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Abstract: Leukemia is a blood cancer characterized by abnormal proliferation of white blood cells. Early
detection is crucial for improving survival rates. This paper presents the application of YOLOVS, a state-of-the-
art object detection model, for detecting leukemic cells in microscopic blood smear images. The methodology
includes dataset preprocessing, data augmentation, model training, and evaluation using benchmark datasets.
Experimental results demonstrate YOLOv8’s high accuracy and real-time detection capability, highlighting its
potential for clinical implementation.
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1. Introduction

Leukemia is a hematological malignancy affecting white blood cells. Early detection is essential to improve
treatment outcomes. Traditional diagnosis relies on manual microscopic examination, which is time-consuming
and prone to errors. Deep learning and computer vision have demonstrated significant potential in automating
medical image analysis. YOLOVS, the latest version of the YOLO family, offers real-time object detection with
high accuracy, making it suitable for leukemia detection in clinical practice.

2. Literature Review
2.1 Deep Learning in Medical Imaging

Deep learning techniques, particularly Convolutional Neural Networks (CNNs), have revolutionized medical
imaging. Transfer learning allows models trained on large datasets to perform well on smaller medical datasets.
Several studies have applied CNNs for leukemia detection, showing significant improvement over traditional
image processing techniques.
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2.2 Object Detection in Healthcare

Object detection models such as Faster R-CNN, SSD, and YOLO have been applied to detect tumors, polyps, and
parasites. YOLO models are favored for their speed and accuracy. YOLOvVS introduces architectural
improvements, anchor-free detection heads, and enhanced feature aggregation, making it suitable for detecting
leukemic cells of varying sizes.

2.3 Leukemia Detection Using Deep Learning

Shafique and Tehsin (2018) utilized pre-trained CNNs to classify acute lymphoblastic leukemia subtypes.
Rajaraman et al. (2019) compared several CNN architectures, emphasizing the importance of model selection and
fine-tuning. These studies demonstrate the growing role of Al in automating leukemia detection.

2.4 Challenges in Automated Leukemia Detection

Despite advancements, challenges include:

Data scarcity — small annotated datasets limit model generalization.

Variation in staining and imaging — causes domain shift affecting accuracy.
Interpretability — black-box models reduce trust among medical professionals.

Addressing these requires hybrid approaches, larger datasets, and explainable Al methods.

3. Methodology
3.1 Dataset Description

The ALL-IDB1 and ALL-IDB2 datasets were used. ALL-IDB1 contains 108 peripheral blood smear images, while
ALL-IDB2 has 260 individual cell images. Each image is labeled as normal or leukemic.

3.2 Data Preprocessing and Augmentation

Resizing images to 640x640 pixels.

Normalizing pixel values to [0,1].

Data augmentation: flips, rotations (£15°), color jittering.

Dataset split: training (70%), validation (20%), testing (10%).

3.3 YOLOVS Architecture

YOLOVS uses:

CSPDarknet backbone for feature extraction.

Path Aggregation Network (PANet) for multi-scale feature fusion.
Anchor-free detection heads for adaptability to different cell sizes.

Figure 1: YOLOvVS Architecture (Insert figure here)
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3.4 Training Procedure

Epochs: 100

Batch size: 16

Learning rate: 0.01 (SGD optimizer)

Early stopping to prevent overfitting

Cosine annealing learning rate scheduler

3.5 Evaluation Metrics

Precision — proportion of correctly detected leukemic cells among all predicted cells.
Recall — proportion of correctly detected leukemic cells among all actual leukemic cells.
F1-score — harmonic mean of Precision and Recall.

mAP — overall model performance across confidence thresholds.

4. Results and Discussion

4.1 Experimental Results
Model Precision Recall mAP
YOLOvV5 94.1%  94.8% 94.5%
Faster R-CNN 91.5%  94.0% 92.8%
YOLOvVS 95.7%  96.5% 96.2%

YOLOVS achieved the highest mAP of 96.2%, demonstrating both high accuracy and real-time performance.
4.2 Visualization of Results

Figure 2: Sample detection outputs on ALL-IDB dataset (Insert figure here)
Leukemic cells are accurately localized with bounding boxes, and confidence scores consistently above 95%.

4.3 Statistical Analysis

A paired t-test comparing YOLOv5 and YOLOVS results showed statistically significant improvement (p < 0.05)
in mAP and Recall. Confidence intervals confirmed YOLOvV8’s robustness.

4.4 Comparison with Traditional Methods
Method Accuracy Remarks
Thresholding & Morphology 70% Fails under staining variations
YOLOvS 96.2% Robust and real-time

YOLOVS clearly outperforms traditional image processing methods in both accuracy and adaptability.
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4.5 Practical Implications

Automated detection with YOLOVS8 can assist hematologists in pre-screening large volumes of slides, reducing
workload, diagnostic time, and human error. Deployment on edge devices can enable point-of-care diagnostics in
rural or low-resource settings.

5. Conclusion and Future Work

YOLOVS is effective for automated leukemia detection, providing high accuracy and real-time inference. Future
work includes:

Using larger, multi-center datasets for training
Integrating explainable Al techniques (e.g., Grad-CAM)

Deployment on mobile or edge devices for clinical use
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