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ABSTRACT 

In this project, we propose a robust and efficient approach for blood cell detection and counting utilizing 

YOLOv8, a state-of-the-art object detection algorithm. The input comprises a collection of microscopic images 

representing blood samples, with the primary objective of identifying and quantifying three distinct classes: 

Red Blood Cells (RBC), White Blood Cells (WBC), and platelets. YOLOv8, known for its superior real-time object 

detection capabilities, is employed to simultaneously localize and classify these blood cell types within complex 

and heterogeneous microscopic images. Our methodology involves training the YOLOv8 model on a carefully 

curated dataset containing annotated examples of RBCs, WBCs, and platelets. Subsequently, the trained model 

is applied to unseen images, demonstrating its proficiency in accurately detecting and counting each class. The 

proposed approach not only facilitates efficient blood cell analysis but also holds promise for automating the 

labour-intensive task of manual cell counting in medical diagnostics, thereby contributing to the advancement 

of clinical research and healthcare applications. 

Keywords: YOLOv8, Blood Cell Detection, Microscopic Imaging, Object Counting, Medical Diagnostics, 

Automated Analysis, Clinical Research, Machine Learning, Computer Vision, Healthcare Automation. 

I. INTRODUCTION 

In this project, we present a comprehensive exploration of an innovative framework for blood cell detection 

and counting, leveraging the cutting-edge YOLOv8 object detection algorithm. The accurate identification and 

quantification of Red Blood Cells (RBC), White Blood Cells (WBC), and platelets in microscopic images play a 

pivotal role in various medical applications, ranging from disease diagnosis to treatment monitoring.[1] 

The introduction of sophisticated computer vision techniques for automated and efficient analysis is driven by 

the time-consuming and error-prone nature of traditional manual counting approaches. [2] 

 Our methodology is based on the real-time YOLOv8, which is the cornerstone that allows for the simultaneous 

localization and categorization of many blood cell types inside complicated images. In contrast to the time-

consuming and prone to error manual procedures commonly used in medical laboratories, our novel 

framework leverages the power of YOLOv8 to revolutionize blood cell detection and counting. We hope to 

expedite and improve blood cell analysis accuracy by utilizing state-of-the-art computer vision techniques, 

which will enable patients to receive faster diagnostic and treatment decisions. [3]  

Through a meticulously curated dataset and extensive experimentation, we showcase the model's effectiveness 

in detecting and counting blood cells, paving the way for streamlined and accurate analyses in the field of 

medical diagnostics.[4] 

 This research contributes to the ongoing efforts to enhance automation in healthcare, promising valuable 

insights for both clinical research and practical medical applications.[5] 

II. LITERATURE SURVEY 

According to Guo, Y., & Zhang, M. (2023), This paper introduces YOLOv5-ALT, a blood cell detection method 

aiming to improve accuracy and detection rates. It addresses traditional method limitations by incorporating 

attention mechanisms in feature channels, modifying the SPP module in the YOLOv5 backbone, and adjusting 

bounding box regression loss functions. Evaluation against various metrics demonstrates its effectiveness for 

blood cell detection tasks, offering a more refined approach.[6] 

https://www.doi.org/10.56726/IRJMETS52717
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According to Ma, L., Zhao, L., Wang, Z., Zhang, J., & Chen, G. (2023), Weather variations, challenging 

backgrounds, fruit and foliage shading, and other factors can all have a big impact on automated yield 

estimation and picking in small target apple orchards in their natural environments. This paper offers a 

lightweight detection system based on the improved YOLOv8-tiny. It uses the MinneApple public dataset, which 

is processed to produce a dataset of 829 photos with difficult weather, including 232 images of fog situations 

and 236 images of rain scenarios. This study used P2BiFPN for multi-scale feature fusion and feature reuse at 

the neck, skip connections to shallow features, and a lightweight ULSAM attention mechanism to improve 

detection accuracy by reducing the loss of small target features, focusing on the correct target, and discarding 

redundant features. The model has a loss rate of 0.0316 and a mAP of 80.4%, as shown by the experimental 

data. In comparison to the original model, the mAP has increased by 5.5%, and the model size has decreased by 

15.81%, resulting in a lower equipment requirement. In terms of counts, the RMSE and MAE are 8.97% and 

5.69% lower, respectively, at 2.737 and 4.220. This experimental model provides new insights into hardware 

deployment and orchard yield estimation due to its enhanced robustness and performance. [7] 

According to Ran, B., Huang, B., Liang, S., & Hou, Y. (2023), This study enhances the YOLOv8x object detection 

algorithm for surgical instrument counting. It introduces the RepLK Block module to increase the receptive 

field and shape feature learning and integrates the ODConv structure to enhance feature extraction and capture 

contextual information. The OSI26 dataset, comprising 452 images with 26 surgical instruments, is created for 

training and evaluation. Compared to other algorithms, our method shows superior accuracy in instrument 

identification, promising better surgical safety and patient health.[8] 

According to Li, You, S., Li, M., Liu, W., Sun, H., Wang, Y., Grzegorzek, M., & Li, C. (2023, August). The Peripheral 

Blood Cell Image Dataset (PBCI-DS) addresses issues in blood testing instruments such as lengthy processing 

times, complex procedures, and limited detection capabilities. It comprises 17,092 images covering eight 

categories of peripheral blood cells, along with corresponding cell labelling files. The dataset aims to facilitate 

training models for object detection in artificial intelligence. Researchers conducted experiments using various 

deep learning models, including four from the YOLO series (YOLO-v5s, YOLO-v5l, YOLO-v6, YOLO-v7) and SSD 

models. These models were trained on the PBCI-DS and their results compared and evaluated. The objective 

was to demonstrate the effectiveness and practicality of PBCI-DS for training object detection models in the 

context of blood cell analysis.[9] 

According to Anzaku, E. T., Mohammed, M. A., Ozbulak, U., Won, J., Hong, H., Krishnamoorthy, J., ... & De Neve, W. 

(2023). Our objective in fine-tuning selected object detection models on the Tryp dataset is to establish baseline 

performance and evaluate the feasibility of directly detecting the trypanosome parasite from unstained thick 

blood smear microscopy images. We evaluate performance in three settings: (1) validation and test dataset 

partitions of Tryp, (2) 5-fold cross-validation using the SEV strategy, and (3) negative images. A confidence 

threshold of 0.5 is applied to discard low-confidence predictions, prioritizing higher-confidence ones to 

optimize the precision-recall trade-off. Results nclude AP, precision, recall, and F1 score for both validation and 

test partitions. YOLOv7 demonstrates the best precision and F1 score (0.87 and 0.72, respectively), while Faster 

R-CNN achieves the highest AP and recall (0.71 for both). Precision-recall curves in Fig. 9 further illustrate 

model performance, with YOLOv7 exhibiting the highest precision and Faster R-CNN leading in recall. Overall, 

there is no evidence of overfitting, and each model exhibits distinct performance characteristics. [10] 

According to Zou, Y., Tian, Z., Cao, J., Ren, Y., Zhang, Y., Liu, L., ... & Ni, J. (2023). In this study, a detection model 

named TCLE–YOLO, which was based on an improved YOLOv5 model for rice grains, was presented. To reduce 

rice grain misidentification, especially for heavily adhesive rice grains, which are difficult to distinguish, an 

attention mechanism was embedded into the YOLOv5 and an additional detection head for small targets was 

designed. The model was trained, validated, and tested using a self-built dataset. The final test set scores were 

99.20%, 99.10%, 99.20%, and 72.20%. Furthermore, compared with the Faster R-CNN, EfficientDet, SSD, and 

YOLOv7 models, the proposed TCLE–YOLO model had better detection and counting results for rice grains of 

different degrees of adhesion. The experiments, therefore, confirm that the proposed model performed well 

when detecting and counting rice grains of different degrees of adhesion. This provides objective support to 

applications such as thousand-grain weight measurements, rice breeding, and cultivation management. In the 
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future, we will further improve the generalizability of the model and extend the application of the improved 

model to the detection and counting of other small seed cereals.[11] 

According to Meng, X., Li, C., Li, J., Li, X., Guo, F., & Xiao, Z. (2023). YOLOv7-MA.This paper presents the YOLOv7-

MA algorithm for wheat head detection and counting, leveraging data augmentation and transfer learning on 

the Global Wheat Head Dataset 2021. Comparative experiments with other state-of-the-art algorithms 

demonstrate superior performance in terms of MAP@0.5, precision, recall, and F1-score. Ablation studies 

highlight the effectiveness of incorporating micro-scale detection layers and CBAM module. Transfer learning 

showcases robustness across different growth stages, with the model achieving a MAP@0.5 greater than 93% 

and detection speed over 33 FPS. Challenges in dataset scale and diversity are addressed through augmentation 

strategies. The proposed YOLOv7-MA model offers a balance between detection accuracy and speed, showing 

promising applications in precision agriculture, particularly for yield estimation using aerial imagery. Further 

research directions involve simplifying model architectures without compromising accuracy.[12] 

According to Lawal, O. M., Zhu, S., & Cheng, K. (2023). This paper introduces an enhanced YOLOv5s model 

tailored for fruit detection in challenging environments, targeting deployment on low-power computing devices 

with limited memory. The proposed model incorporates feature concatenation and attention mechanisms into 

the YOLOv5s architecture, enhancing fruit detection performance. Evaluation on a new fruit image dataset 

demonstrates superior results compared to the original YOLOv5s and other baseline models. The improved 

YOLOv5s achieves a 93.4% mAP on the validation set, 96.0% on the test set, and operates at 74 fps on videos, 

outperforming the original YOLOv5s in accuracy and speed. Additionally, it exhibits enhanced robustness in 

tracking and counting tasks. Comparative analysis with GhostYOLOv5s, YOLOv4-tiny, and YOLOv7-tiny models 

underscores the superior performance of the proposed model. Overall, the enhanced YOLOv5s offers a 

lightweight solution with reduced computational costs, making it suitable for real-time fruit detection 

applications in fruit picking robots and low-power computing devices. Future research directions include 

exploring additional neck networks and loss functions to further improve detection performance while 

maintaining efficiency.[13] 

According to Wu, T., Zhong, S., Chen, H., & Geng, X. (2023). This paper presents an efficient method for counting 

wheat ears in large fields using improved YOLOv7 DeepSort models, leveraging UAV-captured videos. By 

combining GCNet, ODConv, and CA mechanisms in the YOLOv7 model, enhanced feature extraction for wheat 

ears improves detection accuracy. Additionally, integrating ResNet into the DeepSort algorithm strengthens 

wheat recognition during tracking, yielding superior tracking results. Validation on UAV-collected wheat-ear 

datasets demonstrates high accuracy, recall, and mAP results of 93.5%, 92.4%, and 96.2% respectively for 

wheat detection. The multi-objective tracking algorithm achieves an 86.3% accuracy, marking a 17.1% 

improvement, with a detection rate of 14 frames per second and a MOTA of 75.4%. Real-time performance is 

demonstrated with stable counting accuracy exceeding 95% in extracted wheat-ear counting videos. While the 

algorithm is effective for videos with uniform speeds and high-definition, variability in video speeds may affect 

counting accuracy. Future research will focus on scenarios with obstructed or densely packed wheat ears, 

aiming to deploy lightweight models to maintain or enhance detection accuracies while reducing dataset 

quality requirements and mitigating motion-induced inaccuracies. The proposed algorithm holds promise for 

rapid wheat counting on UAVs or edge devices.[14] 

According to Li, S., Tao, T., Zhang, Y., Li, M., & Qu, H. (2023). This study introduces a novel approach to fruit tree 

detection, focusing on identifying bayberry targets amidst complex backgrounds. Leveraging the YOLOv7 

architecture, specialized modules such as SPD-Conv detection head modules, CNxP module, global attention 

mechanism (GAM), pyramid pooling module (SPPFCSPC), and integration of the Wise-IoU function enhance 

detection accuracy and speed. The proposed YOLOv7-CS model achieves up to a 13.2% increase in mean 

average precision (mAP) at higher IoU thresholds while reducing parameters by 17.3 M, ensuring a more 

lightweight and efficient design for bayberry target detection.Comparative analysis with other algorithms like 

random forest, debiased sparse partial correlation (DSPC), and OPLS-DA underscores the superiority of the 

YOLOv7-CS model in object detection capabilities, particularly for identifying and counting bayberry targets 

against challenging backgrounds. The model's lightweight design, improved accuracy, and speed in detecting 

high-density fruit targets offer promising applications for fruit tree monitoring and management. The YOLOv7-
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CS model holds potential for detecting and analyzing various crops, coupled with drone technology for efficient 

fruit identification, monitoring growth status, and harvest in orchards. Future optimizations aim to enhance the 

model's robustness to environmental factors and explore integration with other technologies to build 

intelligent agricultural decision-making systems, thereby improving production efficiency and quality.[15] 

According to Abas, S. M., Abdulazeez, A. M., & Zeebaree, D. Q. (2022). The proposed CAD3 system utilizes deep 

learning, employing YOLOv2 and CNN, to detect and classify leukocytes in leukemia. It achieves perfect 

accuracy and provides detailed reports on treatment effectiveness for leukemia patients, including the number 

and size of each type of white blood cell (WBC), a feature not offered by other systems. By dividing the main 

task into sub-tasks with simple architectures, CAD3 achieves high performance. Trained and tested directly on 

microscope data without preprocessing or traditional segmentation, CAD3 avoids reliance on such steps 

common in other systems. Dataset preparation, comprising detection and classification datasets, is highlighted 

as a challenging task. Despite these challenges, CAD3 demonstrates high accuracy on various datasets, affirming 

its efficacy in leukemia diagnosis.[16] 

According to Chen, YM., Tsai, JT. & Ho, WH (2021). The Resnet50-SSD model, proposed in this study, 

demonstrates superior accuracy in identifying and quantifying blood cells, particularly WBCs and RBCs, within 

microscopic smear images. The research makes several significant contributions: Firstly, it confirms that image 

size directly impacts object detection accuracy. Through experiments, it's established that larger images lead to 

better detection accuracy, especially for objects of varying sizes. The Resnet50-SSD model using 512 × 512 

input images achieved an average mAP of 0.7747, outperforming the model with 300 × 300 input images, which 

attained an average mAP of 0.7094 on the blood cell image test set.Secondly, the study validates the importance 

of selecting appropriate algorithm hyperparameters to enhance detection accuracy. By employing the Taguchi 

method, an optimized combination of hyperparameters was identified, resulting in an average mAP of 0.7747, 

surpassing the performance of models utilizing hyperparameters from Matlab examples, which achieved an 

average mAP of 0.7475. Furthermore, the research demonstrates the effectiveness of the Taguchi experimental 

method in identifying optimal algorithm hyperparameters for the Resnet50-SSD model. Through validation 

experiments, the best parameter combination (A3: adam, B3: 18, C2: 10−4, and D2: 40) significantly improved 

performance, with an average mAP of 0.7747 and an η value of 12.9461, exceeding those achieved by 

conventional experimental methods.[17] 

According to Chandra Joshi, R., Yadav, S., Kishore Dutta, M., & Travieso-Gonzalez, C. M. (2022). This paper 

proposes the robust and fast detection and counting of different blood cells. The images of different blood cells 

with respective labels are provided to train the deep learning model with multiple parameters. The trained 

model is analyzed on different parameters. The results show high accuracy while detecting and counting the 

blood cells. The proposed framework can scan the image in three different scales, making it easy to detect the 

small-sized blood cells in an input image frame. Average precision ranges from 0.70 to 0.991 with a mean 

average precision value of 0.8535. The input images frames were processed very fast; the resulting count of 

different cells can be utilized by doctors to find disorders based on that report. The complete framework is 

automatic, and multiple images frames can be processed subsequently to generate the report. The proposed 

automated framework is significantly more accurate and faster than the traditional methods used by 

pathologists.[18] 

According to  Wang, X.; Gao, H.; Jia, Z.; Li, Z. BL-YOLOv8: The proposed BL-YOLO model enhances accuracy in 

detecting road defects compared to the original YOLOv8 model, despite some challenges. Factors such as varied 

weather conditions and road types, as well as image characteristics like blurriness, contribute to undetected 

defects. Additionally, the complexity of road conditions, including the presence of pedestrians and vehicles, 

poses detection challenges. While the BL-YOLOv8 model improves small target detection, it still struggles with 

targets resembling the environment. Although the BL-YOLOv8 model shows improvements in accuracy, 

mAP@0.5, and computational complexity over YOLOv8, it incurs longer inference times. Integrating the BIFPN 

structure reduces parameters but increases computational complexity. To address this, the SimSPPF structure 

replaces SPPF, enhancing detection speed with lower computational cost. Attention mechanisms improve 

performance but also increase complexity and inference time. The BiFPN structure facilitates future model 

updates and fine-tuning without disrupting the original structure. This makes the BL-YOLOv8 model suitable 
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for intelligent road maintenance, crucial for road safety. Its reduced parameters and complexity enable 

deployment on cost-effective embedded or mobile devices, making it accessible for road maintenance 

equipment. Integrating with a camera on a development board establishes a cost-efficient visual recognition 

system.[19] 

According to  Soeb, M. J. A., Jubayer, M. F., Tarin, T. A., Al Mamun, M. R., Ruhad, F. M., Parven, A., ... & Meftaul, I. M. 

(2023). In this study, the YOLOv7 model (YOLO-T) is utilized to enhance disease detection and identification in 

tea estates, which holds significant potential for improving tea production and the economy of countries like 

Bangladesh. The model autonomously identifies five types of tea leaf diseases and distinguishes between 

healthy and diseased leaves, achieving an impressive overall classification accuracy of 97.30%, with recall and 

precision rates of 96.4% and 96.7%, respectively. Outperforming previous models, YOLOv7 exhibits superior 

performance in terms of precision, accuracy, and recall when compared to YOLOv5. Despite these promising 

results, the study highlights the limitation of the training period duration. Future research could incorporate 

batch normalization to expedite training and enhance precision. Moreover, expanding the dataset is identified 

as a key area for future development. Gathering samples of damaged tea leaves from diverse varieties, fertility 

stages, and shooting angles would enable the compilation of a larger, more comprehensive dataset, thereby 

improving the robustness and effectiveness of disease detection models in tea gardens.[20] 

EXISTING SYSTEM: 

Various existing methods for blood cell detection and counting have been employed, each with its strengths and 

limitations. Conventional approaches often rely on manual counting or semi-automated methods, where human 

operators analyse microscopic images to identify and enumerate blood cells. However, these methods are 

labour-intensive, time-consuming, and susceptible to human error. More recently, machine learning techniques, 

including convolutional neural networks (CNNs) and region-based approaches, have gained prominence. CNNs, 

in particular, have shown success in image classification tasks, but they may struggle with object localization. 

Region-based methods, such as Faster R-CNN and Mask R-CNN, address this limitation by combining object 

detection with segmentation. While effective, these methods can be computationally demanding. 

DISADVANTAGE: 

 Limited Sensitivity to Small Objects 

 Difficulty in Handling Overlapping Cells 

 Dependency on Quality and Quantity of Training Data 

 Potential for False Positives 

III. PROPOSED SYSTEM 

The proposed method for blood cell detection and counting relies on the YOLOv8 object detection algorithm, a 

robust and real-time framework that excels in simultaneous localization and classification tasks. We begin by 

curating a comprehensive dataset comprising annotated examples of the three blood cell classes: Red Blood 

Cells (RBC), White Blood Cells (WBC), and platelets. The YOLOv8 model is then trained on this dataset, fine-

tuning its parameters to optimize performance for the specific nuances of microscopic images. During 

inference, the trained model is applied to unseen images, accurately identifying and classifying individual blood 

cells in real time. The methodology incorporates post-processing steps to refine the detected results, ensuring 

high precision and minimizing false positives. To validate the effectiveness of our approach, extensive 

experimentation is conducted, and performance metrics such as precision, recall, and F1 score are thoroughly 

analysed. The proposed method not only demonstrates state-of-the-art blood cell detection and counting 

capabilities but also offers a scalable and efficient solution for automating this critical task in medical 

diagnostics. 

ADVANTAGE: 

 Real-time Processing 

 Simultaneous Localization and Classification 

 Adaptability to Diverse Blood Cell Types 

 Reduced Manual Intervention 

 Scalability and Generalization 
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ARCHITECTURE DIAGRAM: 

 

Figure 1: Architecture diagram 

1. Data Collection  

This module is responsible for gathering a diverse and well-annotated dataset of microscopic images containing 

Red Blood Cells (RBC), White Blood Cells (WBC), and platelets. The dataset should capture the variability 

present in real-world samples, ensuring the model's ability to generalize across different conditions and cell 

types. 

2. Data Preprocessing  

Before training, the data preprocessing module handles tasks such as image resizing, normalization, and 

augmentation. Resizing ensures uniformity in input dimensions, normalization standardizes pixel values for 

consistent model training, and augmentation introduces variations to the dataset, augmenting its diversity and 

improving the model's robustness. 

3. Training 

The model training module involves feeding the pre-processed dataset into the YOLOv8 architecture. During 

training, the model learns to recognize and classify blood cell types. The process includes optimization of model 

parameters through backpropagation and adjusting weights to minimize the defined loss function. Training 

metrics are monitored to ensure the model is learning effectively. 

4. Machine learning model: 

A group of deep learning models that is frequently used for image and video analysis applications is 

Convolutional Neural Networks (CNNs). They are made to efficiently capture spatial patterns by automatically 

learning and extracting pertinent features from incoming data. Convolutional, pooling, and fully linked layers 

are among the layers that make up a CNN. Convolutional layers in a CNN use filters to extract various 

information at various spatial scales from input images. These filters conduct element-wise multiplications 

while sliding across the input to identify patterns like edges, textures, and forms. The convolved feature maps 

are subsequently down sampled by the pooling layers, which lowers the spatial dimensions while keeping 

crucial data. You Only Look Once (YOLO) is a state-of-the-art object detection algorithm that revolutionized 

computer vision by enabling real-time, high-precision detection of multiple objects in images or video frames. 

Unlike traditional methods that involve multiple passes over an image, YOLO divides the image into a grid and 

simultaneously predicts bounding boxes and class probabilities for objects within each grid cell. This one-shot 

approach allows YOLO to achieve remarkable speed without compromising accuracy. YOLO's efficiency and 

effectiveness make it widely adopted in applications ranging from autonomous vehicles and surveillance to 

medical imaging, where rapid and accurate object detection is crucial. 

5. Detection 

This module involves the implementation of the YOLOv8 object detection architecture. Implements YOLOv8 for 

real-time object detection in blood cell images. Detects and localizes individual blood cells within the images, 

providing bounding box coordinates and associated class labels. The counting module specifically addresses the 

quantification of detected blood cells. It involves implementing algorithms to accurately count individual cell 

types, providing a comprehensive analysis of the blood sample. This module is crucial for obtaining quantitative 

results that are vital for diagnostic purposes. 
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6. Report Generation 

The output generation module uses the trained model to create unseen tiny images after it has been trained. 

The module provides information on the locations and classifications of each type of blood cell by extracting 

predictions for it. To ensure accurate results for downstream analysis, post-processing processes can be used to 

improve precision, eliminate false positives, and refine the output. 

P-R curve of YOLOv8 

 

Figure 2: 

Table 1: 

TYPE mAP@0.5 

Tiny YOLO 62.36% 

SSD 74.95% 

Resnet50-SSD 77.47% 

YOLOV3 85.35% 

YOLOV8 93.1% 

Experiments were performed on blood cell dataset using the YOLOv8. The Precision-Recall (P-R) curve 

obtained by the experiment is shown in Figure 2, with the horizontal axis representing recall and the vertical 

axis representing precision. The closer the curve is to the coordinate (1,1), the better the performance. The 

performance of YOLOv8 is shown in Table 1. In order to prove the performance of YOLOv8, the YOLOv8 was 

compared with Tiny Yolo, SSD, resnet50-SSD, CNN, and YOLOv5. The results on BCCD dataset for Tiny Yolo, 

SSD, resnet50-SSD, CNN, and YOLOv5 are listed in table 2. YOLOv8 showed the best performance with detection 

accuracy of 93.1%, while Tiny YOLO presented the worst performance with detection and counting accuracy of 

62.36% for the BCCD dataset. 

IV. RESULTS AND DISCUSSION 

In this research, we explored the application of the YOLOv8 algorithm for blood cell detection and counting, 

presenting a promising advancement in medical image analysis. Leveraging the real-time processing 

capabilities and simultaneous localization and classification features of YOLOv8, we developed an efficient and 

accurate solution for identifying Red Blood Cells (RBC), White Blood Cells (WBC), and platelets in microscopic 

images. Our experiments showcased the efficacy of the YOLOv8 model in accurately detecting and counting 

blood cells across a diverse range of specimen images. The model achieved commendable performance metrics, 

with high precision and recall rates for all cell types, surpassing the capabilities of previous methods. Moreover, 

the real-time processing capabilities of YOLOv8 offer a significant advantage in streamlining the analysis 

workflow, potentially improving diagnostic efficiency in clinical settings. The successful application of the 
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YOLOv8 algorithm in blood cell detection and counting represents a significant breakthrough in medical image 

analysis 

BOUNDING BOX 

 

Figure 3: 

Figure 3 shows the comparison curves of loss functions, from left to right, representing the localization loss, 

classification loss, and distributional focal loss on the validation set. In this context, "smooth" likely denotes 

stable convergence during training, where the model's predictions for bounding box coordinates are improving 

consistently, leading to better overall performance as reflected in the evaluation metric labelled as "result. 

“Therefore, a smooth portion of the curve represents a phase of successful training where the model is learning 

effectively and producing accurate predictions, leading to favourable outcomes in terms of the specified 

evaluation metric. 

V. CONCLUSION 

In conclusion, our exploration of blood cell detection and counting using the YOLOv8 algorithm presents a 

promising advancement in the field of medical image analysis. The proposed method capitalizes on the real-

time processing capabilities and simultaneous localization and classification features of YOLOv8, offering an 

efficient and accurate solution for identifying Red Blood Cells (RBC), White Blood Cells (WBC), and platelets in 

microscopic images. While the system demonstrates commendable advantages, such as speed and adaptability, 

it is essential to acknowledge certain limitations, including potential challenges with small objects and 

overlapping cells. Despite these drawbacks, the proposed method addresses longstanding issues associated 

with manual counting methods and introduces a viable alternative for automating blood cell analysis in medical 

diagnostics. Future work in revolutionizing haematology with YOLOv8 involves optimizing the architecture, 

refining data augmentation techniques, and exploring multi-scale detection methods for improved accuracy. 

Domain adaptation and transfer learning strategies will enhance model generalization across different datasets 

and imaging modalities. Ensemble learning and fusion approaches can further boost performance, while real-

world deployment and validation ensure clinical relevance. Establishing a feedback loop for continual 

improvement is crucial. By pursuing these avenues, the automated blood cell detection and counting system 

will advance, leading to better healthcare outcomes and patient care. 
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