diagnostics.

(ii) Silver Medalist at 15th IIFME: In recognition of the
exceptional advancements and contributions made by the
MLAHD model, we are proud to announce that it has been
awarded a prestigious silver medal at the 15th International
Invention Fair in the Middle East (15" IIFME), organized by the
Kuwait Science Club on the 16" -19" February 2025. This
accolade not only underscores the innovative potential of the
MLAHD model in revolutionizing hemoparasite diagnostics but
also highlights the collaborative efforts and dedication of our
research team. The recognition at such a prominent international
platform reflects our commitment to advancing healthcare
solutions that address critical global health challenges.

(iii) Global Health Impact: By improving the accuracy and
efficiency of hemoparasite detection, the MLAHD model
contributes significantly to addressing the global burden of
diseases such as malaria, particularly in resource-limited
settings.

(iv) Innovative Integration: The successful integration of
ML algorithms with affordable hardware, such as Raspberry Pi,
demonstrates the model's adaptability and potential for
widespread deployment in various healthcare environments.

(v) Research and Development Contributions: The
development of the MLAHD model has advanced the field of
biomedical engineering, particularly in the application of Al and
DL techniques for medical diagnostics.

(vi)  Community Engagement: The recognition at the 15
IIFME fosters opportunities for collaboration and engagement
with global stakeholders, promoting further research and
development initiatives in the field of automated disease
detection.
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