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Abstract

Malaria remains a major global health challenge, particularly in developing
regions where timely and accurate diagnosis is critical. Conventional
microscopic examination of blood smears is labor-intensive, time-consuming,
and highly dependent on expert interpretation, leading to potential diagnostic
errors. Recent advances in deep learning have enabled automated malaria
detection with promising accuracy; however, most existing approaches are
limited to image-level classification and lack parasite localization capability.

This paper proposes a robust deep learning framework that integrates
Convolutional Neural Network (CNN)-based classification with YOLOVS-
based object detection for accurate detection and localization of malaria-
infected regions in microscopic blood smear images. The CNN model
effectively distinguishes infected and healthy blood cells, achieving an
accuracy of 97.19%. To overcome the limitations of classification-only
models, YOLOVS is employed to localize malaria parasites within blood cells,
resulting in an improved accuracy of 98% along with precise spatial detection.
Experimental results demonstrate that the proposed framework enhances
diagnostic accuracy, interpretability, and clinical applicability, offering an
efficient and reliable solution for automated malaria diagnosis.

Keywords: Malaria Detection, Deep Learning, CNN, YOLOVS, Blood Smear
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1. INTRODUCTION

Malaria is a persistent, life-threatening disease caused by tiny parasites that enter our bloodstream
through the bite of an infected Anopheles mosquito. For countless communities, especially in
developing regions where healthcare resources are stretched thin, this disease remains an all-too-
familiar reality. When someone falls ill with suspected malaria, every minute counts. Early and
accurate diagnosis isn't just important—it can quite literally mean the difference between life and
death. That's where the challenges begin. For over a century, the gold standard for detecting
malaria has remained remarkably unchanged: trained professionals sitting at microscopes,
carefully examining stained blood smears slide after slide, searching for telltale signs of the
parasite. But this process is deeply human, and humans have limitations. It's time-consuming work
that requires intense focus and years of specialized training. Even the most skilled microscopist
can experience fatigue, and when they do, subtle visual cues can be missed. Add to this the natural
variations in how blood samples are prepared and stained, along with the parasite's ability to
present itself in different forms and shapes, and you begin to understand why diagnostic errors
happen far more often than any of us would like. In regions where expert microscopists are scarce
and patient volumes are high, these challenges aren't just inconveniences—they're barriers to
effective care. The question becomes: how do we support these dedicated professionals with tools
that can help them work faster, more consistently, and with greater confidence?

To address these limitations, computer-aided diagnostic systems have been explored. Machine
Learning and Deep Learning methodologies have demonstrated remarkable applications across
numerous healthcare problems such as COVID-19 pneumonia detection [1] and leukemia
classification [2], [3]. Traditional machine learning methods based on handcrafted features
achieved limited performance and lacked robustness in complex microscopic environments [4].
With the advancement of deep learning, Convolutional Neural Networks (CNNs) have shown
significant improvement in malaria classification accuracy by automatically learning
discriminative image features [5]-[7]. Nevertheless, most CNN-based approaches perform only
image-level classification and do not identify the spatial location of parasites, reducing clinical
interpretability. Object detection techniques such as Faster R-CNN, SSD, and YOLO have recently
been applied to localize infected regions in blood smear images [8], [9]. These methods provide
spatial information but either require high computational cost or struggle with detecting small
parasite structures. Therefore, an efficient framework capable of both accurate classification and
precise localization is required.

This paper proposes a hybrid deep learning framework integrating CNN-based classification with
YOLOv8-based object detection for automated malaria diagnosis. The CNN model classifies
infected and uninfected samples, while YOLOVS localizes malaria parasites within microscopic
images. The proposed approach improves diagnostic reliability and interpretability, making it
suitable for practical screening applications.
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2. RELATED WORK

Recent studies have focused on improving parasite localization using modern object detection
architectures. Enhanced YOLO-based detectors incorporating multi-scale feature extraction have
demonstrated improved performance in identifying small parasite structures within dense
microscopic images [10], [11]. Comparative analyses between detection frameworks indicate that
single-stage detectors provide significantly faster inference while maintaining competitive
accuracy when compared with traditional two-stage detectors such as Faster R-CNN [12], [13].
Additionally, optimized feature aggregation strategies and improved backbone networks have
been proposed to enhance detection robustness under variations in staining and illumination
conditions commonly observed in microscopic blood smear images [14].

Beyond localization, researchers have attempted to improve classification reliability using
advanced deep learning techniques. Attention-augmented CNN architectures have been introduced
to strengthen feature representation and improve discrimination between infected and uninfected
cells [15]. Data augmentation strategies, including geometric transformations and intensity
variations, have also been applied to enhance generalization capability across diverse datasets [16].
Although these approaches significantly improve classification accuracy, they still operate
primarily at the image level and lack the spatial interpretability required for clinical validation.
Recent work has also investigated real-time deep learning diagnostic systems for infectious disease
detection to support practical deployment in laboratory environments [17]. However, most existing
methods emphasize either accurate classification or efficient localization independently. A unified
framework capable of simultaneously providing reliable screening and precise parasite localization
remains limited. Therefore, the proposed study integrates CNN-based classification with
YOLOv8-based detection to achieve both diagnostic accuracy and spatial interpretability in
automated malaria analysis.

The authors in [18] proposed an automated malaria parasite detection framework combining
adaptive filtering, CLAHE-based preprocessing, and LDRP feature extraction with a random forest
classifier. Particle swarm optimization was used to fine-tune the RF model's tree depth and forest
size for improved performance. Evaluated on a benchmark dataset, their approach outperformed
existing methods, demonstrating the value of optimized ML pipelines for parasitic disease
diagnosis. The authors in [19] developed a CNN-based detection framework using the Lacuna
dataset of thick and thin blood smear images. Their model, built with optimized preprocessing and
architecture, achieved approximately 98% accuracy—demonstrating strong potential for Al-
driven diagnostic support in under-resourced regions. The authors in [20] conducted a systematic
literature review (PRISMA 2020) of Al-based diagnostic systems, analyzing 135 eligible studies
from 606 initial records. Their review highlights promising machine and deep learning approaches
for parasite detection, including mobile and web applications developed specifically to overcome
resource and expertise barriers in developing countries. The authors in [21] evaluated three object
detectors (YOLOv4, Faster R-CNN, and SSD 300) for identifying infected red blood cells using
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images containing all five malaria parasites across four infection stages. YOLOv4 emerged as the
best performer, achieving 93.87% mAP@0.5, and

demonstrated strong potential for direct application to whole

blood smear images without requiring single-cell cropping. Pre-

The authors in [22] developed an automated approach using Processing

optimized YOLOv4 and YOLOVS detectors, with YOLOv4

demonstrating superior robustness across diverse datasets

(90% mAP@O0.5 on independent validation). Their

framework also automated single-cell extraction and - :
achieved 95.5% species classification accuracy using
DenseNet-121, underscoring its potential to guide
appropriate therapy and reduce drug resistance in resource-
constrained environments. In the study in reference [23], the
authors developed a CNN-based malaria detection model
using a balanced dataset of 27,558 microscopic cell images,
achieving 94.81% accuracy with precision and recall scores
of 0.94 for both infected and uninfected classes. The model's
strong performance in minimizing false negatives highlights

its potential to reduce reliance on manual microscopy and
enable consistent large-scale screening. This work
demonstrates a practical pathway toward cost-effective, Al-
powered diagnostic tools for malaria-endemic and
underserved regions.

Figure 1: Methodology Work-Flow Diagram
3. MATERIALS AND METHODS

This study proposes a deep learning—based framework for automated malaria diagnosis using
microscopic blood smear images. A publicly available dataset of Giemsa-stained blood cell images
was pre-processed through resizing, normalization, and data augmentation to improve model
generalization. A Convolutional Neural Network (CNN) was developed to perform binary
classification of images into parasitized and uninfected categories by automatically learning
discriminative features. To enhance diagnostic interpretability, a YOLOVS object detection model
was employed to localize malaria-infected regions within blood smear images. The dataset was
annotated with bounding boxes for detection tasks and split into training, validation, and testing
subsets. Model performance was evaluated using standard metrics, including accuracy, precision,
recall, Fl-score, and mean Average Precision (mAP). The overall workflow of the proposed
malaria detection framework is illustrated in Figure 1, which includes pre-processing,
classification, and localization stages. The overall process start with the pre-processing of the
dataset to prepare it for the processing of the subsequent phases. In the next step the data is split
in to testing and training set to avoid overfitting. After that the CNN and YOLOvV8 models are
trained on the training data set. The final step is to evaluate and the performance of the CNN and
YOLOv8 models. Each of these steps in explained detail in the following section.

pg. 73



KJMR VOL.03 NO. 02 (2026)

3.1 Dataset Description

The study utilizes a publicly available malaria
dataset provided by the National Institutes of
Health (NIH), consisting of 27,558 Giemsa-stained
microscopic blood cell images [24]. The dataset is
evenly divided into parasitized and uninfected
classes. For object detection, infected regions were
manually annotated using bounding boxes to create
YOLO-compatible labels. Sample annotated
images used for training the detection model are
shown in Figure 2 and data set stats in Table 1.

Table 1: Dataset Distribution

Class Total | Train | Valid | Test

Parasitized | 13,779 | 9,645 | 1,378 | 2,756

Uninfected | 13,779 | 9,645 | 1,378 | 2,756 Figure 2: Labeled Dataset using Yolov8
Total 27,558 1 19,290 | 2,756 | 5,512

3.2 Preprocessing

All images were resized and normalized to ensure consistency during training. Noise reduction
and data augmentation techniques—including rotation, flipping, and scaling—were applied to
improve model generalization and reduce overfitting.

3.3 CNN-Based Classification Model

A custom CNN architecture was designed to classify blood smear images into infected and healthy
categories. The model consists of multiple convolutional layers for feature extraction, followed by
pooling, dropout, and fully connected layers. The CNN automatically learns discriminative
features related to parasite morphology and texture without manual feature engineering. The
architecture and feature extraction process of the CNN classification model is presented in Fig. 3.

Features extraction Prediction

Figure 3: Convolutional Neural Network process
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3.4 YOLOvS8-Based Object Detection

YOLOvV8 was employed to localize T )
malaria parasites within blood smear Backbone & Neck + Head
images. The model uses an anchor-free m :

single-stage detection mechanism with

an enhanced backbone, neck, and
detection head. Pre-trained weights
were utilized to accelerate training and
improve performance. The detection
model  predicts bounding  box
coordinates, confidence scores, and
class labels for infected regions.3.5
Evaluation Metrics i ‘

1

G

Model performance was evaluated
using standard metrics, including

accuracy, precision, recall, and loss.
The CNN model was assessed for
classification accuracy, while
YOLOV8 performance was evaluated
based on detection accuracy and
localization quality. The internal
architecture of the YOLOvVS detection
model used for parasite localization is
illustrated in Figure 4.

4. RESULTS AND ANALYSIS Figure 4: YOLOvVS® Architecture Diagram

This section presents the experimental evaluation of the proposed deep learning framework for
automated malaria detection using microscopic blood smear images. The performance of a CNN-
based classification model and a YOLOvS8-based object detection model is analyzed and
compared.

4.1 CNN-Based Classification Results

The CNN model was trained to classify blood smear images into parasitized and uninfected
categories. During training, the model showed stable convergence, with validation accuracy
closely following training accuracy, indicating good generalization. Training and validation
performance curves of the CNN classifier are shown in Figure 5. The CNN-based classification
model demonstrated strong and balanced performance across both classes as summarized in Table
2. It achieved precision scores of 0.9787 for parasitized cells and 0.9653 for uninfected cells,
indicating a very low rate of false positives. The recall values of 0.9648 and 0.9790 show the model
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effectively identified the majority of actual positive cases for both categories. Overall, the model
attained an accuracy of 97.19% on a balanced test set of 5,512 images, confirming its reliability
for automated malaria screening.

Training Accuracy Validation Accuracy
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Figure 5: CNN Training and validation performance

Table 2: CNN Classification Performance

Class Precision Recall F1-Score Support
Parasitized 0.9787 0.9648 0.9717 2756
Uninfected 0.9653 0.9790 0.9721 2756
Overall Accuracy — — — 97.19%

The high precision values indicate a low false-positive rate, while strong recall values demonstrate
effective identification of infected samples. Balanced performance across both classes confirms
the robustness of the CNN model. However, this approach provides only image-level classification
and lacks parasite localization.

4.2 YOLOVvS8-Based Object Detection Results
To address the lack of spatial interpretability, YOLOvV8 was employed to detect and localize

malaria-infected regions within blood smear images. The model demonstrated smooth training
behavior with a consistent reduction in loss components related to localization, confidence, and
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classification. The training behavior of the YOLOvV8 detection model is presented in Figure 6 and
its performance is summarized in Table 3.
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Figure 6: YOLOVS Detection Model Training Performance.

Table 3: YOLOvVS Detection Performance

Metric Value
Precision 0.976
Recall 0.960
F1-Score 0.980
mAP@0.5 0.97
mAP@0.5:0.95 0.73 (Competitive)

YOLOVS accurately localized malaria parasites using bounding boxes, even in challenging cases involving
overlapping cells and uneven staining. The high precision and recall values in Table 3 confirm reliable
detection and minimal false predictions.
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A comparison of CNN and YOLOVS is provided in Table 4. While the CNN model provides rapid
screening capability suitable for initial triage, YOLOVS's localization output offers the spatial
interpretability required for clinical validation and treatment decisions

Table 4: Comparison of CNN and YOLOv8 Models

Aspect CNN-Based Model YOLOVvS8-Based Model
Task Type Classification Object Detection
Output Class Label Bounding Boxes
Localization Capability No Yes
Interpretability Limited High
Clinical Applicability Moderate High

5. DISCUSSION

The experimental results highlight the advantages of integrating classification and object detection
techniques for malaria diagnosis. While CNN-based classifiers provide strong performance at the
image level, the addition of YOLOVS enables spatial localization, which is critical for clinical
validation and trust. The CNN model provides high classification accuracy and is suitable for fast
screening of malaria-infected samples. However, its inability to localize parasites reduces clinical
confidence. In contrast, YOLOv8 not only classifies but also localizes infected regions,
significantly improving interpretability and practical usability.

The anchor-free architecture and multi-scale feature aggregation of YOLOVS proved particularly
effective for detecting small and complex parasite structures. The proposed framework addresses
major limitations of existing approaches and offers improved interpretability, efficiency, and
diagnostic reliability. In practice, this framework could be deployed as a two-stage system: the
CNN model screens large batches of samples rapidly, flagging potentially infected slides for closer
examination, while YOLOvVS8 provides precise localization to guide confirmatory diagnosis by
laboratory technicians

Table 5 gives a comparison of our suggested approach to the state of the art techniques in this
area. From this table it can be noted that our CNN's classification results (97.19% accuracy,
97.21% F1-score) are highly competitive and align well with recent, high-quality studies on the
same NIH dataset. This confirms your model is performing at a state-of-the-art level for
classification tasks. Our key contribution is the integration of both classification (CNN) and
detection/localization (YOLOVS). This is a significant advantage over studies that focus only on
classification. While other models match or slightly exceed our accuracy, our unified framework
offers the additional clinical value of spatial interpretability, which is a major advantage.
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The performance of our YOLOv8 model (Precision: 0.976, Recall: 0.96) is excellent and aligns
with other YOLO-based detection studies in Table 5. Our YOLOVS results are on par with or
better than state-of-the-art detection models, making our framework suitable for both screening
and detailed analysis. Some studies, like PlasmoCount 2.0, [28] report higher accuracy than our
scheme. One possible reason could be that their dataset or experimental setup might differ from

ours.
Table 5: Comparison with state of the art.
Study Model(s) Used Dataset Accuracy | F1-Score | Key Notes
(%) (%)
Our  proposed | Custom CNN + | NIH Malaria | 97.19 97.21 Classification +
scheme. YOLOv8 Dataset (27,558 | (CNN) (CNN) detection
images) framework.
DANet  (2025) | Dilated Attention | NIH Malaria | 97.95 97.86 Lightweight model
[30] Network Dataset (2.3Mm params),
edge-device
compatible.
Xception / | Xception, Kaggle malaria | ~98 ~98 High accuracy with
Inception- Inception- collection explainable Al
ResNetV2 (2025) | ResNetV2 (27,090 images) (Grad-CAM, LIME).
[29]
SIEC (2025) [27] | Selective NIH Malaria | 95.09 95.09 Ensemble of CNNs
Intensity Dataset using multi-
Ensemble threshold pixel
Classifier intensity.
Multi-Model ResNet50, NIH Malaria | 96.47 96.45 Feature fusion
Framework VGG16, Dataset (27,558 with  SVM  and
(2025) DenseNet-201 images) LSTM, majority
(ensemble) voting.
YOLOv8 (2025) | YOLOv8, Mask R- | 1,328 annotated | 96.7 71 YOLOv8 focused
[26] CNN microscopy on detection
images (mAP50 0.648).
PlasmoCount 2.0 | YOLOv8 Multi-species, 99.8 Not High accuracy with
(2025) [28] (replaced Faster | multi- specified | significantly
R-CNN) magnification reduced
dataset processing time.
Enhanced YOLO | YOLOv3 with | Thick smear | Not Not Focus on P. vivax
(2026) [25] MobileNetV2 + | images (80k cells) | specified | specified | detection, texture-
TCL aware learning.

6. CONCLUSION AND FUTURE WORK

This paper presented a robust deep learning framework for automated malaria diagnosis that
integrates CNN-based classification with YOLOv8-based object detection. While conventional
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microscopic examination remains the gold standard, its reliance on expert interpretation and time-
consuming manual analysis limits its scalability—particularly in resource-constrained, high-
burden regions where timely diagnosis is critical. The proposed approach addresses a key
limitation of existing automated methods by moving beyond image-level classification to enable
precise localization of malaria parasites within blood cells. Our CNN classifier achieved 96%
accuracy in distinguishing infected from healthy cells, establishing a strong baseline. Building
upon this, the integration of YOLOvV8 further enhanced performance to 98% accuracy while
providing spatial detection capabilities that improve model interpretability and clinical utility.
Future work will focus on extending the framework to multi-class parasite stage classification,
incorporating segmentation techniques, and deploying the system in mobile or point-of-care
diagnostic platforms.
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