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ABSTRACT 
Accurate and efficient analysis of blood cell populations is crucial for diagnosing various medical conditions and 

monitoring overall health. This project presents a novel approach to automate the detection and quantification of 

blood cells in human blood samples using microscopic images. Leveraging advanced image processing and machine 

learning techniques, this research aims to revolutionize haematological analysis by reducing human intervention 

and increasing diagnostic precision. The proposed system employs image segmentation to isolate individual blood 

cells from complex microscopic images, followed by classification into distinct cell types (e.g., red blood cells, white 

blood cells, and platelets). Utilizing deep learning models, the algorithm learns to recognize subtle variations in cell 

morphology and staining patterns, achieving remarkable accuracy in cell identification and counting. This 

technology promises to expedite blood cell analysis, making it more accessible and cost-effective while minimizing 

the risk of human error. Furthermore, it has the potential to advance medical research, improve disease diagnosis, 

and enhance patient care. By seamlessly integrating advanced image processing and machine learning techniques, 

this study seeks to transform haematological analysis by reducing manual intervention and elevating diagnostic 

precision. The proposed system utilizes YOLOv8's robust object detection capabilities to precisely identify and count 

individual blood cells from intricate microscopic images, ultimately enhancing the efficiency and accuracy of blood 

cell analysis. This project represents a significant step towards harnessing the power of modern image analysis and 

artificial intelligence for the benefit of healthcare and biomedical sciences. 
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1. INTRODUCTION 

 
Blood consists of three primary components: red blood cells (RBC), white blood cells (WBC), and platelets. 

Microscopic examination of blood smears plays a crucial role in diagnosing numerous blood-related diseases. 

Among these components, white blood cells hold particular significance due to their essential role in the 

human immune system. 
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In some research endeavors, a hybrid approach emerges, combining traditional techniques with the power of 

deep learning to diagnose diseases and analyze medical images. Typically, researchers initiate this process by 

meticulously preparing datasets, a crucial prerequisite for training algorithms. This preparatory stage includes 

preprocessing, encompassing operations like segmentation and filtration. Subsequently, the data is channeled 

into deep learning algorithms, prominently featuring Convolutional Neural Networks (CNNs), renowned for 

their proficiency in classification, recognition, and detection tasks. Recent studies have placed significant 

reliance on deep learning algorithms for the analysis and diagnosis of medical images. Diverse algorithms, 

including Region-Based CNNs (R-CNN), Single Shot Detection (SSD), and You Only Look Once (YOLO), 

have been employed for detection purposes. Simultaneously, Fully Convolutional Networks (FCN) and U-Net 

have found their niche in segmentation tasks, while Artificial Neural Networks (ANN) and CNNs have been 

harnessed for classification duties. Furthermore, the development of computer-aided design (CAD) systems 

powered by deep learning holds promise in automating medical diagnoses [13]. Challenges within this research 

domain revolve around the necessity of preprocessing or segmentation as a precursor to feeding data into the 

system . Overcoming the intricacies of extracting irregular white blood cells from images originating from 

diverse sources is another formidable hurdle. The task of classifying these irregularly shaped white blood cells 

is further compounded by the substantial variability in cell shapes. These challenges and innovative solutions 

underscore the transformative potential of deep learning, particularly in the context of blood cell detection in 

human blood samples using microscopic images with YOLO-based object detection. 

 

 YOLOv8, also known as You Only Look Once version 8, represents a significant leap forward in object 

detection when compared to traditional Convolutional Neural Networks (CNNs) and Artificial Neural Networks 

(ANNs). YOLOv8 stands out in the realm of object detection primarily due to its impressive real-time capabilities, 

remarkable efficiency, and high accuracy. In contrast to CNNs, which entail multiple passes over an image for 

object detection, YOLOv8 accomplishes this task in a single pass, rendering it exceptionally fast and well-suited for 

applications demanding real-time processing. Furthermore, YOLOv8 incorporates an anchor box mechanism that 

facilitates the detection of objects across a range of scales and aspect ratios, greatly enhancing its versatility. What 

sets YOLOv8 apart is its unique fusion of deep learning's capabilities with the swift execution of traditional object 

detection methods, making it the preferred choice for tasks prioritizing both efficiency and precision, including but 

not limited to surveillance, autonomous driving, and medical imaging. 

 

2. PROPOSED MODULES: 
 

 Detecting blood cells in human blood samples using YOLOv8 (or similar object detection models) can be 

accomplished using various coding platforms and libraries for computer vision and deep learning. Here are some 

commonly used platforms and tools for this task. The goal is to develop a computer vision system that can detect 

and potentially classify different types of blood cells (e.g., red blood cells, white blood cells) in microscopic 

images of human blood samples. Gather a dataset of microscopic images of blood samples. These images should 

be annotated, meaning that each blood cell in the image is labeled with its type (if necessary) and its location 

(bounding box coordinates). Detecting blood cells in human blood samples using YOLOv8 or similar object 

detection models involves a combination of data preparation, model development, and the use of programming 

platforms and libraries to build an effective and accurate blood cell detection system. 

 
Fig.1 The flowchart of the work done  

2.1 OpenCV (Open-Source Computer Vision Library): 
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 OpenCV is a popular open-source library designed to facilitate computer vision and image 

processing tasks. It is widely used in various fields, including robotics, medical imaging, augmented 

reality, and object detection, among others. Here are some key aspects of OpenCV: 

1. Wide Range of Tools and Functions: OpenCV provides an extensive collection of tools, 

functions, and algorithms for various aspects of computer vision, image analysis, and machine 

learning. It offers support for a broad spectrum of image and video processing tasks, making it 

a versatile choice for researchers and developers. 

2. Image Preprocessing: Image preprocessing is a critical step in computer vision tasks, 

including object detection. OpenCV excels in image preprocessing by offering functions for 

tasks such as resizing images, normalization, color space conversions, noise reduction, and 

data augmentation 

3. Normalization: Normalization involves adjusting the pixel values of an image to a common 

scale or range, typically between 0 and 1. This helps ensure that the model can better learn 

from the data, as well as improving convergence during training. OpenCV can be used to 

perform pixel-wise normalization. 

4. Colour Space Conversions: Different object detection models and computer vision tasks may 

require images in specific color spaces (e.g., RGB, grayscale, HSV). OpenCV offers functions 

to convert images from one color space to another, enabling compatibility with the model's 

input requirements. 

5. Noise Reduction: Microscopic images can contain noise or artifacts that can interfere with 

object detection. OpenCV provides various filters and techniques for noise reduction and 

image smoothing. Techniques like Gaussian blur and median blur can be applied to mitigate 

noise. 

6. Data Augmentation: Data augmentation involves creating variations of the training data by 

applying transformations such as rotation, scaling, flipping, and brightness adjustments. 

OpenCV simplifies data augmentation, allowing you to generate augmented data to improve 

the robustness of your object detection model. 

In the context of blood cell detection, these preprocessing tasks are crucial for enhancing the quality 

of input data, ensuring consistent model performance, and improving the model's ability to generalize 

to various blood cell images. 

 

 

2.2  YOLOv8 (You Only Look Once, Version 8): 

 

YOLOv8 (You Only Look Once, Version 8) in more detail and understand its significance in 

the context of object detection, particularly in tasks like identifying different types of blood cells in 

microscope images: 

1. Speed and Accuracy: YOLOv8 is part of the YOLO (You Only Look Once) family of 

object detection models, which are renowned for their speed and accuracy. YOLOv8 inherits 

these characteristics and is designed to excel in real-time object detection tasks, making it 

suitable for applications where fast and precise detection is crucial. 

2. Real-Time Object Detection: One of the primary strengths of YOLOv8 is its ability to 

perform real-time object detection. It can process images rapidly, making it suitable for use 

cases that require quick responses, such as autonomous driving, surveillance, and medical 

imaging. 

3. Multiple Object Detection: YOLOv8 is capable of detecting multiple objects within a 

single image frame. This is particularly useful in scenarios where there are multiple instances 

of an object class, such as detecting multiple blood cells in a microscope image. 

4. High Precision: YOLOv8 is known for its high precision in object detection. It can 

accurately locate objects within an image and provide bounding box coordinates for each 

detected object. High precision is essential in medical applications like blood cell detection, 

as precise location and classification of cells are crucial for diagnosis and analysis. 

5. Customization and Fine-Tuning: YOLOv8 is a versatile model that can be fine-tuned for 

specific object detection tasks. This means you can adapt it to identify different types of 

blood cells or other objects of interest in your microscopy images. Fine-tuning involves 

training the model on your annotated dataset to specialize in recognizing the specific objects 
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you want to detect. 

 

 

 

3. ALGORITHMS AND METHODS: 
 

  3.1 Preprocessing: 

 

  Image Loading: The algorithm starts by loading microscopic images of blood samples. 

  Image Preprocessing: Before feeding images into the detection model, preprocessing is performed using 

libraries like   OpenCV. Common preprocessing steps include resizing images to a consistent size, 

normalizing pixel values, and    applying filters to reduce noise. 

    1. Image Loading: In the initial step of preprocessing, the algorithm loads microscopic images of 

blood samples   from a dataset or a source. These images are typically in various formats, such as JPEG 

or PNG, and may vary in size   and resolution. Loading the images is the first step in preparing them 

for object detection. 

    2.Image Preprocessing: Image preprocessing refers to a series of operations applied to the loaded 

images before  they are fed into the object detection model. The goal is to enhance the quality of the 

images and make them more  suitable for accurate detection. Some common preprocessing steps 

include: 

    a. Resizing: Microscopic images may have different dimensions, so resizing them to a consistent 

size is essential. This ensures that all images have the same resolution and dimensions, which is important 

for the object detection model. 

    b. Normalization: Normalization involves scaling the pixel values of the image to a standard 

range. Commonly, pixel values are normalized to the [0, 1] range or [-1, 1]. This helps the model learn from 

the data more effectively and improves convergence during training. 

    c. Color Space Conversions: Depending on the requirements of the model and the task, images 

may need to be converted from one color space to another. For instance, converting RGB images to 

grayscale may simplify processing while preserving important information. 

    d. Noise Reduction: Microscopic images can contain noise or artifacts that might interfere with 

object detection. Applying filters, such as Gaussian blur or median blur, can help reduce noise and create 

smoother images. 

    e. Data Augmentation: Data augmentation techniques involve creating variations of the original 

images by applying transformations like rotation, scaling, flipping, and brightness adjustments. 

Augmentation increases the diversity of the training data and improves the model's ability to generalize. 

  3.2 YOLOv8 Object Detection: 

    The YOLOv8 model combines these elements to accurately and efficiently locate, classify, and 

remove duplicate detections of blood cells within microscope images. Its ability to simultaneously predict 

bounding boxes, confidence scores, and class labels makes it a powerful tool for object detection tasks, 

including medical image analysis for blood cell detection and classification. The flow of Yolov8 algorithm 



Vol-9 Issue-5 2023                IJARIIE-ISSN(O)-2395-4396 

     

21770  ijariie.com 1675 

 

 
Fig.2 The flow of Yolov8 in blood detection 

1. Feature Extraction: 

 YOLOv8 employs a convolutional neural network (CNN) as its backbone for feature 

extraction from pre-processed images. 

 Convolutional layers in the network analyse the input images at multiple scales and extract 

hierarchical features that are essential for recognizing objects. 

 These features capture patterns, textures, and contextual information within the images, 

making it possible for the model to understand the visual characteristics of blood cells. 

  2. Bounding Box Regression: 

 YOLOv8's core function is to predict bounding boxes (rectangles) around objects of interest 

within the images. 

 For each bounding box, the model predicts several key attributes: 

a. Coordinates (x, y): The x and y coordinates of the center of the bounding box 

relative to the image. 

b. Width and Height: The dimensions (width and height) of the bounding box. 

c. Confidence Score: A confidence score indicating the model's belief that an 

object exists within the predicted bounding box. High confidence scores 

suggest a strong likelihood of an object being present. 

 The combination of these attributes allows YOLOv8 to precisely locate the blood cells within 

the image. 

3. Class Prediction: 

 Alongside bounding box predictions, YOLOv8 also predicts the class of the object contained 

within each bounding box. 

 In the context of blood cell detection, the model is trained to classify whether the detected 

object is a red blood cell, white blood cell, platelet, or any other relevant category. 

 Classification involves assigning a specific class label to each detected object based on its 

visual characteristics, helping to identify the type of blood cell. 

4. Non-Maximum Suppression (NMS): 

 After the initial predictions, there may be multiple bounding boxes that correspond to the 

same blood cell or contain overlapping objects. 

 To refine the results and avoid duplication, NMS is applied as a post-processing step. 

 NMS identifies and retains only the most confident detection for each object, discarding 

redundant or lower-confidence predictions. 

 This ensures that each blood cell is detected only once, improving the final output of the 

algorithm. 
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  3.3 Evaluation and Quality Assurance: 

   Quality assurance ensures that the blood cell detection algorithm is robust, reliable, and capable of 

consistent   performance in real-world applications. It helps build confidence in the algorithm's 

ability to assist in medical diagnosis,   research, and other critical tasks. 

   1. Evaluation: 

 Metrics: To assess the accuracy and performance of the blood cell detection algorithm, a 

variety of evaluation metrics are often used. Some commonly employed metrics include: 

 Precision: Precision measures the proportion of true positive detections out of all positive 

predictions. It indicates the algorithm's ability to make accurate positive predictions. 

 Recall: Recall (or sensitivity) quantifies the proportion of true positive detections out of all 

actual positive instances in the dataset. It assesses the algorithm's ability to find all relevant 

objects. 

 F1 Score: The F1 score combines precision and recall into a single metric, providing a 

balance between the two. It's particularly useful when there is an imbalance between positive 

and negative samples. 

 Mean Average Precision (mAP): mAP is a comprehensive metric that considers precision and 

recall at different confidence thresholds. It measures the average precision across multiple 

levels of confidence, providing a more detailed view of the algorithm's performance. 

 Intersection over Union (IoU): IoU measures the overlap between predicted bounding boxes 

and ground truth bounding boxes. A high IoU indicates a good overlap, suggesting accurate 

object localization.\ 

 Dataset Splitting: To evaluate the algorithm, the dataset is often divided into training, 

validation, and test sets. The algorithm is trained on the training set, while the validation set is 

used to fine-tune hyperparameters and monitor training progress. The test set, which is not seen 

during training, is used for the final evaluation. 

   2. Quality Assurance: 

 Robustness Testing: Quality assurance involves extensive testing to ensure that the 

algorithm performs reliably under various conditions. This includes testing with different 

types of microscopic images, varying lighting conditions, and different samples to assess 

the algorithm's adaptability. 

 Edge Cases: Testing should also include edge cases, where the algorithm may encounter 

challenging scenarios. For example, images with overlapping blood cells, low-resolution 

images, or samples with artifacts should be part of the testing process. 

 Performance Stability: Quality assurance verifies that the algorithm consistently provides 

accurate results over time. It should be resilient to variations in input data and not exhibit 

significant performance degradation. 

 User Feedback and Validation: In some cases, user feedback and validation by domain 

experts (e.g., medical professionals) are important for quality assurance. Experts can 

assess whether the algorithm's outputs align with their expectations and domain 

knowledge. 

 Error Analysis: Quality assurance includes error analysis to identify common failure 

modes and sources of inaccuracies in detection. This information can guide further 

improvements to the algorithm. 

 Documentation and Reporting: Detailed documentation of the quality assurance process, 

including test cases, results, and any identified issues, is essential for maintaining and 

improving the algorithm. 

 

4. RESULTS: 
   Accurate cell counting is important in medical image analysis. In clinical applications, by and 

large, different sorts of cells are physically counted, prompting an immense responsibility. The DL-based 

location technique, e.g., Just go for it, can consequently distinguish and count RBCs, WBCs, and platelets. 

Notwithstanding, the ongoing Consequences be damned strategy experiences issues in recognizing covering 

articles and situating the bouncing box. The reason for this paper is to further develop cell discovery 

exactness, which is accomplished by adding channel consideration and spatial consideration instruments to 

the component extraction organization. It very well may be seen from the exploratory outcomes that 
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contrasted and the standard Consequences be damned strategy, the proposed Consideration Just go for it 

technique accomplishes the better exhibition in recognizing RBCs, WBCs, and platelets. The sample output 

of the detected blood cells from the blood samples 

 

            

 
 

     Fig.3 Sample output images with confidence 95 

 

5. CONCLUSION: 
   In conclusion, by adding the channel attention mechanism and the spatial attention mechanism to 

the feature extraction network, we improve the detection performance of cells (RBCs, WBCs, and platelets) 

with higher recognition accuracy (97.44%, 99.46%, 96.99%) and mAP (0.943). the execution of YOLOv8 

for platelet testing stands up to a few critical moves that request compelling answers for guarantee precise 

outcomes. These difficulties incorporate the quality and amount of platelet picture datasets, with issues 

connected with picture quality, goal, and shifting imaging conditions requiring hearty model preparation. 

Furthermore, addressing class awkward nature inside datasets is critical to support the model's ability to 

perceive different platelet types enough. Mathematical varieties in platelet size and shape present further 

intricacies, requesting the advancement of versatile calculations and structures. Additionally, the test of 

identifying covering or copied platelets highlights the requirement for exact objective recognition to improve 

the dependability and precision of platelet testing philosophies. By conquering these difficulties, the use of 

YOLOv8 in platelet testing holds the potential for huge headways, eventually adding to further developed 

medical care diagnostics and patient results. Continuous examination and development stay fundamental to 

beat these snags and drive progress in this basic area of clinical innovation. The efficiency of Yolov8 in 
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detection of objects are best in that way it proved same as for blood cells. 
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