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Abstract

Accurate detection of blood cells from microscopic images plays an essential role in clinical hematology,
disease diagnosis, and laboratory automation. Traditional microscopic examination of peripheral blood
smears requires expert pathologists and is time-consuming, especially when large volumes of samples must
be analyzed. Recent developments in computer vision and deep learning have enabled automated systems
capable of detecting and classifying blood cells with high accuracy. This research presents a comparative
evaluation of two advanced object detection architectures—YOLOV9 and Faster R-CNN—for automated
blood cell detection in microscopic images. The proposed framework aims to identify and localize three
primary blood components: red blood cells (RBC), white blood cells (WBC), and platelets. The system utilizes
preprocessing techniques, deep learning-based feature extraction, and bounding-box detection to accurately
locate cells within smear images. Experimental evaluation is performed using annotated microscopy datasets.
YOLOvVY provides faster inference speed suitable for real-time clinical applications, while Faster R-CNN
demonstrates strong localization capability due to its region proposal network. Comparative results indicate
that YOLOVY achieves superior detection speed and competitive accuracy, making it suitable for automated
laboratory systems. The proposed system contributes toward improving diagnostic efficiency and reducing
manual workload in hematology laboratories.

Keywords: Blood Cell Detection, YOLOVY, Faster R-CNN, Deep Learning, Microscopy Image Analysis,
Medical Image Processing

1. Introduction

Microscopic examination of blood smears remains a  improve diagnostic accuracy and reduce the

fundamental procedure for diagnosing a wide range
of medical conditions including anemia, leukemia,
infections, and immune disorders. A typical blood
smear contains thousands of cells that must be
examined individually by trained specialists. Manual
examination is not only time-consuming but also
subject to human variability and fatigue, which may
lead to inaccurate cell counting or misclassification.
In recent years, deep learning has emerged as a
powerful approach for analyzing medical images.
Convolutional neural networks (CNNs) have
demonstrated remarkable performance in object
detection and classification tasks across different
domains including radiology, pathology, and
biomedical microscopy [1]. Automated blood cell
detection using deep learning can significantly

workload on laboratory personnel. Two major
categories of object detection frameworks are widely
used in computer vision: two-stage detectors and one-
stage detectors. Two-stage detectors such as Faster R-
CNN  generate candidate  regions  before
classification, enabling precise localization but often
requiring higher computational resources [4]. On the
other hand, one-stage detectors such as the YOLO
family perform detection in a single pass, providing
faster inference suitable for real-time applications
[2]. Recent advancements in the YOLO architecture
have resulted in YOLOV9, which incorporates
improved feature aggregation and optimization
strategies to enhance object detection accuracy while
maintaining high speed. These improvements make
YOLOVY particularly suitable for detecting small
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objects such as platelets and densely packed red
blood cells. This research aims to develop a deep
learning-based blood cell detection system and
conduct a comparative analysis between YOLOV9
and Faster R-CNN architectures. The primary
objective is to determine which model provides the
best balance between detection accuracy, speed, and
computational efficiency for microscopy-based
blood cell analysis.

2. Background and Motivation

Accurate analysis of blood cells is a fundamental

requirement in modern clinical diagnostics.
Peripheral blood smear examination allows
physicians to evaluate the morphology and

distribution of different blood components, including
red blood cells (RBCs), white blood cells (WBCs),
and platelets. These cellular observations assist in

diagnosing several diseases such as anemia,
leukemia, infections, and hematological disorders.
Traditionally, trained laboratory technicians

manually inspect microscopic slides to count and
classify blood cells. Although this approach is widely
used in clinical laboratories, it is often labor-
intensive, time-consuming, and susceptible to
subjective interpretation errors. In recent years,
advances in digital microscopy and computational
techniques have encouraged the development of
automated blood cell detection systems. Early
automated systems relied primarily on classical

image processing approaches such as color
thresholding, morphological filtering, and watershed
segmentation. While these techniques were

computationally inexpensive, their performance was
highly dependent on consistent staining conditions
and well-separated cell boundaries. In complex smear
images where cells overlap or vary in intensity,
traditional methods often fail to provide reliable
results [10]. The emergence of deep learning has
significantly improved the performance of automated
image analysis systems. Convolutional Neural
Networks (CNNs) have demonstrated remarkable
capability in learning discriminative features directly
from raw images, enabling accurate detection and
classification in biomedical imaging tasks [18].
Object detection architectures based on deep learning
can simultaneously localize and categorize multiple

objects within an image, making them suitable for
analyzing microscopic blood smear images. Among
these architectures, two-stage detectors such as Faster
R-CNN provide strong localization accuracy by first
generating candidate regions and then performing
classification and bounding box refinement [4].
However, the multi-stage processing pipeline
increases computational cost and inference time. In
contrast, one-stage detectors, particularly the YOLO
family, offer real-time detection capability by
predicting bounding boxes and object classes in a
single forward pass [2]. The latest generation of
YOLO models, including YOLOVY, introduces
architectural improvements that enhance feature
representation and training efficiency. These
enhancements improve detection performance for
small objects and dense scenes, which are common
characteristics of microscopic blood smear images.
Given the complementary strengths of two-stage and
one-stage detectors, a comparative evaluation
between YOLOVY and Faster R-CNN is essential to
determine their effectiveness in  automated
hematology analysis. The motivation of this research
is therefore to design an efficient deep learning
framework capable of detecting and classifying blood
cells from microscopy images with high accuracy and
minimal computational overhead. By comparing
YOLOVY and Faster R-CNN architectures, the study
aims to identify a model that offers an optimal
balance between detection accuracy, inference speed,
and practical applicability in clinical environments.
3. Related Work

3.1.Traditional Image Processing Methods
Early research on blood cell detection relied on
classical image processing techniques such as
thresholding, morphological  operations, and
watershed  segmentation.  These  approaches
attempted to separate cells based on color intensity
and shape characteristics. Although these methods
were computationally simple, they often struggled
with overlapping cells and variations in staining
conditions [10].

3.2.Deep Learning for Biomedical Image

Analysis

With the advancement of deep learning,
convolutional neural networks became widely
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adopted for biomedical image analysis. CNN-based Table 1 Survey Review

models automatically learn hierarchical features from

Aunthor & Year

Method Dataset / Approach Key Contribution
raw images, eliminating the need for handcrafted Boatdeuag | g™ | Miawy  biood e e er
. : d i bject d i .
feature extraction. Studies have shown that deep , I , e
. . . .. Shakarami et al. YOLOY Deep learning-based blood cells with mod erat )
3 . . 00d cells with moderate accuracy
learning models significantly outperform traditional (2021 [2] object detection for small objects.
. . . . Chen et &l 55D + CNN-based feafure Proposed automated cell counting
teChnlqueS m CompleX 1mage anal}ISlS taSkS [18] (2022) [3] ResNet extraction using deep convolutional networks.
. . . Achieved high localizati v
3.3. Two-Stage Object Detection Models leeta ona) | Fater | Regon poposibued | e over
inference speed.
Two-stage detectors such as Faster R-CNN have eta oo | mmproved | Mlfiscde featwe | TEPROVEd platslet detection Ty
. . . . . [s1 YoLOv3 fusion enhancing ) small-object feature
demonstrated high accuracy in detecting objects in representation.
. . . . Huang ef al YOLOVS + Feature pyTamid Enhanced detection of overlapping
medical images. Faster R-CNN introduces a Region (2023) [6) stention | _netwarks cells using atention mechanisms.
. Gu and Sun Aftention- Hybrid CNN-attention Improvedfeature extracionin dense
Proposal Network (RPN) that generates candidate (2029 [7 based YOLO | architecture microscopic images.
. . . . . Majhi et al TOLOvY Biomedical object Compared several YOLO variants for
object regions before classification and bounding box (2023) [8] Hybrid detection biomedical dafasets.
. . . . . YOLOvg vs Comparative deep Evaluates detection accuracy and
regression [4]. This architecture improves detection Proposed Work | Fester R | poREERR RSP | speed for sutomsted blood cell
CNN analysis in microscopy images.

precision, especially in complex scenes. However,
the two-stage pipeline often increases inference time,
limiting its use in real-time clinical systems.
3.4.YOLO-Based Detection Models

The YOLO (You Only Look Once) family of models
revolutionized object detection by introducing a
single-stage detection framework capable of
performing detection in real time. YOLOv3 and
YOLOvVS have been widely used for biomedical
object detection due to their high speed and
competitive accuracy [2]. Recent studies have
integrated attention mechanisms, feature pyramid
networks, and transformer modules to enhance
YOLO-based architectures. These improvements
help the models detect small and overlapping objects,
which are common in microscopy images of blood
cells [6].

3.5. Recent Advances in Blood Cell Detection
Several researchers have applied deep learning
models for automated blood cell detection.
Transformer-based  architectures have shown
promising results in capturing global contextual
information within microscopic images [9]. Hybrid
approaches combining convolutional networks and
attention mechanisms have also demonstrated
improved performance in detecting small biomedical
structures [11]. Despite these advances, achieving
both high detection accuracy and real-time
performance remains a challenge. Therefore, a
comparative evaluation of modern architectures such
as YOLOV9 and Faster R-CNN is necessary to
determine their suitability for automated hematology
analysis shown in Table 1.

From the literature summarized above, it is evident
that deep learning—based detection models have
significantly improved automated blood cell analysis.
Most recent studies emphasize YOLO-based
architectures due to their real-time detection
capability, while two-stage detectors such as Faster
R-CNN continue to provide strong localization
performance. However, limited research has
investigated the performance of the latest YOLOV9
architecture for microscopic blood cell detection.
Therefore, this work performs a comparative
evaluation between YOLOV9 and Faster R-CNN to
analyze their effectiveness in detecting RBCs,
WBCs, and platelets from microscopic smear images.
4. Proposed Work
4.1. Overview of Proposed System

The proposed system aims to develop an automated
framework for detecting and classifying blood cells
from microscopic smear images using deep learning—
based object detection models. The framework is
designed to identify and localize three primary blood
cell components: Red Blood Cells (RBC), White
Blood Cells (WBC), and Platelets. The system
integrates 1image preprocessing techniques with
advanced object detection architectures to achieve
accurate detection performance. Two deep learning
models are evaluated in this research: YOLOV9Y,
which is a fast single-stage object detector, and Faster
R-CNN, which is a two-stage detection architecture
known for its high localization accuracy. The
workflow of the proposed system consists of multiple
stages including image acquisition, preprocessing
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and augmentation, feature extraction using deep
convolutional networks, object detection, and result
visualization. The system processes microscopic
blood smear images and generates bounding boxes
around detected blood cells while also providing cell
counts for each category. The overall objective of this
system is to assist laboratory professionals by
reducing manual effort in blood smear analysis while
improving detection accuracy and processing speed.
4.2.System Architecture.

Figure X illustrates the architecture of the proposed
automated blood cell detection system. The process
begins with microscopic blood smear images
captured using digital microscopy devices. These
images are first passed through preprocessing
operations such as resizing, normalization, and data
augmentation to improve image quality and enhance
model robustness shown in Figure 1.

Image Preprocesing
Reszing, Normalization, Augmentation

Feature Extraction
{CNN Backboow)

___FasterRCNN.
(Two-Stage Madel}

& Cell Classification

4

[ Noo-Maximum Suppression (NMS) |

[ Bounding Bax Prediction ’

Final Detection Output

wBC 4
| Platelets: 20

Figure 1 System Architecture

The processed images are then fed into deep learning
detection models for feature extraction and object
detection. Two different architectures are evaluated
in this research: YOLOV9 and Faster R-CNN.
YOLOVY performs object detection in a single stage
by directly predicting bounding boxes and class
probabilities, allowing fast inference suitable for real-
time applications. In contrast, Faster R-CNN uses a
two-stage pipeline where candidate object regions are
first generated by a Region Proposal Network (RPN),
followed by classification and bounding box
regression.  After detection, Non-Maximum
Suppression (NMS) is applied to eliminate redundant
bounding boxes and retain the most confident
detections. The final output consists of annotated
blood smear images where RBCs, WBCs, and
platelets are highlighted with bounding boxes along
with detection confidence scores.

4.3. Methodology Explanation

4.3.1. Image Acquisition
Microscopic blood smear images are collected from
publicly available datasets such as the Blood Cell
Count and Detection (BCCD) dataset. These images
contain annotations representing different types of
blood cells. The dataset is used for training and
evaluating the detection models.

4.3.2. Image Preprocessing
The collected images undergo preprocessing to
improve their quality before feeding them into the
detection model. The preprocessing stage includes
resizing the images to a fixed resolution, normalizing
pixel intensity values, and performing data
augmentation techniques such as rotation and
flipping to increase dataset diversity shown in Figure
2.

Input Blood Smear Preprocessing  Feature Extraction  Object Detection
Image (CNN Layers| Models
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Figure 2 Methodology
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4.3.3. Feature Extraction
Feature extraction is performed using convolutional
neural network layers. These layers automatically
learn visual features such as edges, shapes, and
textures that are useful for identifying blood cells in
microscopic images.

4.4.0bject Detection

The extracted features are passed to two object
detection models:

e YOLOvV9: A single-stage object detection
model that predicts bounding boxes and class
labels simultaneously.

e Faster R-CNN: A two-stage detection model
that first generates region proposals and then
classifies them into specific object categories.

4.5. Classification and Localization
The detection models classify detected objects into
three classes: RBC, WBC, and platelets. Bounding
boxes are generated around detected cells to indicate
their locations.

4.6. Output Visualization
The final detection results are displayed with labeled
bounding boxes around each detected cell type.
Additionally, the system calculates the total count of
RBCs, WBCs, and platelets.
5. Front End Implementation
The graphical user interface of the proposed system
is developed to enable users to interact with the blood
cell detection framework. The interface allows users
to upload microscopic blood smear images and
visualize the detection results generated by the deep
learning models. The frontend of the system is
implemented using Python-based web technologies
such as Flask or Streamlet, while the backend utilizes
deep learning frameworks including PyTorch or
TensorFlow for model execution.

e Technologies Used

e Frontend: Python GUI / Flask / Streamlit

e Backend: Python, PyTorch

e Visualization: OpenCV, Matplotlib
Frontend Interface Snapshots Description. This
interface allows the user to upload microscopic blood
smear images for analysis. The user selects an image

file from the local system and submits it to the
detection model for processing shown in Figure 3.
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Figure 3 Image Upload Interface
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Figure 4 Input Blood Smear Image Display

After uploading the image, the system displays the
original blood smear image on the interface. This
enables the user to visually verify the input image
before detection shown in Figure 4.

6. Results and Discussion

The proposed system was evaluated using standard
object detection evaluation metrics including

Figure 5 Detection Output with Bounding Boxes
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Once the detection model processes the image,
bounding boxes are generated around detected blood
cells. Each bounding box is labeled with the detected
class type such as RBC, WBC, or Platelet shown in
Figure 5.

YOLO s Faster R-CHN Comparison
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Figure 6 Detection Result Summary

The final interface displays the total count of each
detected blood cell type along with confidence
scores. This provides a quick statistical summary
useful for laboratory analysis shown in Figure 6.
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Figure 7 Graph

Precision, Recall, and Mean Average Precision
(mAP). These metrics measure the ability of the
detection models to correctly identify blood cells
while minimizing false detections shown in Figure 7.
The experimental results demonstrate that both
YOLOVY and Faster R-CNN perform effectively for
blood cell detection. However, their performance
differs in terms of detection speed and computational
complexity. YOLOVY achieves faster inference speed
due to its single-stage detection architecture. This
allows rapid detection of blood cells, making it

suitable for real-time diagnostic applications. Faster
R-CNN, although slightly slower, provides strong
localization accuracy due to its region proposal
network shown in Table 2.

Table 2 Performance Comparison Table

Vodd | Pecion(%) | Reell(%) | wAPLS() | Iofoene T o)
1000 Ul i i i
FawR O 0L 03 il N

Detection Accuracy Calculation
Precision = TP / (TP + FP)
Recall = TP / (TP + FN)
Example (YOLOV9):
TP =940
FP =60
FN =175
Precision = 940 / (940 + 60) = 94%
Recall =940/ (940 + 75) = 92.6%
These calculations demonstrate that YOLOvV9
achieves slightly higher detection performance
compared to Faster R-CNN while also maintaining
faster processing speed.

e Accuracy Graph Explanation
The accuracy graph presented in the paper compares
the detection performance of YOLOV9 and Faster R-
CNN across evaluation metrics including precision,
recall, and mean average precision. The graph clearly
shows that YOLOV9 achieves marginally higher
performance in precision and map while also
providing faster inference speed. This indicates that
YOLOVY is more suitable for automated hematology
systems where rapid analysis of microscopic images
is required.
Conclusion
This research presented an automated system for
detecting blood cells from microscopic images using
deep learning models. A comparative evaluation
between YOLOV9 and Faster R-CNN architectures
was performed to analyze their detection
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performance. Experimental results indicate that
YOLOV9 provides faster detection with competitive
accuracy, making it suitable for real-time clinical
applications. Faster R-CNN demonstrates strong
localization performance but requires higher
computational resources. Future work will focus on
improving detection accuracy for overlapping cells
and extending the system to classify different
subtypes of white blood cells. Integration with
clinical laboratory systems may further enhance the
practical utility of the proposed approach.
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