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ABSTRACT

Malaria, a life-threatening disease caused by Plasmodium parasites transmitted through infected
mosquitoes, remains a significant public health concern in many regions worldwide. Early and accurate
detection of malaria infection is crucial for timely treatment and disease management. The automated
malaria detection system can be integrated into portable diagnostic devices, enabling healthcare
professionals to perform rapid and accurate malaria tests in remote or resource-limited settings. The
system can assist researchers and health organizations in tracking malaria prevalence and monitoring
its spread, contributing to epidemiological studies and efficient resource allocation.

Conventional methods for malaria detection involve manual examination of blood smears under a
microscope by trained technicians. Although reliable, this process is time-consuming, labor-intensive,
and dependent on the expertise of the microscopist. The regression based examination of blood smears
introduces the potential for errors, leading to false-negative or false-positive results. In recent years,
machine learning-based approaches have shown promising results in automating the detection of
malaria parasites through blood sample analysis. This work presents an advanced machine learning-
based method for the automated detection of malaria infection, leveraging image processing techniques
to achieve high accuracy and efficiency.

Keywords: Maleria Detection, Image Preprocessing, Random Forest Classifier
1. INTRODUCTION

1.1 Overview

Malaria infection is a widespread and potentially deadly disease caused by the Plasmodium parasite,
transmitted to humans through the bite of infected female Anopheles mosquitoes. Diagnosis and
monitoring of malaria often rely on the analysis of blood samples, which provides crucial insights into
the presence and severity of the infection. When a blood sample is obtained from a patient suspected of
having malaria, it undergoes a series of laboratory tests to confirm the diagnosis and assess the level of
parasitic activity.

The primary diagnostic method is the examination of a thin blood smear or a thick blood smear under
a microscope. Thin blood smears are used to identify the Plasmodium species responsible for the
infection, while thick blood smears are employed to quantify the number of parasites present in the
blood. This information is vital for determining the severity of the disease and guiding treatment
decisions. Additionally, molecular techniques like polymerase chain reaction (PCR) can be employed
to confirm the presence of the parasite and, in some cases, differentiate between species with high
accuracy.

ResMiilitaris, vol.12 n°,1 ISSN: 2265-6294 Spring (2022) 2452



r,m RES MILITARIS Social Science Journal

Blood sample analysis also allows for the evaluation of other important parameters such as hematocrit
levels, which help in assessing anemia, a common complication of malaria. Moreover, serological tests
can be performed to detect specific antibodies against Plasmodium antigens, providing information
about previous exposure to the parasite and aiding in epidemiological studies.

The timely and accurate analysis of blood samples is crucial in the management and control of malaria.
Rapid and precise diagnosis enables healthcare providers to initiate appropriate treatment promptly,
reducing the risk of severe complications and death. Furthermore, monitoring the parasite load in the
blood over time allows healthcare professionals to gauge the effectiveness of treatment and make
necessary adjustments. Therefore, blood sample analysis remains a cornerstone in the battle against
malaria, contributing to both individual patient care and public health efforts to control and ultimately
eliminate this devastating disease.

1.2 Research Motivation

The research motivation for developing and improving the analysis of malaria infection through blood
sample images is multifaceted and has significant implications for both healthcare and epidemiology.
Firstly, malaria remains a major global health concern, particularly in regions with limited access to
healthcare resources. It is a leading cause of morbidity and mortality, especially among children and
pregnant women. Timely and accurate diagnosis is essential for effective treatment and disease
management. Therefore, researchers are motivated to enhance the existing diagnostic methods to ensure
early detection and better patient outcomes.

Secondly, microscopy-based diagnosis, while reliable, is labor-intensive and requires well-trained
technicians, which can be scarce in resource-limited settings. The motivation here is to develop
automated image analysis systems and artificial intelligence (Al) algorithms to assist in malaria
diagnosis. These technologies have the potential to make diagnosis more accessible, faster, and less
dependent on the availability of skilled personnel. This is crucial for expanding healthcare access and
improving the reach of malaria diagnosis in remote or underserved areas.

Furthermore, monitoring and understanding the epidemiology of malaria is essential for public health
interventions, such as vector control and treatment distribution. Analyzing blood samples can provide
valuable data on the prevalence of different Plasmodium species, the emergence of drug resistance, and
changes in transmission patterns. Researchers are motivated to use image analysis to study the
distribution and evolution of malaria parasites, enabling more informed policy decisions and targeted
interventions.

Lastly, as technology advances, the integration of image analysis and Al in malaria diagnosis aligns
with the broader trend of leveraging digital health solutions to improve healthcare delivery. This
motivates researchers to explore innovative approaches that combine biology, computer science, and
medical expertise to revolutionize how malaria is diagnosed and managed, ultimately contributing to
the global effort to eliminate this devastating disease. In summary, the research motivation for malaria
infection analysis through blood sample images lies in its potential to enhance diagnosis, expand
healthcare access, inform public health strategies, and leverage cutting-edge technology to combat a
persistent global health threat.

1.3 Problem Statement
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The problem statement for the analysis of malaria infection through blood sample images revolves
around the need to address several critical challenges in the diagnosis and management of malaria,
particularly in resource-constrained regions. Firstly, traditional microscopy-based diagnosis, while
reliable, relies heavily on the availability of skilled technicians and can be time-consuming. This poses
a significant problem in areas with a shortage of trained personnel and limited access to healthcare
facilities, as delays in diagnosis can lead to severe complications or even death.

Secondly, there is a pressing need to improve the accuracy and efficiency of malaria diagnosis. Human
errors, variations in technician expertise, and the potential for misinterpretation of blood smears can all
contribute to diagnostic inaccuracies. This problem not only affects individual patient care but also
impacts the collection of epidemiological data, which is crucial for designing effective public health
interventions.

Moreover, the emergence of drug-resistant malaria strains necessitates continuous monitoring and
surveillance of the disease. Traditional methods may not be equipped to detect these emerging strains
promptly, which can further complicate treatment and control efforts. This issue underscores the need
for advanced diagnostic techniques that can provide more detailed information about the malaria
parasites present in a blood sample.

Furthermore, the global effort to eradicate malaria requires a comprehensive understanding of its
epidemiology, including the prevalence of different Plasmodium species, variations in transmission
patterns, and the effectiveness of control measures. The existing diagnostic methods often fall short in
providing the data required for informed decision-making by healthcare authorities and policymakers.

Lastly, with the rapid advancement of technology and the increasing availability of digital health
solutions, there is a growing motivation to harness these innovations to improve malaria diagnosis and
management. This includes the development of automated image analysis systems and artificial
intelligence algorithms to assist in malaria diagnosis, which presents both opportunities and challenges
in terms of integration into existing healthcare systems and ensuring their effectiveness in diverse
settings.

So, the problem statement for malaria infection analysis through blood sample images underscores the
critical need to address issues related to accessibility, accuracy, drug resistance monitoring,
epidemiological data collection, and the integration of technology. These challenges collectively
impede effective malaria diagnosis, treatment, and control efforts, making it imperative to seek
innovative solutions to combat this persistent global health problem.

1.4 Applications

The applications of analyzing malaria infection through blood sample image analysis are far-reaching
and have a significant impact on healthcare, research, and public health efforts:

e Accurate Diagnosis: The primary application is accurate and timely diagnosis. Automated
image analysis and Al algorithms can assist healthcare professionals in identifying and
guantifying malaria parasites in blood samples with high precision. This aids in early detection
and appropriate treatment, reducing the risk of severe complications and death, particularly in
remote or resource-limited areas.

o Remote Healthcare: These technologies can extend healthcare access to underserved
populations. Telemedicine and mobile health clinics equipped with portable diagnostic devices
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can transmit images of blood samples to experts for analysis, enabling rapid diagnosis and
treatment recommendations even in areas with a shortage of skilled technicians.

e Epidemiological Surveillance: Automated image analysis can be used for surveillance and
epidemiological studies. By analyzing a large volume of blood sample images, researchers can
track the prevalence of different Plasmodium species, detect emerging drug-resistant strains,
and monitor changes in transmission patterns. This information informs targeted interventions
and helps adapt malaria control strategies as needed.

e Research and Drug Development: Blood sample image analysis aids in malaria research by
providing detailed data on parasite morphology, distribution, and drug sensitivity. This
information is invaluable for drug development and the assessment of treatment efficacy.
Researchers can use these tools to study how malaria parasites interact with host cells and
develop new strategies for combatting the disease.

e Public Health Planning: Accurate data generated from image analysis informs public health
planning and resource allocation. Health authorities can better understand the burden of malaria
in specific regions and tailor their interventions accordingly. This includes the distribution of
insecticide-treated bed nets, antimalarial drugs, and the deployment of mosquito control
measures.

e Early Warning Systems: In regions prone to malaria outbreaks, automated image analysis can
be integrated into early warning systems. By continuously monitoring blood samples,
healthcare systems can detect increases in malaria cases and respond proactively with
preventive measures, such as insecticide spraying campaigns or mass drug administration.

e Training and Quality Control: These technologies can aid in training new laboratory technicians
by providing a standardized platform for learning and assessment. Moreover, they can be used
for quality control purposes, ensuring that microscopy-based diagnoses remain accurate and
consistent across different healthcare facilities.

e Global Malaria Elimination: As the world strives towards the ambitious goal of malaria
elimination, image analysis plays a crucial role in assessing progress. It helps measure the
impact of control measures and provides insights into areas where additional efforts are
required to achieve and sustain malaria-free status.

2.LITERATURE SURVEY

According to the World Health Organization (WHO), malaria case rates (i.e., cases per 1000 population)
fell from 82 in 2000 to 57 in 2019 but rose to 59 in 2020. The WHO reported that this unusual 2020
increase in malaria case rates was related to service supply disruptions during the COVID-19 pandemic
[1]. In fact, the number of malaria cases increased from 227 million in 2019 to 241 million in 2020, and
the number of malaria deaths in 2020 was estimated at 627,000, a 12% increase from 2019 [2].

Moreover, in the case of malaria, the more severe problem is that the existing malaria diagnosis method
relies on direct human observation, which takes much time for diagnosis, making it difficult to test
many patients simultaneously. Additionally, there is a limitation in that diagnostic accuracy is greatly
affected by variability between observers. In other words, the effectiveness of the conventional
microscopic diagnosis is highly dependent on the expertise of parasitologists. Besides, it is common for
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parasitologists to work in resource-constrained environments without stringent systems to maintain
their know-how or diagnostic quality [3]. This can often lead to erroneous diagnoses and inappropriate
treatment, which can have fatal consequences [3-5].

There are several promising prior studies on the capabilities of ML-based techniques in detecting
infectious diseases. For instance, using a machine learning framework, Colubri et al. [6] introduced an
application that can predict the outcome of Ebola patients from early clinical symptoms. Smith and
Kirby [7] described ML applications for analyzing different types of microbial image data, particularly
progress in smear and plate interpretation.

Another notable study on ML-based infectious disease diagnosis is that of Das et al. [8], who developed
a computer-aided malaria parasite characterization and classification based on light microscopy images
of peripheral blood smears collected from 600 patients using an ML approach. Their proposed ML
scheme applying the Bayesian approach provides 84.0% accuracy and 98.1% sensitivity by selecting
the 19 most significant features, and the support vector machine (SVM) achieved 83.5% screening
accuracy and 96.6% sensitivity with the 9 most significant features [8].

Similarly, there are other studies that have applied various machine learning methods to detect malaria
parasites. Bibin et al. [9] proposed a deep belief network (DBN)-based trained model to classify 4100
peripheral blood smear images into parasitic or nonparasitic classes. The proposed method showed an
F-score of 89.66%, a sensitivity of 97.60%, and a specificity of 95.92% [9]. Gopakumar et al. [10] used
a customized CNN model operating on a focus stack of images for automated quantitative detection of
Plasmodium falciparum malaria in blood smears. The detection accuracy of the CNN model was
97.06% sensitivity and 98.50% specificity [10].

Yang et al. [3] developed a method using a deep learning algorithm to detect malaria parasites in thick
blood smear images, run on a smartphone. They trained and tested a deep learning method using 1819
thick smear images from 150 patients [3]. The study results showed the effectiveness of the CNN model
in distinguishing positive (parasitic) image patches from negative image patches, with performance
metrics of accuracy (93.46% + 0.32%), precision (94.25% + 1.13%), and negative predictive value
(92.74% + 1.09%) [3].

Especially in the case of the COVID-19 pandemic, Dandekar et al. [11] applied the neural network
module of ML to develop a globally applicable COVID-19 diagnosis model to analyze and compare
the role of quarantine control policies globally across the continents of Europe, North America, South
America, and Asia. Dandekar et al. [11] also hosted quarantine diagnosis results from 70 countries
around the world on a public platform: https://covid19ml.org/ (accessed on 15 March 2023).

One example of a notable literature review source for ML-based infectious disease diagnosis is the work
of Baldominos et al. [12]. The study performed a computer-based systematic literature review in order
to investigate where and how computational intelligence (i.e., different types of machine learning
techniques) is being utilized to predict patient infection [12].

Deep learning, a specific subset of machine learning, is a computational processing system composed
of artificial neural networks, heavily inspired by how biological nervous systems process information
and make decisions [13].

3.PROPOSED SYSTEM
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3.1 Overview

The methodology leverages image processing and machine learning techniques to automate the
detection of malaria parasites in blood sample images. It is a promising approach to improve the
efficiency and accuracy of malaria diagnosis, particularly in resource-limited settings where access to
skilled technicians may be limited. However, it's important to note that developing and fine-tuning the
RFC model typically requires a substantial amount of labeled data and expertise in machine learning
and image analysis. Additionally, the performance of the model should be rigorously evaluated to
ensure its accuracy and reliability in real-world healthcare applications. Figure 4.1 shows the proposed
system model. The detailed operation illustrated as follows:

Step 1: Image Processing: This is the initial step where you process the blood sample images. Image
processing techniques include preprocessing steps such as noise reduction, contrast enhancement, and
image segmentation to isolate the relevant features (in this case, malaria parasites) from the background
and other elements in the image. This step is essential for preparing the images for further analysis.

Step 2: Random Forest Classifier (RFC) Building: After image processing, the next step involves
training a machine learning model, specifically a Random Forest Classifier (RFC). In this step, you
would typically use a labeled dataset of blood sample images, where each image is associated with a
known diagnosis (e.g., whether it contains malaria parasites or not). The RFC is trained to learn patterns
and features in the images that distinguish between infected and uninfected samples. This classifier can
handle complex relationships in the data and is capable of making predictions based on these learned
patterns.

Step 3: RFC Prediction: Once the RFC model is trained, it can be used to predict whether new, unseen
blood sample images contain malaria parasites or not. When a new blood sample image is input into
the trained RFC, the model evaluates the image based on the patterns it has learned during training and
produces a prediction. This prediction can help automate the process of diagnosing malaria from blood
sample images, reducing the need for manual examination and potentially increasing the speed and
accuracy of diagnosis.
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Figure 3.1 Proposed methodology

3.2 Image preprocessing

Image preprocessing is a critical step in computer vision and image analysis tasks. It involves a series
of operations to prepare raw images for further processing by algorithms or neural networks. Here's an
explanation of each step-in image preprocessing:

Step 0. Image Read: The first step in image preprocessing is reading the raw image from a source,
typically a file on disk. Images can be in various formats, such as JPEG, PNG, BMP, or others. Image
reading is performed using libraries or functions specific to the chosen programming environment or
framework. The result of this step is a digital representation of the image that can be manipulated
programmatically.

1. Image Resize: Image resize is a common preprocessing step, especially when working with machine
learning models or deep neural networks. It involves changing the dimensions (width and height) of the
image. Resizing can be necessary for several reasons:

e Ensuring uniform input size: Many machine learning models, especially convolutional neural
networks (CNNs), require input images to have the same dimensions. Resizing allows you to
standardize input sizes.

¢ Reducing computational complexity: Smaller images require fewer computations, which can
be beneficial for faster training and inference.

e Managing memory constraints: In some cases, images need to be resized to fit within available
memory constraints.

When resizing, it's essential to maintain the aspect ratio to prevent image distortion. Typically, libraries
like OpenCV or Pillow provide convenient functions for resizing images.
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2. Image to Array: In this step, the image is converted into a numerical representation in the form of a
multidimensional array or tensor. Each pixel in the image corresponds to a value in the array. The array
is usually structured with dimensions representing height, width, and color channels (if applicable).

For grayscale images, the array is 2D, with each element representing the intensity of a pixel. For color
images, it's a 3D or 4D array, with dimensions for height, width, color channels (e.g., Red, Green, Blue),
and potentially batch size (if processing multiple images simultaneously).

The conversion from an image to an array allows for numerical manipulation and analysis, making it
compatible with various data processing libraries and deep learning frameworks like NumPy or
TensorFlow.

3. Image to Float32: Most machine learning and computer vision algorithms expect input data to be in
a specific data type, often 32-bit floating-point numbers (float32). Converting the image array to float32
ensures that the pixel values can represent a wide range of intensities between 0.0 (black) and 1.0 (white)
or sometimes between -1.0 and 1.0, depending on the specific normalization used.

This step is essential for maintaining consistency in data types and enabling compatibility with various
machine learning frameworks and libraries. It's typically performed by dividing the pixel values by the
maximum intensity value (e.g., 255 for an 8-bit image) to scale them to the [0.0, 1.0] range.

4. Image to Binary: Image binarization is a process of converting a grayscale image into a binary
image, where each pixel is represented by either O (black) or 1 (white) based on a specified threshold.
Binarization is commonly used for tasks like image segmentation, where you want to separate objects
from the background.

The process involves setting a threshold value, and then for each pixel in the grayscale image, if the
pixel value is greater than or equal to the threshold, it is set to 1; otherwise, it is set to 0.

Binarization simplifies the image and reduces it to essential information, which can be particularly
useful in applications like character recognition or object tracking, where you need to isolate regions of
interest.

3.3 Random Forest Algorithm

Random Forest is a popular machine learning algorithm that belongs to the supervised learning
technique. It can be used for both Classification and Regression problems in ML. It is based on the
concept of ensemble learning, which is a process of combining multiple classifiers to solve a complex
problem and to improve the performance of the model. As the name suggests, "Random Forest is a
classifier that contains a number of decision trees on various subsets of the given dataset and takes the
average to improve the predictive accuracy of that dataset.” Instead of relying on one decision tree, the
random forest takes the prediction from each tree and based on the majority votes of predictions, and it
predicts the final output. The greater number of trees in the forest leads to higher accuracy and prevents
the problem of overfitting.
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Fig. 4.2: Random Forest algorithm.
3.4.1 Random Forest algorithm

Step 1: In Random Forest n number of random records are taken from the data set having k number of
records.

Step 2: Individual decision trees are constructed for each sample.
Step 3: Each decision tree will generate an output.

Step 4: Final output is considered based on Majority Voting or Averaging for Classification and
regression respectively.

3.4.2 Important Features of Random Forest

o Diversity- Not all attributes/variables/features are considered while making an individual tree,
each tree is different.

¢ Immune to the curse of dimensionality- Since each tree does not consider all the features, the
feature space is reduced.

o Parallelization-Each tree is created independently out of different data and attributes. This
means that we can make full use of the CPU to build random forests.

e Train-Test split- In a random forest we don’t have to segregate the data for train and test as
there will always be 30% of the data which is not seen by the decision tree.

o Stability- Stability arises because the result is based on majority voting/ averaging.

3.4.3 Assumptions for Random Forest

Since the random forest combines multiple trees to predict the class of the dataset, it is possible that
some decision trees may predict the correct output, while others may not. But together, all the trees
predict the correct output. Therefore, below are two assumptions for a better Random Forest classifier:

e There should be some actual values in the feature variable of the dataset so that the classifier
can predict accurate results rather than a guessed result.
e The predictions from each tree must have very low correlations.
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Below are some points that explain why we should use the Random Forest algorithm

o |t takes less training time as compared to other algorithms.
e It predicts output with high accuracy, even for the large dataset it runs efficiently.
e It can also maintain accuracy when a large proportion of data is missing.

3.5.4 Types of Ensembles

Before understanding the working of the random forest, we must look into the ensemble technique.
Ensemble simply means combining multiple models. Thus, a collection of models is used to make
predictions rather than an individual model. Ensemble uses two types of methods:

Bagging- It creates a different training subset from sample training data with replacement & the final
output is based on majority voting. For example, Random Forest. Bagging, also known as Bootstrap
Aggregation is the ensemble technique used by random forest. Bagging chooses a random sample from
the data set. Hence each model is generated from the samples (Bootstrap Samples) provided by the
Original Data with replacement known as row sampling. This step of row sampling with replacement
is called bootstrap. Now each model is trained independently which generates results. The final output
is based on majority voting after combining the results of all models. This step which involves
combining all the results and generating output based on majority voting is known as aggregation.

Qriginal Data

. Bootstrapping

e | E— L | Aegregating

Ensemble classifier Bagging
Fig. 3.3: RF Classifier analysis.

Boosting— It combines weak learners into strong learners by creating sequential models such that the
final model has the highest accuracy. For example, ADA BOOST, XG BOOST.
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Fig. 3.4: Boosting RF Classifier.
3.6 Advantages of proposed system

The methodology involving image processing followed by Random Forest Classifier (RFC) building
and prediction for malaria diagnosis from blood sample images offers several significant advantages:

e Increased Efficiency: One of the primary advantages is the substantial improvement in
efficiency. Traditional manual microscopy-based diagnosis can be time-consuming and labor-
intensive. By automating the process with image processing and machine learning, the analysis
of blood samples can be performed rapidly, allowing for quicker diagnosis and treatment
initiation. This is especially crucial in regions with a high malaria burden, where timely
intervention can save lives.

e Consistency and Standardization: Automated image analysis ensures consistency and
standardization in the diagnostic process. Machine learning models like RFC learn from a vast
dataset and make predictions based on learned patterns. This consistency reduces the potential
for human error, inter-observer variability, and subjectivity in interpreting blood sample
images. As a result, the diagnostic accuracy remains high and consistent across different
healthcare facilities and over time.

e Scalability: Machine learning models, once trained, can be easily scaled to handle a large
number of blood sample images. This scalability is particularly beneficial in situations where a
high volume of diagnostic tests needs to be performed, such as during disease outbreaks or
mass screenings. Automated analysis can process a large number of samples efficiently,
supporting rapid response efforts.

e Accessibility: The automated approach can extend healthcare access to underserved and remote
areas. Telemedicine and mobile health units equipped with image analysis tools can transmit
images to experts for remote diagnosis. This can bridge the gap in access to skilled technicians
and specialized healthcare facilities, bringing diagnostic capabilities to regions that might
otherwise lack them.

e Continuous Monitoring and Surveillance: Machine learning models can continuously
analyze blood sample images, allowing for ongoing monitoring and surveillance of malaria.
This is crucial for early detection of outbreaks, tracking changes in parasite prevalence, and
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assessing the effectiveness of malaria control measures. It provides a data-driven approach to
public health planning and response.

e Reduced Cost: While there may be initial costs associated with developing and implementing
the image analysis system, it can lead to cost savings over time. Automated analysis reduces
the need for a large workforce of skilled technicians and minimizes the risks associated with
misdiagnosis, which can lead to costly complications. It can also reduce the need for
unnecessary treatments in cases of false positives.

e Potential for Integration: This methodology can be integrated into existing healthcare systems
and laboratory workflows. It complements traditional microscopy-based diagnosis and can
serve as a valuable tool for healthcare providers, making it easier to adopt and implement.

4. RESULTS AND DISCUSSION

Figure 1 displays the graphical user interface (GUI) of a Malaria Detection system, providing a visual
representation of the software's interface. Figure 2 showcases the functionality for uploading datasets
within the Malaria Detection GUI, facilitating data input. Figure 3 exhibits the image processing phase
of the uploaded dataset, demonstrating the initial steps in data preparation. In Figure 4, the dataset
undergoes splitting for training and testing purposes, essential for model development and evaluation.
Figure 5 illustrates the accuracy and classification report generated by the Naive Bayes model, offering
insights into its predictive performance. Correspondingly, Figure 6 presents the confusion matrix of the
Naive Bayes algorithm, providing a detailed breakdown of its classification results. Figure 7 showcases
another accuracy and classification report, this time for the Random Forest Classifier (RFC) model,
providing a comparative analysis. In Figure 8, the confusion matrix of the RFC model is depicted,
revealing its classification outcomes. Lastly, Figure 9 displays the predictions made by the proposed
Random Forest model on uploaded test images, demonstrating its practical application in Malaria
Detection.

MACHINE LEARNING FOR MALARIA DETECTION: DIFFERENTIATING PARASITIZED AND UNINFECTED IMAGES

Upload Dataset Image Processing Splitting Naive Bayes RFC Classifier Prediction

Fig 1: Presents the GUI Interface of Malaria Detection.
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MACHINE LEARNING FOR MALARIA DETECTION: DIFFERENTIATING PARASITIZED AND UNINFECTED IMAGES

Upload Dataset Image Processing Splitting Naive Bayes RFC Classifier Prediction

D:/Malaria detection/dataset Loaded

Total Categories Found In Dataset['Parasitized’, "Uninfected']

Figure 2: Presents the upload Dataset in the Malaria Detection GUI.

MACHINE LEARNING FOR MALARIA DETECTION: DIFFERENTIATING PARASITIZED AND UNINFECTED IMAGES

Upload Dataset Image Processing Splitting Naive Bayes RFC Classifier Prediction

Total Images Found In Dataset : 1047

Figure 3: Shows the Image Processing of Uploaded Dataset.
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MACHINE LEARNING FOR MALARIA DE [TON: DIFFE ING PARASITIZED AND UN 'ED IMAGES

Upload Dataset Image Processing Splitting Naive Bayes RFC Classifier Prediction

|
Total Images Used For Training : $37

Total Images Used For Testing : 210

Figure 4: Presents the Splitting of Uploaded Dataset for training and testing.

MACHINE LEARNING FOR MALARIA DETECTION: DIFFERENTIATING PARASITIZED AND UNINFECTED IMAGES

Upload Dataset Image Processing Splitting Naive Bayes RFC Classifier Prediction

Naivebayes Accuracy : 57.14285714285714

Naivebayes Classification Report:
precision recall fl-score support

[ 070 029 041 108
1 054 087 066 102

accuracy 057 210
macroavg  0.62 058 054 210
weighted ave ~ 0.62 057 053 210

Figure 5: Presents the Accuracy and Classification Report of Naive bayes Model.
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Figure 6: Presents the confusion matrix of Naive Bayes algorithm.

MACHINE LEARNING FOR MALARIA DETECTION: DIFFERENTIATING PARASITIZED AND UNINFECTED IMAGES

Upload Dataset Image Processing Splitting Naive Bayes RFC Classifier Prediction

RFC Accuracy : 90.0

RFC Cla: eport:
precision recall fl-score support

0 087 095 091 108
1 095 0S84 089 102

accuracy 0.90 210
macroave 091 090 090 210
weighted avg 090 090 050 210

Figure 7: Presents the Accuracy and Classification Report of Naive bayes Model.
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Figure 8: Presents the confusion matrix of RFC Model.
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Figure 9: The Proposed Random Forest Model Prediction on Uploaded Test Images.

5. CONCLUSION

ResMiilitaris, vol.12 n°,1 ISSN: 2265-6294 Spring (2022) 2467



r,m RES MILITARIS Social Science Journal

In conclusion, the methodology involving image processing followed by Random Forest Classifier
(RFC) building and prediction for malaria diagnosis from blood sample images represents a significant
advancement in the field of healthcare and disease management. This approach addresses critical
challenges related to the efficiency, accuracy, and accessibility of malaria diagnosis. By automating the
analysis of blood sample images, it streamlines the diagnostic process, reducing the time required for
diagnosis and treatment initiation. Additionally, it enhances diagnostic consistency, reduces the
potential for human error, and offers scalability, making it suitable for both routine diagnostics and
large-scale screening efforts. The integration of machine learning and image analysis technologies into
healthcare systems holds promise for improving malaria control, early detection of outbreaks, and
enhancing overall healthcare access. While there may be initial development costs, the long-term
benefits in terms of improved healthcare delivery, reduced costs, and better disease surveillance make
this methodology a valuable addition to the fight against malaria.
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