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Abstract: A blood cell count is crucial for both diagnosing and treating a wide range of ilinesses. This work suggests
and puts into practice a thorough method for analysing blood cell, utilizing advanced neural network-based structures
for both counting blood cells and classifying blood cell types, that are vital to assess an individual's overall health
status. One of the most frequent examinations carried out in medical treatment facilities is the counting of blood cells.
Conventional laboratory methods for measuring blood cells are time-consuming and difficult. Because humans are
involved in this complex process, they may produce erroneous results. In this work, we suggest a system for automated
blood cell counting that uses a real-time object detection algorithm YOLO (You Only Look Once) of version 10
(yolov10), which is used instead of Convolutional Neural Network (CNN) to conquer over CNN for faster and accurate
performance. Microscopic images of blood smears are used to identify, categorize, and count blood cells. Improved
accuracy in blood cell detection and segmentation is the primary goal of this effort, which aims to identify three key
groups of blood cells.
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l. Introduction

Blood analysis forms an integral part of
medical diagnostics, offering critical insights into an
individual’s overall health and well-being. The
examination and quantification of blood cells, such as
platelets, white blood cells, and red blood cells
(RBCs), are vital for detecting and monitoring various
diseases and  physiological ~ conditions  [1].
Traditionally, these tasks are performed manually or
with the aid of automated analysers.

However manual counting is labour-
intensive,  error-prone, and  operator-dependent.
Conventional automated analysers tend to struggle
with complex cases such as overlapping cells or low-
resolution images. The latest advances in deep learning
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have transformed the medical imaging domain and
allowed the development of highly sophisticated tools
for image analysis and feature extraction.
Convolutional Neural Networks (CNNs) are one of
these that have shown exceptional aptitude for
managing  medical imaging jobs, including
classification and detection. Leveraging these
advancements, this study introduces an automated
framework for blood cell analysis using the real-time
object detection algorithm YOLOV10 (You Only Look
Once, version 10). Unlike traditional CNN-based
methods [15], YOLOV10 processes entire images in a
single forward pass [6], achieving faster and more
accurate results.

The primary objectives of this work are:

a. Developing an automated system that
detects, classifies, and counts blood cells
with YOLOv10.

b. Enhanced precision and effectiveness in
the classification of the three main blood
cell types: platelets, WBCs
and RBCs.
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c. Overcoming problems like overlapping
cells [14], low-resolution images, and
small objects [9] such as platelets.

This work details the design and development
of a suggested framework and its implementation and
evaluation stages, showing how it can be a good
approach over the traditional method by improving
diagnostic workflows.

Il. Literature Review

Deep learning is essential to recent
developments in blood cell counting and detection
since it boosts accuracy and efficiency. Jeng-Wei Lin,
Pei-Yun Chen, and Shin-Jye Lee created a CNN-based
framework to detect RBCs, WBCs, and platelets with
an automated vision system that allows real-time
health monitoring [12]. Damian Mazur and Dralus
have implemented a Keras-based RetinaNet system,
especially tailored for faster, portable diagnostics in
clinical settings. Mohd Razali and Wan Zakaria
employed YOLO v5 to quickly and effectively detect
white blood cells and analyse abnormal cell shapes and
counts for the diagnosis of diseases. These studies
establish deep learning as likely to change the way
medicine approaches diagnostics into one with better
accuracy and speed.

Complete Blood Cell Detection and Counting
Using Deep Neural Networks by Shin-Jye Lee, Pei-
Yun Chen, and Jeng-Wei Lin. The work’s purpose is to
attempt the automatic counting of various forms of
blood components, including platelets, white blood
cells, and red blood cells. It is a CNN-based
architecture for detecting and identifying target cells
using deep learning techniques in blood smear images.
The future scope of the work includes the development
of real-time monitoring systems to diagnose
continuous patient health conditions [1].

A technology that automatically counts and
detects blood cells in smear images, the goal was to
have a faster and more efficient method than the
traditional ones for real-time analysis in medical
applications. The system utilizes a Keras
implementation of RetinaNet [2] object detection. The
aim was to integrate the system with portable devices
for real-time diagnostics in clinics. The system was
developed by Damian Mazur and Dralus.

This study aims to improve the identification
of white blood cells with a minimal number of
computational resources by utilizing YOLO v5. The
research was meant to advance YOLO v5 application

to beyond mere detection and applied to analyse
abnormal cell shapes and counts for disease diagnosis.
The study was conducted by Mohd Razali, Wan
Zakaria. The approach made use of a deep learning-
based object detector YOLO v5 to detect WBCs in
real-time [10]. Such research would bring out the more
significant application of YOLO v5 than detection as
used in the application with a more complex disease
diagnosis, and it could add towards a new advancement
in the field of medical diagnostics [3].

I11. Existing System

The present system of counting complete
blood cells is largely dependent on the traditional
system, which has manual counting with
haemocytometers and automated analysers. Though
such methods have proven useful in most situations,
they often tend to be laborious and human error-prone
since the quality of medical care and professional
acumen largely determines the outcomes. Manual
counting tends to be long and imprecise when working
with a high number of samples. Automated analysers
started to appear in the early 20th century, using
different statistical models [9] and image processing
methods to increase the precision of blood cell counts
and detection. However, these systems still had
significant challenges, especially with low-resolution
[8] blood smear images where cells often appear blurry
[13] and overlapping, complicating the identification
process.

Traditional image processing [11] methods
have been used to segment and classify blood cells,
with varying degrees of success. These methods
mainly use handcrafted feature extraction with
statistical classifiers and can be highly effective but fail
to provide enough robustness to deal with difficult
cases. In recent years, especially within the context of
medical image analysis, machine learning approaches,
Convolutional neural networks (CNNS), in particular,
have garnered a lot of interest in the discipline. These
sophisticated systems increase the identification and
categorization of red blood cells, white blood cells, and
platelets by automatically extracting features from
images using deep learning algorithms [1]. These
systems still have serious errors, including failure to
detect overlapping cells; however, further refinement
in the system is needed to enhance precision and recall
rate in clinical environments. More critical, however is
the need for better training datasets and more complex
algorithms to push forward the abilities of CBC
counting systems [4] proposed system.
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The above research findings bring to light that
the tool YOLOvV10 can be effectively utilized in
automation processes of the identification and tally of
blood cells. YOLOV10 can process images in a single
pass [7], which greatly increases the speed of analysis
while maintaining a high level of accuracy. The
framework's high-speed processing capacity is a
notable advantage over traditional methods, which
often require more time to analyse large datasets. This
efficiency can be crucial in medical settings where
rapid decision-making is necessary for accurate
diagnoses and timely treatment.

One of the most significant features of
YOLOVI10 is that it can easily detect overlapping cells
and small objects, such as platelets. Traditional
methods have difficulty with such challenges because
they are highly dependent on manual intervention and
can be easily affected by overlapping or clustered cells
[4]. Therefore, the capability of YOLOvV10 to handle
such complexities shows promise for overcoming the
problems associated with traditional blood cell
detection methods. This feature makes the framework
especially useful in places where accurate blood cell
detection is of prime importance, such as hospitals or
laboratories where blood cell counts are a routine part
of diagnostics.

However, despite these advantages, some
limitations still prevail. One of the primary challenges
is the relatively lower accuracy in detecting platelets.
Platelets are small in size and often appear in clustered
arrangements, which complicates their detection. This
may reduce the detection accuracy of platelets
compared to other blood cells. To overcome these
difficulties, multi-scale detection or advanced feature
extraction can be considered for future work. These
techniques may improve the model's ability to detect
small or clustered objects, hence improving its overall
performance.

Along with these technological advances,
perhaps integrating domain knowledge may further
support the framework by making it much more
accurate in prediction. To this end, integrating
haematological priors associated with specific
characteristics [5] of blood cell types can equip the
model to gain more profound information regarding
blood cells. With a greater degree of understanding
regarding types of cells in addition to various rare
abnormalities, integrating domain knowledge might
improve the efficiency and reliability in such cases or
complicated conditions involving the rare anomaly of
blood cell abnormalities.

Although such challenges abound, Blood cell
identification and counting in medical diagnostics with
the help of YOLOvV10 are now entirely automated,
making it one step closer to what has long been a holy
grail of sorts in this domain. It relieves much burden
from the health care provider to focus more on more
critical care needs of patients while improving
precision in diagnosis as less human error may be
found through manual methods. This is especially
helpful in resource-poor environments where
sophisticated diagnostic equipment might not be
available. By performing these tasks, the framework
will enhance the quality of healthcare provision in
resource-poor environments.

A breakthrough in medical diagnostics is
represented by the identification and counting of blood
cells. However, areas of improvement are still evident.
It has the potential to reduce workloads, improve
diagnostic accuracy, and enhance patient outcomes. As
future work continues to explore ways to overcome the
current limitations and incorporate more advanced
techniques and domain-specific knowledge, YOLOv10
could become an even more valuable tool in the
medical diagnostic toolkit, especially in settings where
speed and accuracy are of paramount importance.

IVV. Methodology

1V.1. Data Collection

This work relies on a dataset of publicly
accessible annotated microscopic blood smear images.
Each image contains bounding boxes and
classifications for RBCs, WBCs, and platelets. For
robust evaluation, the dataset is divided into training
(80%) and validation (20%) subsets so that the
distribution of samples across the subsets is diverse
and representative.

IV.2. Preprocessing

Preprocessing is considered one of the most
critical parts in enhancing the performance of models,
especially with small and overlapping objects. The
steps taken are:

a. Augmentation: Applying horizontal and
vertical flipping, rotation, and changing the
colour space from RGB to grayscale in an
attempt to introduce more diversity to the
training set and prevent overfitting.
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b. Interpolation of Bicubic: Enlarging of
images made objects such as small platelets
much easier to see. Zooming in of an image
further brought the additional information
towards a correct choice.

c. Sharpening and Blur: In case of poor
definition, it makes use of an unsharp
masking followed by gaussian blur so as to
nullify the effect and get an optimal dataset
having pictures of variable definition.

Methodology for Blood Cell Detection and Count using YOLOv1e

Fig. 1. General Methodology for proposed method

1V.3. YOLOV10 Architecture

YOLOVI10 is a cutting-edge real-time object
identification algorithm made to process images
quickly and precisely. Unlike traditional CNNs, which
process regions of an image independently, YOLOv10
forecasts class probabilities and bounding boxes for
several objects in a single pass. This architecture
significantly improves speed and ensures robust
performance in real-world scenarios. The key
components of YOLOV10 are:

a. Feature Extraction: The deep neural
network extracts high-dimensional features
from the input images to capture the minute

details required for proper classification and
localization.

b. Bounding Box Prediction: Simultaneous
prediction of locations and class probabilities
associated with them enables real-time
analysis of blood smear images.

¢. Non-Maximum Suppression (NMS): It
eliminates redundant bounding boxes, thus
retaining only the most accurate predictions.

The following image shows two different
architectures for a transformer block, which is very
commonly used in deep learning for natural language
processing.
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Fig. 2. (). CIB Block

(a) This architecture contains a "CIB" block,
short for "Convolutional-Inception-Bottleneck™. It
takes the input and splits it into two branches. The first
one consists of multiple convolutional layers: 3x3 DW,
1x1, and finally, a 1x1 convolution. The second one
uses the CIB block, which is concatenated with the
first branch. In this architecture, the focus was on
feature extraction by using a series of convolutional
operations.

(b) This architecture uses a feed-forward
network is followed by a multi-head self-attention
mechanism. There are two branches for input. The first
branch incorporates the MHSA module whereas, the
second one includes FFN  module. After
concatenating, a final 1x1 convolution is applied on it.
Here the long-distance dependencies shall be
emphasized through attention.

Both these architectures are ending with a
1x1 convolution for dimensionality reduction and the
residual connection to maintain the information.

The below image is the result image of the work.

Fig. 2. (b). MHSA Mechanism
1V.4. valuation Metrics

To evaluate the model's performance, the
following metrics were used:

1. Precision: The percentage of all anticipated
detections of blood cells that were correctly detected.

2. Recall: The percentage of actual blood
cells that the model accurately identified.

3. F1 Score: A balanced indicator of model
performance is the harmonic mean of precision and
recall.

4. loU: This represents the degree of overlap
between the ground truth and the anticipated
bounding boxes, providing an indicator of
detection accuracy.

V. Results and Discussions
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Fig. 3. Input and Output of the work

V1 Result Image Analysis

e Original Image: A typical blood smear,

predictions. Scores at around 0.25 can
indicate more challenging detections.

showing red blood cells, white blood 2. Platelets

cells, and platelets spread out on the
background.
e Annotated Image:

o The YOLOvV10 model takes the
original image as input and
recognizes and annotates each
type of cell.

o Bounding boxes are drawn

« Count detected: 2 cells.

« Confidence Scores: 0.59, 0.93.

« Observations: The confidence of the model
in detecting platelets is mixed, suggesting the
model is likely to struggle to detect smaller or
less distinct features.

around the detected cells with 3. White Blood Cells (WBC)

class labels (e.g., RBC, WBC,
Platelet) and confidence scores.

V2 Detection Details

1. Red Blood Cells (RBC)

+ Count detected: 1 cell.

« Confidence Score: 0.89.

+ Observations: The high confidence score
indicates that the model is reliable in detecting
WBCs, which are usually characterized by
specific features.

. Detected COUI’ItZ 24 Ce||S. V3 Detection Counts Summary

+ Confidence Scores: 0.25-0.95.

 Observations: The high detection count The following table describes type of the cell and its
shows the model is quite effective in count when detected and counted by giving blood
differentiating RBCs. Confidence scores of smear images as input

0.8 and above can be interpreted as strong
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Cell Type

Count

RBC

24

Platelets

WBC

Table. 1. Cell type and Count of result

V4. Accuracy and Recall rate

The accuracy and recall rate of the suggested system
are described in the table below:

1. Accuracy: The proportion of all anticipated
detections that are true positives.

2. Recall: The proportion of true positives that
the model accurately identified.

Measuring metric Percentage
Accuracy 85.23%
Recall rate 75.60%

Table. 2. Measuring metrics and Percentages of result

V5. Model Performance
The YOLOvV10 model shows:

1. Accuracy: High confidence scores for most
of the detected cells indicate that the
classification and localization are quite
accurate.

2. Efficiency: The model takes a very less
time to process the blood smear images, hence
it is good for high-throughput applications.

3. Flexibility: Capable of identifying varying
blood cell types (RBCs, WBCs, and platelets) in one
pass.

V1. Discussion

The study's findings demonstrate that
YOLOV10 is a dependable automated blood cell
detection and counting tool. The single-pass
processing of the framework provides high-speed
analysis without compromising accuracy. Its capability
to detect overlapping cells and small objects, such as
platelets, is promising for overcoming limitations in
conventional approaches.

However, some limitations remain. Platelet
detection accuracy was relatively lower, mainly due to
their small size and clustered arrangement. Further
work might look into techniques like multi-scale
detection or enhanced feature extraction to overcome
these challenges. Furthermore, this approach can be
improved by incorporating domain-specific
knowledge, such as haematological priors, to enhance
performance and reliability.

In conclusion, while there is a lot to be done
in this regard, the success of this framework in
automating blood cell detection and counting is clearly
relevant to the development of medical diagnostics.
This opens promising possibilities for reducing
workloads, enhancing diagnostic accuracy, and thereby
improving patient outcomes. As future work explores
ways to address the current limitations and incorporate
more advanced techniques and domain-specific
knowledge, YOLOv10 could become an even more
valuable tool in the medical diagnostic toolkit,
particularly in settings where speed and accuracy are of

paramount importance.

VII. Conclusion

The proposed framework based on the
YOLOV10 algorithm is thus an important advancement
in the automated counting and detection of blood cells.
From the standpoint of high-speed analysis with robust
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detection capability, many of the limitations of classic
manual and automated techniques are overcome by this
method, mainly when dealing with overlapping cells
and small objects, including platelets. Hence, the
framework could efficiently analyse microscopic
images of blood smear, presenting a potential addition
to clinical setting diagnostics.

Despite the challenges encountered, such as
lower precision in platelet detection, this study lays a
strong foundation for future innovations in medical
imaging and diagnostics. With further refinements and
adaptations, such as integrating domain-specific
knowledge and advanced detection techniques, the
framework can achieve even greater accuracy and
utility. Ultimately, the adoption of this technology
could revolutionize haematological diagnostics,
providing healthcare professionals with faster, more
accurate, and reliable tools for patient assessment and
care.

VIII. Future Scope

Some of the points that can be taken into
consideration in future for improving the work and
expanding the scope of the work are listed below:

a. Integration into Clinical Settings: The
proposed framework can be modified to
provide real-time diagnostic assistance in
clinical laboratories. By integrating this
system into automated workflows, it can
significantly reduce dependency on manual
methods, enhancing both efficiency and
accuracy in diagnostic processes.

b. Expanded Diagnostic Capability: Future
work will aim to extend the capability of the
model in diagnosis for the classification of
additional blood cell types, such as immature
or abnormal cells. Such a model will be
overwhelmingly  useful in  complexly
diagnosable  conditions  like  anaemia,
leukaemia, and other haematologic disorders.

c. Portability to point-of-care devices:
Another promising way forward is the
deployment of this framework in portable
diagnostic tools. With such equipment at
hand, point-of-care settings can offer patients
quick and accurate blood analysis at remote or
resource-poor areas.

d. Enhanced Detection Methods: Employing
additional cutting-edge methods including

multi-scale  detection, and  attention
mechanism may alleviate many of the
currently identified challenges including that
of detecting platelets and overlapping cells.
Improved  detection  mechanisms  shall
improve the recall and precision of the model
generally.

e. Generalization Across Modalities: Transfer
learning using larger and more diverse
datasets may help the model generalize across
imaging modalities and clinical scenarios,
making it more applicable to a wider range of
medical imaging tasks.

f. Comprehensive Diagnostic  Platforms:
Collaborations with healthcare professionals
could pave the way for developing integrated
diagnostic  platforms.  Combining blood
analysis with other medical imaging tools
would provide a more comprehensive
diagnostic solution, improving patient care
and outcomes.
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