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Abstract.The automatic detection of white blood cancer is carried out by exam-
ining bone marrow microscopic images, which is an important development in
the medical profession. For the purpose of accurately recognizing and catego-
rizing leukemic cells, we suggest a method for using convolutional neural net-
works. Using the CBC dataset, the proposed study offers a reliable method for
detecting the white blood cancer. The model first pre-processes the photos and
extracts the best characteristics after being trained on cell images. For the pur-
pose of accurately recognizing and categorizing leukemic cells, we suggest a
method for using convolutional neural networks. Our approach makes use of
CNNs' strong extraction capabilities, which is why our system proved to be
highly successful in differentiating between healthy and cancerous cells in bone
marrow samples. A large, extensive dataset of labelled microscopic pictures
will be used to train and validate the suggested system.

Keywords:Leukemia Detection,Bone Marrow Microscopic Images, Acute
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1 Introduction

The blood cancer has difficult and old diagnosis procedure, which depends on the
manual review of bone marrow microscopic pictures by qualified pathologists, leuke-
mia, a kind of white blood malignancy, presents a serious health concern. Due to hu-
man error, this manual method may result in delays or inaccurate diagnosis. Leukemia
must be detected early and accurately in order to improve patient outcomes and in-
crease the effectiveness of treatment. Automated systems that can help in building
conventional diagnostic techniques are now possible because of developments in artifi-
cial intelligence, especially deep learning. A optimal solution is offered by Convolu-
tional Neural Networks (CNNs), which are renowned for their great accuracy in picture
classification and feature extraction.The aim of this project is to create a CNN-based
model that uses bone marrow microscopic pictures to identify and categorize white
blood cancer.
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2 Literature Survey

From past few years we have seen great progress in the use of deep learning in medi-
cal field, especially in the areas of cancer detection and classification.To separate
bone marrow microscopic images and categorize ALL into its subtypes (L1, L2, L3)
or normal bone marrow, researchers have used deep learning models. Many architec-
tures and transfer learning strategies have been put forward to deal with issues like
small dataset sizes and inconsistent image quality [1].

The use of CT scans to identify bone lesions in the context of Multiple Myeloma
(MM) has been thoroughly studied. By pretraining CNNs using natural imagine da-
tasets such as ImageNet, transfer learning techniques have been used to increase de-
tection accuracy [2].The standard method for diagnosing acute leukemia has been to
manually count white blood cells in leukemia slides under a microscope. But this
approach is inefficient ,have chances for mistakes, and puts a lot of strain on medical
personnel [3].

3 Methodology

The You Only Look Once (YOLO) deep learning model is used to identify and cate-
gorize blood cellsand detects the cancer cells. The YOLO model is a convolutional
neural network (CNN)-based real-time object detection system.A high-quality dataset
of bone marrow microscopic images is gathered from many sources, such as publicly
available medical image databases and hospital records, in order to create a reliable
classification model. Images from patients with cancer make up the dataset.The model

-

Fig. 1. Images of CBC dataset.

learns from a variety of settings due to the diversity of image samples, which increas-
es its generalizability across various diagnostic scenarios. To make sure the model
performs effectively when applied to fresh photos, the dataset is divided into Train-
ing, Validation, and Testing sets.
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Procedure for Annotation

The blood cells are enclosed by bounding boxes that are used to annotate each image..
The annotations are stored in XML format.

Information like object labels, bounding box coordinates, and image dimensions are
extracted via the parse_annotation function.

3.1 Yolo model architecture

The entire image is processed by a single neural network in the single-stage object
detection model known as YOLO. The design predicts bounding boxes and class
probabilities using a series of convolutional layers followed by max pool layers.

Convolutional Neural Network in Yolo
e Feature Extraction:The CNN extracts high-level characteristics from images
by using a number of convolutional and pooling layers.

e Bounding Box Prediction: The YOLO model predicts bounding boxes using
regression.

e  Non-Maximum Suppression (NMS):Filters overlapping bounding boxes to re-
tain the most relevant predictions.
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3.2 Feature Extraction Using CNN in YOLO

Convolutional Layers: Convolutional filters are used to the input image in order to
identify low-level features such as textures and edges. High-level details such blood
cell shapes and the structural variations between RBCs, WBCs, and platelets are cap-
tured by the filters as the image moves through deeper layers.In order to identify spa-
tial feature hierarchies, each convolutional operation applies kernels (filters) that
move over the image.

Activation Function (ReLU - Rectified Linear Unit): Following each convolutional
process, the ReLU activation function is employed to add non-linearity. By turning
negative pixel values to zero while maintaining positive values, this function helps in
preserving only the most significant patterns.

Pooling Layers: Max pooling layers are used to lower computing complexity while
maintaining important information. In order to preserve dominating patterns in blood
cells, these layers downsample feature maps by focusing on the most apparent feature
in a small region.

3.3 Model Training and Optimization

Training parameters
*  Pretrained Weights: The model is initialized using tiny-yolo-voc.weights , a
set of pre-trained weights trained on a larger dataset.
*  Epochs: The training runs for 100 epochs, allowing the model to learn opti-
mal feature representations.
*  Optimization: With a learning rate of 1e-3, the model uses stochastic gradi-
ent descent (SGD) to update weights.

3.4 Blood Cell Detection Process

e The YOLO model is utilized for real-time blood cell identification after it has
been trained. In order to predict cancerous blood cells, the detect.py script loads
test images and uses the learned model. The procedure is as follows:

e Load the image using OpenCV.
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Fig. 3.Detecting the WBC cancer cells

Use the YOLO model that has been trained to identify items.

Use confidence scores to filter predictions (WBC confidence > 0.25, RBC confi-
dence > 0.5).

Use the KDTree technique to eliminate redundant detections.

Checks for the radius of wbc cells with normal wbc ones and detects the cancer-
ous cells.

Bounding boxes should be drawn around any blood cells found.

Result and Analysis

Using a variety of bone marrow microscopic imaging datasets, the suggested CNN-

based model for detecting cancer cells was examined. To guarantee the model's

efficiency in practical applications, its performance was evaluated using critical

metrics like accuracy, precision, etc.

ROC Curve for Image Classification Model

True Positive Rate (TPR)

—— ROC Curve (AUC = 0.66)
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Fig. 4. ROC Curve of the proposed model
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4.1 Performance Evaluation

The dataset was split between 80% training data and 10% testing data and 10% vali-
dation data in order to assess the model's effectiveness and dependability.

The end findings show that the suggested model performs better than traditional ma-
chine learning methods.

e Accuracy: It indicates a high capability of distinguishing between healthy and can-
cerous cells.

TruePositives + TrueNegatives

€y

~ TruePositives + FalsePositives + TrueNegatives + FalseNegatives

e F1 Score: It ensures a balance between precision and recall.

_ 2 = Precision * Recall

Precision + Recall

o Intersection over Union: IoU measures the overlap between the blood cells even
used for finding duplicate cells.

Area of overlap

[0U 3)

Area of union — Area of overlap

5 Conclusion

This study used bone marrow microscopic pictures to build a Convolutional Neural
Network (CNN)-based method for the automated detection of white blood cancer.
The suggested paradigm effectively gets around the drawbacks of manual diagnosis,
which is frequently difficult, prone to mistakes, and heavily reliant on skilled
pathologists.
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