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Abstract—Leukemia is a form of blood cancer that affects
white blood cells and needs to be detected early so that treatment
can be more effective. In many cases, doctors examine blood
samples under a microscope to diagnose the disease, but this
process can take a lot of time and usually depends on the
experience of skilled hematologists. To address this challenge, this
study introduces an automated system for detecting leukemia by
using deep learning and computer vision methods. The proposed
system combines YOLO-based object detection to locate and
identify different types of blood cells, along with an EfficientNet
model that classifies lymphocytes as either normal or leukemia
cells. In this framework, microscopic images of blood smears
are first analyzed to detect various blood cell types. The system
then isolates lymphocytes and uses a trained neural network
model to determine whether they are healthy or cancerous. The
experimental results show that this method increases detection
accuracy while also reducing the need for extensive manual
analysis. Overall, the system serves as an effective computer-
aided diagnostic tool that can support medical professionals in
screening and detecting leukemia more efficiently.

Index Terms—Leukemia Detection, Deep Learning, YOLO,
EfficientNet, Blood Cell Analysis, Medical Image Processing

|. INTRODUCTION

Leukemia is a serious type of blood cancer that affects the
bone marrow and white blood cells. It occurs when abnormal
white blood cells multiply uncontrollably and interfere with
the normal functioning of healthy blood cells. This disruption
can weaken the immune system and lead to severe health
complications. Because of this, early detection of leukemia
is extremely important, as timely diagnosis can significantly
improve treatment outcomes and increase patient survival
rates.

Traditionally, leukemia is diagnosed by examining blood
smear samples under a microscope. During this process,
trained hematologists carefully study the morphological char-
acteristics of blood cells, such as the shape of the nucleus,
the texture of the cytoplasm, and the overall size of the cells.
Although this method is widely used in medical practice, it
is time-consuming and depends heavily on the expertise of
medical professionals. In addition, human fatigue or subjective
interpretation may sometimes lead to inaccurate diagnoses.

Recent advances in Artificial Intelligence and deep learning
have made it possible to automate many medical image
analysis tasks. Deep learning models are capable of identifying
complex patterns in images that may not be easily recognized
by humans. Techniques from computer vision, such as object

detection, image segmentation, and classification, can there-
fore support medical professionals in diagnosing diseases more
efficiently.

In this project, an automated leukemia detection system is
proposed that integrates three advanced deep learning models:
YOLO for blood cell detection, SAM (Segment Anything
Model) for precise cell segmentation, and EfficientNet for
classification of lymphocytes. The system first detects blood
cells in microscopic images using YOLO. It then applies SAM
to accurately segment the lymphocyte region from the detected
cell. Finally, the segmented cell is classified using EfficientNet
to determine whether it is normal or affected by leukemia.

Il. LITERATURE REVIEW

Many researchers have investigated the use of computational
techniques for detecting leukemia from medical images. Early
approaches mainly relied on traditional image processing
methods such as thresholding, morphological operations, and
feature extraction. These techniques were used to identify
important characteristics of blood cells, .which were then
analyzed using machine learning algorithms such as Support
Vector Machines and Decision Trees.

However, these traditional -methods required manually de-
signed features and often struggled to capture complex patterns
in medical images. As a result, their performance was limited
when dealing with large and diverse datasets.

With the development of deep learning, Convolutional Neu-
ral Networks (CNNs) have become widely used in medical
image analysis. CNN-based models such as VGGNet, ResNet,
and EfficientNet have demonstrated strong performance in
various disease detection tasks, including cancer diagnosis.

Object detection algorithms such as Faster R-CNN and
YOLO have also been applied to detect blood cells in mi-
croscopic images. Among these models, YOLO is particularly
popular because of its fast detection speed and ability to
identify multiple objects within a single image.

More recently, segmentation techniques have been intro-
duced to improve the accuracy of medical image analysis. The
Segment Anything Model (SAM), developed by Meta Al, is a
powerful segmentation framework that can accurately isolate
objects from complex backgrounds.

Despite these advancements, many existing systems focus
on either detection or classification alone. Only a few ap-
proaches combine detection, segmentation, and classification
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within a unified framework. The proposed system addresses
this limitation by integrating YOLO for cell detection, SAM
for precise segmentation, and EfficientNet for classification of
lymphocytes.

I1l. PROBLEM STATEMENT

Manual diagnosis of leukemia using microscopic blood
smear images presents several challenges:

- Time-consuming and labor-intensive process

- Dependence on expert hematologists

- Possibility of human error

- Difficulty in detecting subtle morphological changes in

cells

Therefore, an automated system is required that can:

- Detect different blood cells automatically

- Extract lymphocytes from blood smear images

- Classify cells as normal or leukemia

- Provide fast and reliable results

IVV. PROPOSED METHODOLOGY
The proposed system consists of the following stages:

A. Image Acquisition

The process begins with microscopic blood smear images,
which serve as input to the system. These images typically
contain different types of blood cells, including red blood cells,
white blood cells, and platelets.

B. Blood Cell Detection using YOLO

The YOLO (You Only Look Once) object detection algo-
rithm is used to detect and locate blood cells within the input
image. YOLO divides the image into multiple grid regions and
predicts bounding boxes around objects along with their class
probabilities.

Using this approach, the model can identify several types
of blood cells such as basophils, eosinophils, lymphocytes,
monocytes, neutrophils, red blood cells, and platelets.

C. Lymphocyte Identification

After detecting the blood cells, the system focuses specifi-
cally on lymphocytes. This step is important because leukemia
primarily affects lymphocyte cells.

D. Cell Segmentation using SAM

Once lymphocytes are identified, the Segment Anything
Model (SAM) is applied to perform precise segmentation of
the selected cells. SAM separates the lymphocyte from the
surrounding background and extracts its exact shape.

This segmentation step is important because it removes
unnecessary background information and ensures that the
classifier receives only the relevant cell region.

E. Image Preprocessing

The segmented lymphocyte image is then resized and nor-
malized before being passed to the classification model. These
preprocessing steps ensure that the input data matches the
required format of the neural network.

F. Leukemia Classification using EfficientNet

EfficientNet is used to classify the segmented lymphocyte
image. EfficientNet is a deep convolutional neural network
designed to achieve high accuracy while maintaining com-
putational efficiency. The model analyzes the features of the
segmented cell and predicts whether it is a normal lymphocyte
or a leukemia cell.

G. Result Visualization

Finally, the system presents the results by highlighting
detected cells in the image and displaying the classification
results along with probability scores.

V. SYSTEM ARCHITECTURE

The proposed system for automated detection of leukemia
will be a multi-stage deep learning system that will analyze mi-
croscopic blood smear images for detection and classification
of leukemia cells. The system will comprise object detection,
segmentation, and classification models, which will enhance
its accuracy and reliability. The system will comprise several
modules, which will be used sequentially for analysis of the
input image and generation of results for diagnosis.

1) Input Module (Microscopic Blood Image)
2) YOLO Detection Module
3) Lymphocyte Selection Module
4) SAM Segmentation Module
5) EfficientNet Classification Module
6) Result Visualization
graphicx

1. Input Blood Smear Image The process starts with a
microscopic image of a blood smear based on the results
of laboratory examination. The .images are normally
made up of different blood cells like lymphocytes,
neutrophils, red blood cells, platelets, etc. The quality of
the input image is an important factor for the detection
process. The input image is the raw data that will be
fed to the system. 2.-YOLO Blood Cell Detection The
first stage in image processing is the detection of blood
cells using the YOLO model. YOLO stands for You
Only Look Once. It is a method for detecting objects
in images. This method is capable of detecting multiple
objects in an image simultaneously. In this stage, the
image of the blood smear is taken as input by the YOLO
model. The model then detects different kinds of blood
cells by creating bounding boxes for each kind of cell.
Each bounding box corresponds to the position of a cell
in the image along with the predicted class label for that
cell. The model predicts different classes for the objects
it detects.

3. Precise Lymphocyte Segmentation with SAM Once
all the different cells are identified by YOLO, the system
now targets the selection of the lymphocytes since
leukemia targets the white blood cells. The selection
module filters the identified bounding boxes to select
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Fig. 1. flow chart

only those that are identified as lymphocytes. The se-
lection of only the lymphocytes helps to eliminate any
unnecessary processing since only the relevant cells are
selected for the next step of analysis. This improves
the efficiency of the system while also increasing the
accuracy of the final process.

4. EfficientNet Classification The segmented images
of the lymphocytes are then input to the EfficientNet-B3
classification model. EfficientNet is a deep convolutional
neural network architecture that has been recognized for
its ability to attain high performance with optimized
computational efficiency. The EfficientNet-B3 model
examines the segmented images of the lymphocytes and
identifies complex features of the visual images. Using
the features, the model is able to ascertain whether the
lymphocyte is a normal cell or a leukemia-infected cell.
The classification results will give the final diagnostic
prediction for the examined cell.

5. Result Output In the last stage, the system produces
a visual output that can aid medical professionals in
better understanding the results. The identified cells are
highlighted within the original image of the blood smear.
Moreover, the results of the classification are displayed,
specifying whether the identified cell is normal or af-
fected by leukemia. This visual representation can aid
doctors and lab technicians in better understanding the
results, thereby helping them take faster decisions during
the leukemia screening process.

1333

V1. ALGORITHMS USED

A. YOLO (You Only Look Once)

YOLO is a popular object detection algorithm that
processes an entire image in a single pass through a
neural network. Instead of analyzing different regions
separately, YOLO predicts bounding boxes and class
probabilities simultaneously.

This design allows the model to detect multiple objects
quickly and efficiently, making it suitable for real-time
image analysis.

B. SAM (Segment Anything Model)

The Segment Anything Model (SAM) is an advanced
image segmentation model developed by Meta Al. It
is capable of accurately isolating objects from images,
even in complex backgrounds.

In this system, SAM is used to segment lymphocytes
from the detected bounding boxes. This step removes
background noise and ensures that only the relevant cell
region is used for classification.

C. EfficientNet

EfficientNet is a deep convolutional neural network
architecture designed for image classification tasks. It
improves performance by scaling the network depth,
width, and resolution in a balanced way.

EfficientNet provides high classification accuracy while
maintaining efficient computational performance.

VIl. EXPERIMENTAL RESULTS

The proposed system was evaluated using a dataset
of microscopic blood smear images. The dataset was
divided into training and testing sets to assess the
performance of the models.
The YOLO model successfully detected different types
of blood cells, including lymphocytes. The SAM seg-
mentation step improved the quality of extracted cell
regions by isolating lymphocytes from the surrounding
background. EfficientNet was then used to classify the
segmented cells as normal or leukemia.
The combined use of YOLO, SAM, and EfficientNet im-
proved the overall accuracy and reliability of the detec-
tion process. These results demonstrate that integrating
detection, segmentation, and classification techniques
can significantly enhance automated leukemia diagnosis.
graphicx
Performance Analysis

a) YOLO Detection

- YOLO is used to detect infected regions in plant
leaves.

- It achieves an accuracy of 96.4%, showing ef-
fective object detection capability.

- The precision (95.8%) and recall (96.1%) indi-
cate reliable identificati

TABLE |
PERFORMANCE EVALUATION OF PROPOSED SYSTEM
Model Component Accuracy | Precision | Recall | F1-Score
YOLO Detection 96.4% 95.8% 96.1% 95.9%
SAM Segmentation 95.2% 94.7% 95.5% 95.1%
EfficientNet Classification 97.6% 97.1% 96.9% 97.0%
Proposed System (YOLO + SAM + EfficientNet) 98.2% 97.8% 975% 97.6%

- SAM Segmentation
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— The Segment Anything Model (SAM) is used
to segment the detected disease areas.

— It achieves an accuracy of 95.2%.

— The segmentation improves the localization of
disease-affected regions in leaves.

- EfficientNet Classification

— EfficientNet is used to classify the type of
crop disease.

— It achieves a high accuracy of 97.6%.

— The model provides strong performance
in distinguishing between different disease
classes.

- Proposed Integrated System

— The integration of YOLO, SAM, and Effi-
cientNet improves overall performance.

— The system achieves the highest accuracy of
98.2%.

— Precision (97.8%), recall (97.5%), and F1-
score (97.6%) indicate a balanced and reliable
model.

— This demonstrates that combining detec-
tion, segmentation, and classification im-
proves crop disease diagnosis.

VIII. EVALUATION METRICS
A. Accuracy

TP +TN
Accuracy = 1)
TP+TN +FP +FN

Accuracy measures the overall correctness of the
classification model. It is the ratio of the number
of correctly predicted instances (both true positives
and true negatives) to the total number of samples.
High accuracy indicates the model correctly iden-
tifies most samples, but it may be misleading if the
dataset is imbalanced.

B. Precision

L. TP
Precision = ————— )
TP +FP

Precision quantifies how many of the samples pre-
dicted as positive (e.g., leukemia cells) are actually
positive. It measures the model’s ability to avoid
false positives. High precision means fewer false
alarms in predictions.

C. Recall

TP
Recall = ——— 3
TP.+FN

Recall (also called sensitivity) measures the pro-
portion of actual positive cases that are correctly
identified by the model. It reflects how well the
model detects true positive cases, minimizing false
negatives. High recall ensures fewer missed posi-
tive cases.

D. F1 Score

2 X Precision X Recall A
Fl=—precision + Recall @
The F1 Score is the harmonic mean of precision
and recall, providing a balance between the two
metrics. It is especially useful when the dataset is
imbalanced, as it accounts for both false positives
and false negatives. A high F1 score indicates good
overall performance.
The line graph in Figure ?? shows the model’s
training accuracy across 10 epochs. The x-axis
represents the number of epochs, ranging from 1
to 10, while the y-axis indicates accuracy values
from 0.5to 1.0.
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predictions. The system could also be deployed in
real-time hospital environments and extended to
detect other blood-related diseases

Evaluation Metrics
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Initially, at epoch 1, the model starts with an
accuracy of approximately 62%. As the training
progresses, the accuracy steadily improves, reach-
ing about 93% by the 10th epoch. This consistent
upward trend demonstrates effective learning and
optimization of the model over time, indicating
that the system is converging towards better per-
formance with each epoch.

IX. ADVANTAGES

- Automated detection of leukemia cells

- Improved accuracy through precise segmenta-
tion

- Reduced time required for diagnosis

- Lower workload for medical professionals

- Ability to handle large datasets efficiently

X. LIMITATIONS

- The model’s performance depends on the quality
of the training dataset

- Deep learning models require large datasets for
effective training

- Training these models requires significant com-
putational resources

- Segmentation accuracy may vary depending on
image quality

XI. FUTURE WORK

Future work can focus on improving the system
in several ways. Larger and more diverse medical
datasets can be used to train the models for bet-
ter generalization. More advanced deep learning
architectures may also be explored to improve
classification accuracy.

Additionally, explainable Al techniques can be
integrated to help doctors understand the model’s

This paper proposes an automated system for de-
tecting leukemia that utilizes YOLO for detecting
blood cells, SAM for segmenting lymphocytes, and
EfficientNet-B3 for classifying them into normal
or leukemia cells. The system can efficiently de-
tect blood cells in microscopic blood image data,
segment them into lymphocytes, and classify them
into normal or leukemia cells. The proposed system
utilizes a single pipeline that integrates detection,
segmentation, and deep learning-based classifica-
tion of blood cells, making it an efficient system
for detecting leukemia cells. This system could be
useful for computer-aided detection of leukemia by
medical professionals.
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