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Abstract

Early detection of blood cancers remains a critical challenge due to the limitations of conventional manual
blood smear examinations, which are slow and dependent on expert interpretation. In response, this study
presents an Al-driven approach that leverages the YOLO object detection framework paired with a
standard webcam for real-time analysis of blood samples. Trained on a dataset of major blood cell types,
the system demonstrates promising capability in distinguishing abnormal cells. By offering a  cost-
effective and accessible diagnostic aid, the method shows potential to support pathologists in the early
screening of leukemia, lymphoma, myeloma, and related disorders.
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1. INTRODUCTION

Blood cancers such as leukemia, lymphoma, and myeloma originate in the bone marrow or lymphatic
system and disrupt the normal production and function of blood cells. These malignancies often cause
structural and morphological changes in white blood cells, red blood cells, and platelets, which can be
observed through microscopic analysis of blood smears. Identifying such abnormalities at an early stage
plays a decisive role in guiding diagnosis and treatment. However, traditional examination methods remain
labor-intensive, subjective, and highly dependent on expert evaluation.

Advances in artificial intelligence have opened new possibilities for automated screening, particularly
through deep learning—based object detection models. Among these, the YOLO (You Only Look Once)
framework has gained recognition for its ability to perform rapid and accurate localization and classifica-
tion of objects within images. When applied to hematological samples, YOLO can detect and differentiate
cell types in real time, offering a pathway to faster and more consistent identification of irregular cells
linked to blood cancers.

By combining accessible imaging tools with advanced detection algorithms, this approach introduces a
direction where diagnostic support systems become faster, more reliable, and potentially more available
in diverse clinical settings. The promise of such methods invites deeper exploration into how technology
can complement medical expertise in the early detection of life-threatening diseases.
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Figure 1. Representative microscopic image of a peripheral blood smear.

The image displays a mixture of red blood cells (pink circular structures) and various types of white blood
cells (purple-stained cells with distinct nuclei). Normal red blood cells appear as uniform discs, while the
white blood cells exhibit different shapes and granule patterns depending on their type (such as
neutrophils, lymphocytes, and monocytes). Structural or morphological abnormalities in these cells often
serve as important indicators of blood cancers like leukemia, lymphoma, and myeloma. Detecting such
variations is essential for early diagnosis, and serves as the foundation for applying deep learning—based
models such as YOLO for automated recognition and classification.

2. Background Study

In India, blood cancers have emerged as a significant public health challenge, with both new cases and
deaths steadily increasing over time. Projections from national cancer registries indicate that the incidence
of leukemia, lymphoma, and myeloma is likely to climb further by 2025, with the highest impact seen
among older age groups. Studies also show that the risk rises sharply with advancing age, and clear
differences between men and women provide important clues about how these diseases affect the
population.
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Figure 2. Projected trends of overall cancer incidence and mortality in India (up to 2025) based on
national registry estimates and global projections.
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Cancer is emerging as an increasingly serious health issue in India. The National Cancer Registry
Programme (NCRP) estimates 1.46 million new cancer cases in 2022, and projects this to rise to around
1.57 million by 2025, marking a roughly 12.8% increase over the period Indian Journal of Medical
Research+2Indian Journal of Medical Research+2. In tandem, the country’s overall disease burden—
measured in disability-adjusted life years (DALYs)—is expected to climb from 26.7 million in 2021 to
29.8 million by 2025 BioMed Central.

Among all cancers, blood-related types—including leukemias, lymphomas, and multiple myeloma—
play a significant role. According to GLOBOCAN 2022 data, India saw over 120,000 new blood cancer
cases that year; leukemia alone accounted for nearly 49,883 diagnoses, followed by non-Hodgkin
lymphoma (~39,736 cases) and Hodgkin lymphoma (~9,611) Indian Journal of Medical Research.
Alarmingly, recent regional observations point to rising trends among younger populations. In New Delhi
(2025), there are at least 3,000 annual cases of acute myeloid leukemia (AML), with growing incidence
among adults aged 30—40 The Times of India+1. Similarly, in Nagpur (2024-25), cases of pediatric acute
lymphoblastic leukemia (ALL) rose from 22 in 2021-22 to 35, reflecting an 82% surge in one year The

Times of India.

3. Technical Background

The YOLO model is a widely recognized deep learning framework for object detection, designed to
achieve both high speed and accuracy in real-time applications. Unlike traditional methods that rely on
sliding windows or region proposal networks, YOLO treats detection as a single regression task, directly
predicting bounding box coordinates, objectness scores, and class probabilities from the entire image in a
single pass. The input image is divided into a grid, and each grid cell predicts whether an object is present,
along with its location and class label. The model architecture typically consists of three main components:
a backbone network for feature extraction, a neck for combining multi-scale features, and a detection head
that produces the final predictions. Over successive versions, YOLO has evolved from basic convolutional
backbones to more advanced structures such as CSPDarknet and anchor-free detection heads, as seen in
YOLOVS. This continuous development has enabled YOLO to detect objects of varying sizes and com-
plexities effectively. In the context of hematology, this capability is highly beneficial since blood smear
images contain numerous small and overlapping cells. YOLO can rapidly identify and classify cell types
such as neutrophils, lymphocytes, eosinophils, and platelets, while also highlighting abnormal structures
that may indicate early signs of leukemia, lymphoma, or myeloma. Its ability to process multiple frames
per second using even standard imaging devices like webcams makes YOLO an ideal solution for cost-
effective and real-time medical image analysis, providing valuable assistance to pathologists in early
screening and diagnosis.

4. YOLOVS8 Network Architecture (Ultralytics, 2023)

The figure illustrates the internal design of the YOLOVS object detection network, which is systematically
divided into three primary components: the Backbone, the Neck, and the Head. The Backbone is the
feature extraction stage, where the input image (commonly 640 x 640 pixels) is processed through
successive convolutional (Conv) layers and advanced C2f blocks. These operations progressively
downsample the spatial resolution of the image while simultaneously enriching it with deeper semantic
representations. As the feature maps pass through the backbone, the model learns to capture low-level
visual cues such as edges and textures, as well as higher-level object structures. At the end of this stage,
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the Spatial Pyramid Pooling — Fast (SPPF) module is introduced, which is specifically designed to expand
the receptive field efficiently. By applying multiple pooling operations in parallel, the SPPF enables the
network to better capture multi-scale contextual information, ensuring robust recognition of objects that
vary in size and shape.
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Fig 3., Ultralytics (2023). YOLOVS8 Architecture Discussion
Available at: https://github.com/orgs/ultralytics/discussions/3610.
The Neck serves as a bridge between the Backbone and the Head, playing a critical role in fusing
information from different stages of the network. YOLOvV8 employs a combination of Feature Pyramid
Networks (FPN) and Path Aggregation Networks (PAN) to achieve multi-scale feature integration. Within
this section, features from deeper layers are unsampled and then concatenated with features from earlier
layers. This process merges high-resolution spatial detail with rich semantic information, significantly
improving the model’s ability to detect both small and large objects. Such capability is particularly crucial
for medical applications like blood smear analysis, where cells differ widely in size and often appear in
dense or overlapping clusters.
Finally, the Head is responsible for generating the actual predictions. Unlike earlier YOLO versions that
relied on predefined anchor boxes, YOLOvVS8 adopts an anchor-free detection strategy. For each scale of
the feature maps, the Head directly predicts the bounding box coordinates, the objectness score
(probability that an object exists in that location), and the class probabilities. This streamlined design not
only reduces computational overhead but also improves the model’s flexibility when applied to datasets
with objects of irregular shapes or varying aspect ratios, such as abnormal blood cells in pathological
images.
The Outputs and Loss function complete the detection process. The outputs consist of bounding boxes
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tightly surrounding each detected object, along with class probabilities that indicate the type of object,
such as a neutrophil, lymphocyte, or platelet. To ensure that the model learns effectively, YOLOvVS
optimizes its parameters using a compound loss function. This function integrates three penalties:
localization loss, which measures how accurately predicted bounding boxes align with ground truth
annotations; classification loss, which evaluates the correctness of the predicted class labels; and
objectness loss, which assesses the confidence that a box contains a valid object. By balancing these three
objectives, the network achieves both high accuracy and real-time inference capability, making it well-
suited for critical applications such as early blood cancer screening.

Blood Cell Types Considered for Detection

In this study, the YOLOVS architecture was employed to detect and classify seven distinct categories of
blood cells. The selected cell types represent the most relevant populations for both normal hematology
and the identification of abnormalities that may indicate early stages of blood-related disorders. The
categories include basophils, eosinophils, monocytes, neutrophils, platelets, and lymphocytes. Each of
these cells plays a critical role in maintaining immune defense and overall blood physiology, and their
abnormal structure or count often serves as an early marker of leukemia, lymphoma, or other
hematological malignancies.

The dataset used for training and evaluation was initially sourced from publicly available repositories on
Kaggle, where blood smear images were annotated according to cell type. To ensure clinical reliability,
the dataset was subsequently validated at Janani Hospital, Gulbarga, under the guidance of Dr.
Rohan K, who confirmed the accuracy of cell-type labelling. This process provided a dual advantage: the
broad accessibility of online datasets combined with the assurance of expert medical verification. By
focusing on these seven blood cell categories, the model was designed not only to distinguish normal
haematological features but also to highlight subtle morphological variations that may support the early
screening of blood cancers.

Experimental Setup and Model Training

The training of the YOLOvV8 model was carried out on a system equipped with an Intel Core i7-10700F
processor (2.90 GHz, 16 cores), 16 GB RAM, and support for DirectX 12. The system configuration
ensured that computationally demanding tasks such as dataset preprocessing, annotation, and model
training could be performed efficiently.

For dataset preparation, the LabelMe tool was used to annotate blood smear images, creating bounding
boxes for each of the seven target cell types. Since YOLOVS requires training data in a specific format,
the annotated images in JPG format were converted into corresponding TXT files containing bounding
box coordinates and class labels. This conversion ensured compatibility with the YOLO training pipeline.
The training process was executed through the Anaconda Prompt environment, where all required
dependencies were installed prior to execution. Essential libraries such as Ultralytics (for YOLOvVS
implementation) and TensorFlow (for additional deep learning utilities) were installed and configured.
Following successful setup, the training was initiated, and the model weights were iteratively updated.
Upon completion, the model generated a final checkpoint file, best.pt, representing the best-performing
trained weights based on validation accuracy.

For real-time detection, the system was integrated with an Intel 3D Depth Camera, which provided
high-resolution live video streams. The trained YOLOv8 model processed these streams to detect and
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classify blood cells in real time. The depth camera enhanced detection accuracy by offering robust image
quality and improved spatial information, making the system more effective for practical screening tasks.

End-to-end runtime algorithm

Loop over frames from the webcam

Read frame IERTV"3

Letterbox to 640x640 while keeping aspect ratio (details below).
Forward pass through YOLOvV8 — multi-scale predictions.
Decode raw outputs into boxes + class probs.

Compute scores and filter by conf=0.75.

Non-Maximum Suppression (NMS) to remove duplicates.
Map boxes back to original frame coordinates.

Draw boxes/labels; show and save frame.

e I

Letterbox resize

Let the original frame be HxWH\times WHxW. To fit 640%640 without distortion:
. 640 640
Scale s = min{—,—}
H'w
Resized size H' = [sH], W' = [sW].
640-w' 640—H'
Pad amounts p,, = T Py = —

Forward map (orig — net):
X'=8 X+ Py, Y=8y1py.
Inverse map (net — orig):

_xX-px Y-y
X , .
S S

Prediction heads and decoding
YOLOvVS is anchor-free and predicts at three strides
At each location p=(u, v) on a stride-SSS feature map, the model outputs:

e Bounding box via distance distribution (DFL) for each side:

PLPT PR Pp € ANE

Decode each side as an expected value:
K K K K

dy= ) i(p, dindr = ) i dp = ) iRds = ) i@p)i

=0 =0 =0 =0
Convert to pixel distances by multiplying the stride : d' = § * d.
The grid center in input space is
x. =S+ 0.5),y. =S +0.5).
The box corners are
x1 =% —d Ly =y.—d'rx;=x.—d'gy; =y. —d's.
Objectness logit o — probability via sigmoid (o) € (0,1).

Classes logits z € R¢ — probabilities via softmax
VA

Pe :W'Ce{ln....,c}_

SE{8,16,32}.
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For each class ccc, the final score at that location is
score, = d(0).p,.
Your conf=0.75 keeps detections with scorec>0.75.

Non-Maximum Suppression (NMS)
To remove overlapping duplicates per class:
e JoU between boxes A, B:

ToU(A.B) _|AnB| _ max (0,min(x4,x8)-max(x{ x8))xmax (0,min(y4,y2)-max(y{,y%))
>~ |AuB| (2 =xf) (v8' -yf)+ (x5 -xF) (vF -¥F)-1anB|

e Greedy NMS algorithm: g 1.

Pick top box BIB IBl; suppress any remaining box Bj with IoU(B1,Bj)>(Bt(e.g.,0.5).
Repeat with the next remaining box.

This yields a set of non-overlapping high-confidence detections.

Mathematical proof” style clarifications

While object detection is empirical, there are a few provable properties in your pipeline:

1. Probability bounds

Because o(+) € (0,1) and),. p = 1(softmax),

O<score, = a(o)p, < 1.

Hence your threshold 0.750.750.75 is a well-defined probability lower bound for kept detections.
2. Geometry-consistent decoding .

The DFL decoding produces non-negative distances from the cell center to each side; converting to
corners via

(x1, y1, X2, y2)=(x,; — d,L,yc - d,T,xc +d'gy.+d'p)

guarantees x2>x1,y2>y1, i.e., valid boxes.

3. Coordinate consistency through letterbox.

Because the inverse map (x,y)Z(x;—px,), ((y' —py)/s) is affine, it preserves straight edges and IoU

rankings; therefore, NMS decisions taken in network space remain consistent after mapping back to the
original frame.

5. Results

Training Performance Analysis

The training curves illustrate the convergence behavior of the YOLO model over 100 epochs. The loss
functions, including box loss, classification loss, and distribution focal loss, consistently decreased during
training and validation, indicating effective learning and improved bounding box regression. The
evaluation metrics show stable precision, while recall fluctuated during the initial epochs before gradually
improving. Both mAP@50 and mAP@50-95 demonstrated an upward trend, reflecting enhanced
detection accuracy as training progressed. These results confirm that the model was able to generalize well
to unseen validation data while maintaining robustness in cell detection tasks.
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Fig 4. Training and validation loss and accuracy curves of YOLO model

Blood Cell and Cancer Cell Detection with 3D Depth Imaging

In this study, a 3D depth camera was integrated with YOLO to detect and classify blood cells. The depth
information provided by the camera enhanced the quality of cell visualization, allowing clearer
differentiation between normal and abnormal structures. The system was able to identify monocytes,
lymphocytes, platelets, and basophils with high confidence, as illustrated in Figures X—X. Extending this
approach towards malignant cell recognition offers a promising pathway for early blood cancer detection.
The combination of real-time object detection and depth imaging reduces reliance on manual microscopy,

providing faster and more reliable support for clinical diagnostics.
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Fig 5. Lympocyte  Fig 6. Monocyte
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Fig 7. Platelet Fig 8. Basophil

6. Conclusion

This work demonstrated the use of a 3D depth camera combined with the YOLO detection framework for
identifying blood cells and extending the approach towards cancer cell recognition. The system was able
to detect and classify different blood cell types with promising accuracy, supported by strong training
performance and evaluation metrics. By integrating depth information with real-time object detection, the
method reduces dependency on manual microscopic analysis and opens the door for faster, more con-
sistent, and automated hematological diagnostics. While further refinement and larger datasets are needed
to achieve clinical deployment, the results highlight the potential of Al-driven imaging systems as sup-
portive tools for early detection of blood cancers.
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