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Abstract—Leukemia is a life-threatening blood
disorder marked by an abnormal increase in white
blood cells, known as blast cells, in the bone marrow.
Early detection of these blast cells is critical for
effective treatment. Traditionally, diagnosis relies on
manual examination of blood smear images by
pathologists, a process that is not only time-
consuming but also prone to human error. With the
advent of ML along with deep learning , there is a
growing opportunity to automate and enhance the
diagnostic process. This study explores the application
of the U-Net architecture, a deep learning model
designed for image segmentation, to automatically
detect and segment blast cells in leukemia diagnosis.
By automating this process, the aim is to reduce
diagnostic time, minimize errors, and improve the
overall accuracy of leukemia detection.

Index Terms—Leukemia, blast cells, image
segmentation, U-Net, machine learning, deep learning.

l. INTRODUCTION

The diagnosis of leukemia is extremely challenging and
essentially based on the proper identification of blast
cells from the pictures taken in relation to the smears of
the blood or bone marrow. Such cells are the
manifestations of leukemia and hence a necessity in their
precise detection while assist- ing both diagnostic as well
as the therapeutic management decision-making
processes. Historically, it depended more on the
impression and vision given by very enlightened doctors
and practitioners. Such experience is invaluable;
however, the process is so time-consuming that it
involves careful attention to detail, which, after a period,
becomes tiresome and oftentimes is at the mercy of
human error. There are also variables such as fatigue,
subtle cell morphology changes, and many more, which
tend to bring in inconsistencies that even the most skilled
professional ~ will  make  sometimes.t  brought
transformative potential to this field with rapid
development in ML along with deep learning technologies
that introduced solutions capable of complementing or
even beat- ing human performance when it comes to
analyzing complex datasets. The former technologies
have also proven superior when it comes to recognizing
patterns where the differences might be very slight and
challenging to the naked eye. They provide a means to
amplify precision, reduce time usage, and expand the
process to fit the needs of a high-throughput clinical
environment through automation of tasks such as blast
cell detection.

This study capitalizes on the deep learning capabilities of
the U-Net architecture-a model famous for its superiority
in biomedical image segmentation. The architectural
design of U- Net, as a form of encoder-decoder type,
allows it to learn the fine information, as well as the more
general features, about the input it receives. The strength
of its learning patterns across magnitudes in cases will,
therefore, significantly identify and separate blast cells,
especially in those involving blood smear images. That,
to this end, an advanced model applied on this would be a
highly accurate, but far much speedier, and reliable
method for clinical purposes.

This research is going to redefine the approaches that is
being implemented toward leukemia diagnosis and fill
the gap between the conventional methods of diagnosis
and the newest technological advancement in the world
of medicine. Automating the segmentation and detection
of blast cells will make diagnostic workflows much
easier, reduce the workload on healthcare
professionals,and also helps in improving patient care. It
is against this background that such innovations allow the
medical profession to approach diagnosis in the time-
sensitive, efficient, and highly accurate ways beneficial to
the end user.

I. PROBLEM STATEMENT AND OBJECTIVES
A.  Problem Statement

The primary challenge in leukemia diagnosis lies in the
accurate detection and segmentation of blast cells, which
often appear similar to other cells in blood smear images.
This variability in morphology, combined with
overlapping or clustered cells, complicates manual
identification. Traditional methods, such as visual
inspection and basic segmentation techniques, are limited
in their ability to consistently detect blast cells in all
cases. This implies that there is a need for a system
that is automated which can accurately segment and
detect blast cells, enhancing the consistency and speed of
the diagnostic process.

B.  Obijectives

- Develop robust segmentation algorithms for
identifying blast cells in microscopic images.

- Design classification models to differentiate
between leukemia and non-leukemia cells.

- Compare how machine learning algorithms
perform ver- sus deep learning techniques.

- Evaluate the proposed system using performance
metrics such as accuracy, precision, recall, and F1-score.
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I1. LITERATURE SURVEY

Development of sophisticated image processors along
with ML methodology gives new momentum to the
advancement in detection and segmentation of blast cells,
which forms a major aspect-of leukemia diagnosis. In
general, deep learning archi- tectures like U-Net present a
very valid attempt as modulators towards making
available solutions for complex biomedical image
segmentation problems. It particularly excels in captur-
ing both details and context in image information and
works very effectively with noisy and variant medical
images when it comes to identifying blast cells.

U-Net has proved flexibility and precision through
several studies, not limited to the advantages accrued from
phenomena like transfer learning and data
augmentation. Not only have diagnostics accuracy
increased, but sooner, faster, more reli- able automated
systems have also developed in revealing the
transformative power of deep learning in leukemia
diagnostics. An effective application of segmentation and
classification techniques in medical diagnostics is a
review of deep learning techniques in blood cell image
analysis. In this respect, the U- Net architecture shows
promise in achieving highly accurate WBC and RBC
segmentation, a crucial requirement for diag- nosing
leukemia because the reliable diagnosis with enhanced
efficiency may be realized by correctly identifying
cellular structures. It clearly pointed out that U-Net is
the absolute need for high-resolution segmentation just
because it has made

high-resolution segmentation a reality.

Approaches of ML have been studied quite elaborately
for the classification of leukemia blood cell images.
Some of the researches that integrated segmentation
techniques with classifiers like SVMs and CNNs showed
some improvements in detecting blast cells. Such
methodologies are proven to be particularly useful in
diagnosing acute myeloid leukemia by combining the
strength of segmentation and classification, hence leading
to increased accuracy and computational robust- ness.
Another prominent study proposed a novel method
for the diagnosis of acute lymphoblastic leukemia (ALL)
by combining digital processing of image using ML
algorithms. The approach used rigorous preprocessing
and a three-phase filtration algorithm to optimize the
quality of segmentation. Feature extraction and
classification were performed using ar- tificial neural
networks and support vector machines (SVMs),
demonstrating how a well-organized, multi-step approach
can yield reliable and precise diagnostic results.
Automation of the segmentation efforts of leukemia blast
cell nuclei considered several challenges, some of which
are the contrast and illumination variations in medical
images. Re- searchers have wused color space
transformations and morpho- logical operations to
improve the quality of the segmentation. As this study
presented solutions that would address consis- tency in

images, it provided a means toward developing more
dependable automated systems, which later could
overcome typical variability found in microscopic
imaging.

One of the examples of frameworks used for leukemia
diagnosis using deep learning is blast cell segmentation
and classification. In the work, cells were classified as
normal and lymphoblastic leukemia blasts using a dataset
of images created using the patients data. Researches
depicted that using deep learning can drastically reduce
dependence on manual intervention in the process while
maintaining the accuracy at a very high level.

U-Net is part of the most significant architectures in con-
volutional neural networks. This is landmark in
biomedical image segmentation. With a very small
dataset size, it is also capable of high accuracy
localizations of cellular structures. Flexibility is quite
important in medical applications, as there are instances
when datasets may be small but specific. In short, spatial
details are retained because cellular structures are
segmented for the model that is crucial to identify
abnormal blood cells in leukemia.

The work is an ensemble of a stronger variant of U-Net
model designed for leukemia detection. It follows a two-
stage approach, which is divided into two: one for the
enhancement of segmentation accuracy and the other
for classification. In doing so, it depicted how the
advanced computational platform might produce results
both accurate and efficient in case of leukemia detection,
thereby simplifying the diagnosis procedure.

A METHODOLOGY
A. Data Collection and Preprocessing

The task aims to present a method for detecting and seg-
menting blast cells in microscopic images of blood
smears for leukemia diagnosis. Detection of the presence
of the images of the blast cells is essential because
identification of the former confirms the leukemia. The
project data set is obtained from private collection of
images representing normal and blast cells

exclusively prepared for this study. This project data set
was specifically curated to ensure that it includes the
most diverse array of cell types, morphologies, and
staining techniques, in a way that could be experienced in
real-life clinical settings. The diversity within the data set
considers various factor like the condition of the patient
or the mechanism using which images are obtained that
may change the appearance and morphology of cells.

An important pre-processing step was performed before
processing the images in the model. Microscopic images
usually come with considerable background noise that
distracts the model from focusing on the real cells.
Preprocessing thus begins by eliminating irrelevant
background elements which, in fact, reduces the areas of
focus that the model has to attend to. It is not only a step
meant to reduce distractions, but it also decreases the
load of computing since it reduces the portions to focus
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on.In addition, all images were resized to the same
dimen- sion.Resizing the images was crucial, as many
deep learning models require specific input dimensions to
function effec- tively. Therefore, each picture would be
treated as similar; hence, all pictures will be given fair
and equitable processing to improve uniformity at the
model training stage and allow reliable output.

One of the common challenges is found in microscopic
imaging, where variation in lighting and staining, from
image to image, can distort the information that occurs in
images, creating inconsistencies that may affect the
performance of the model. Thus, a normalization
technique on images was adopted for uniformity in
different images. This technique normalized the pixel
values for all images, so the model would not be biased
by wvariations in lighting or staining techniques.
Normalizing the images ensured that this very common
characteristic of cells is focused on by the model in
terms of features rather than the external imaging factors.
Contrast enhancement of the images taken was
applied for further development in the differentiation
capacity of the model. It rendered the human naked eye
capable enough to observe cell boundaries and the inner
structures for better capability to differentiate between
the healthy cells and the blast cells. Contrast
enhancement offered the differences at microscopic level
in cell shape and their internal boundaries which aided in
recognizing cancerous cells.

Finally, the technique of data augmentation was used in
order to widen the training set. Data augmentation
basically artificially increases the dataset through very
small and rather random adjustments made to images.
Some possible examples are rotation, horizontal flipping,
or scaling changes. The reason for the approach is to
expose the model to the variety of perspectives and
conditions in such a manner that it becomes more robust
and better adapted toward new, unseen images. It will
make the model generalize well and work correctly with
images it did not see while training.

Conclusion Preprocessing steps carried out in this dataset
aimed at optimizing images for model output, hence
maxi- mally getting correct segmentation of blast cells.
These have been approached with very minute attention
towards some issues including noise in the background,
uneven illumination, and changes in contrast to further
ensure a proper augmented set of images for the dataset;
These improvements will ulti- mately enable the model to
better analyze real-world scenarios and make more
effective contributions to leukemia diagnosis.

B. Model Architecture

Deep learning has completely altered the way we
approach biomedical image segmentation, and for this
particular task, we have chosen U-Net architecture, which
incidentally is one of the best models suited for this
kind of purpose. In fact, it is well-designed for
segmentation tasks of medical image of this nature as it

optimizes both the capture of fine details and contextual
information—two major elements in the complex
analysis of medical images.

To put it simply, the part of the model that ”compresses”
the image by gradually reducing its spatial dimensions
through a series of convolutional layers and pooling
operations can be thought of as the encoder.As the
encoder reduces the image size, it focuses on learning
key features, such as the shape of cells, while eliminating
less relevant details like background noise. However, in
doing so, as the spatial dimensions reduce, some fine
spatial details are lost in the process. That is where the
decoder comes into the picture.

The decoder takes the compressed features from the
encoder and reconstructs the image to its original size.
This is done through a series of operations that
effectively “unrolls” the features, finally emitting the
segmentation map. The decoder is responsible for
restoring the spatial resolution of the original image,
hence all the details involved in correct segmentations are
regained. What, however, mainly distinguishes the U-Net
is the introduction of ”’skip connections.” What these are
and how they enable the U-Net are thus explained: Skip
connections will prevent valuable information loss in the
encoding process for the image and allow the model to
hold all the details that are critical, even at deeper
layers of the network. This is important in segmenting
the smallest and most intricate features to make all the
difference in the distinction between healthy and blast
cells.

The U-Net architecture is especially suited for the
task of segmenting blast cells in blood smear images
because it can handle the variability in cell shapes, sizes,
and textures commonly found in medical images. Blood
cells are one of those things that may look pretty different
from patient to patient and very much depending on the
conditions in which the picture was taken. One of the
strengths of U-Net is its ability to spot very minor details,
such as edges of cells or tiny inner structures. Since U-
Net is a deep model, it learns complex patterns, even
while dealing with images that are noisy and inconsistent
backgrounds-a very common situation for real-world
data. Such robustness turns out to be of vital importance
for medical imaging because most images are never
perfect and have a wide variety of distortions.

It’s proven that we successfully applied the concept
of U-Net in our segmentation application regarding
blast cells

on blood smear images. Its output is almost correct with
an extremely high true rate, so it truly brings potentials of
deep learning contribution in medical image analysis
processing with respect to perfecting diagnostic
instruments. So the diagnosis speed to some extent
toward leukemia would indeed be improved such that
correctness might be enhanced and kept substantially
superior. The automation and streamlining of such
processes could therefore result in more rapid, efficient
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diagnoses, hence to the benefits of both the clinicians and
patients.

C. Training and Evaluation

The secret of how successful the model would be was the
training and testing process. The dataset we curated acted
as the base model that taught the U-Net model to
differentiate between healthy cells, blast cells, and the
background area. This whole training was on correcting
the identification along with segmenting the blast cells so
that further studies could take only those areas within the
image and discard irrelevant areas.

To make sure that the model could generalize very well
to unseen data, we divided the dataset into two: a training
set and a testing set. The model not to memorize the
data and not overfitting patterns in the given training data
set, used a training set, and not touched a testing set until
training was concluded. This has an important
consequence that the model would not overfit, meaning it
is making predictions in places it is not found

We used cross-entropy loss during training. Cross-
entropy is commonly used for pixel-wise classification
tasks such as this one. The cross-entropy function helps
the model to calculate the difference between its
predictions and the actual labels for each pixel. Every
time the model makes a wrong prediction, the loss
function penalizes it, and the model adjusts its weights to
improve its prediction over time. The model improves
during training due to error correction and iteration
process.

To generalize the model we have applied Data
Augmenta- tion. We added random rotations and
horizontal flips to the images in order to introduce slight
variations on angles and conditions the model will
experience on real images. These augmentations also
helped learn more robust features, so it is not that
sensitive to certain angles or scale in an image.

After the model has completed training on the entire set,
we made an estimate of its performance on two of
the most popular metrics for evaluation on the task of
image segmentation: the Dice coefficient and Intersection
over Union (loU). The Dice coefficient measures the
degree to which the regions predicted in a segmentation
are identical to those defined in the actual ground truth -
essentially the estimated degree of correct spotting of the
target areas by the model. The loU calculates the
proportion of overlap between the predicted and true
regions versus the total area covered by both. These
parameters are vital in assessing the model’s ability to
accurately segment blast cells while distinguishing them
from normal cells and any background noises.

With the evaluation process, ensured that the U-Net
model could correctly and accurately identify and
segment blast cells in blood smear images, which is an
important step forward in the area of automated leukemia
diagnosis. It would therefore potentially be able to detect
blast cellse effectively than methods previously in place
and has a potential for early diagnosis and treatment
planning and, of course, proper care for patients.

V. RESULTS AND DISCUSSION
A. Quantitative Analysis

U-Net model performance was assessed using metrics
such as Dice coefficient, Jaccard index, and pixel-wise
accuracy. These metrics provide an understanding of how
well the model segmented leukemia-affected cells. The
results are as follows:

TNJex rraming Sqvalaation S
DICe COeTTICIent [U.83 U.85
accard INdgU.80 U.78
o0}
PTXE[-WISE 94 2% 9Z2.8%
Accuracy
TABLE |I: Performance metrics for training and
validation datasets
1) Interpretation:

- The Dice coefficient of 0.85 on the validation data
shows the model’s ability to accurately capture the
affected regions, minimizing errors in segmentation.

- The Jaccard index (loU) indicates that
approximately 78% of the segmented areas overlap
correctly with the actual affected regions, reflecting a
good level of accu- racy.

- The pixel-wise accuracy values demonstrate that a
high percentage of individual pixels were correctly
classified into affected or unaffected regions.

The similarity in performance between the training and
vali- dation datasets suggests that the model generalizes
well and avoids overfitting.

B. Qualitative Analysis

The visual analysis of the segmentation outputs further
highlights the U-Net model performance.The comparison
between images input, true masks, and the predicted
segmentation masks:

Thwe Mask

Fig. 1: Most affected regions were accurately segmented,
with minor under-segmentation for overlapping cells.

The segmentation process achieved a high level of
accuracy in detecting the regions most affected by
leukemia, especially those with clearly visible
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leukemia cells. The algorithm

successfully differentiated these areas from the
surrounding  tissue, allowing for an accurate
representation of regions with the highest concentration
of abnormal cells. However, challenges were encountered
in handling overlapping cells, where minor under-
segmentation occurred. This under- segmentation refers
to situations where the algorithm was unable to fully
capture the boundaries of closely packed or overlapping
leukemia cells, leading to smaller or incomplete segments
when analyzed with the ground truth. Despite these minor
inconsistencies, the overall segmentation performance
remained robust at the critical regions indicative of
disease presence being accurately identified.

Prodicted Mask

bput image Thwe Mask

Fig. 2: The predicted leukemia cells in the mask were not
found in the true mask, indicating a false negative
detection in the segmentation process

Throughout the segmentation process, there were cases
where the predicted leukemia cells in the mask did not
align with true masks, indicating false negatives are
present. This shows that algorithm missed certain
leukemia cells which were present in the true mask,
leading to detection failures. False negatives takes place
by the factors like weak staining, overlapping cells, or
slight variations in cell morphology, which can make it
challenging for the algorithm to distinguish the cells from
surrounding tissue. Although these missed detections did
not heavily affect the overall performance, they point to
areas where the model can be improved to ensure more
accurate identification of all leukemia cells.

Fig. 3: Effective detection of isolated leukemia cells,
with minimal false negatives.

The segmentation model showed strong performance in
detecting isolated leukemia cells, accurately identifying
those that were not in contact with neighboring cells.
This indicates that the algorithm was effective at

recognizing leukemia cells that were well-defined and
distinct from the surrounding tissue. Additionally, the
model produced very few false negatives, meaning
that most leukemia cells were correctly detected. This
demonstrates that the algorithm has good sensitivity for
detecting isolated cells. However, there may still be
room for improvement, especially in cases where the
cells are not as clearly defined or in situations where cells
overlap.

1) observation:

- Segmentation of Affected Areas: The U-Net
model successfully segmented regions with distinct
features, such as irregularly shaped leukemia cells.

- Challenges with Overlapping Cells: Overlapping
or clustered cells posed some difficulty. In a few
instances, the model merged nearby cells into a single
region, resulting in under-segmentation.

- Variability in Staining Intensity: Cells with
lower staining intensities were segmented with less
accuracy, indicating that the model’s performance
depends on clear contrast between affected and
unaffected areas.

- Boundary Precision: The model -effectively
identified boundaries for isolated cells but showed
occasional in- accuracies in separating clustered cells.

2)  Sample Results:

- The following images illustrate the U-Net’s
segmentation performance:

Fig. 4: Before Segmentation.

Fig. 5: After Segmentation.
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VI. TRAINING AND VALIDATION LOSS

The training process was assessed using a loss
function that combined Binary Cross-Entropy and Dice
loss, aiming to improve segmentation accuracy. Loss
values were monitored across several epochs, with the
graph Fig.4 showing a steady decrease in training loss.
This downward trend indicates that the model
effectively learned the features necessary for accurate
segmentation. Around the 8th epoch, the validation loss
leveled off, suggesting that the model achieved optimal
performance while avoiding significant overfitting.

A. Key Observations from Loss Analysis:

- The steady reduction in training loss reflects the
model’s ability to adapt and extract relevant features for
segmen- tation tasks.

- The early stabilization of validation loss
highlights that the model achieved a balance between
learning and generalization, effectively preventing
overfitting.

m
pe,

Fig. 6: Training and validation loss curve over epochs.
The graph illustrates a steady decrease in training loss
and the sta- bilization of validation loss around the 8th
epoch, highlighting the model’s optimal performance.

Fig.4 shows the training and validation loss curve,
providing a clear visualization of the model’s learning
dynamics during training.

VII. LIMITATIONS

A.  Over-Segmentation

Certain regions experienced over-segmentation due to
noise or inconsistent lighting. Incorporating advanced

preprocessing techniques, such as histogram equalization,
could significantly enhance the model’s effectiveness.

B.  Size of Dataset and Diversity

The small size and homogeneity of the dataset limits
model ability generalize to other datasets with different
staining techniques and cell structures.

C. Boundary Ambiguity

Although the U-Net model does a good job of identifying
unique edges, it doesn’t do a very good job in terms of
boundary definition when cells overlap or are densely
packed.

detection of blast cells using the U-Net model has been
observed to be high in accuracy and efficiency, giving a
reliable alternative compared to traditional manual
analysis. Such automation could greatly improve the
diagnostic workflow by minimizing human error,
accelerating the diagnosis process, and providing
consistent results in different samples.

Future work would include expansion in the training
dataset size such that more diversified and larger sample
sets can be included. This enables the understanding of
model deeper and to what extent it may be applicable in
practical scenarios based on a massive database and in
real time.

This model may revolutionize leukemia diagnosis in the
clinical setting with the much-needed fast and accurate
iden- tification of blast cells. Patients will be much
benefited, since the sooner the diagnosis, the sooner the
interventions may be taken to treat the patient with
resulting better outcomes. More importantly, this
automation in the identification of blast cells can relieve
the workload burden on the pathologists, who can then
focus on more difficult cases and, more significantly,
make the overall efficiency of hospital diagnostic
services better.
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