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ABSTRACT

The diagnosis of numerous blood disorders depends on the accurate classification of white blood cell
subtypes. Manually designed features are frequently needed for traditional computer vision techniques, which can be
time-consuming and performance-limiting. On the other hand, machine learning techniques provide higher accuracy
but usually require large labeled datasets, which are expensive and difficult to collect. This work presents a semi-
supervised learning strategy designed specifically for the classification of white blood cells. Through the utilization
of a limited quantity of labeled data and a more extensive collection of unlabeled data, the model is able to recognize
and classify various subtypes of white blood cells straight from microscopic pictures. This approach improves
classification performance by leveraging the data's natural structure and patterns rather than depending just on pre-
established features.The suggested method was assessed on a dataset of artificial images that depicted different
subtypes of white blood cells. The results indicate promising accuracy in differentiating across cell types, indicating
potential uses in clinical diagnostics. White blood cell analysis in medical settings can be automated and made more
efficient with this scalable method that reduces the need for manually labeled data while retaining excellent

classification accuracy.
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1. INTRODUCTION

White blood cell (WBC) classification accuracy is
essential for the diagnosis of leukemia and anemia,
among other blood-related conditions. Manually
constructed features and domain knowledge are key
components of traditional WBC classification
techniques, which can be laborious and error-prone.
The volume and complexity of medical data are
frequently too much for these approaches to handle. By
learning directly from data and achieving high levels of
accuracy, machine learning techniques—especially
those that make use of Xception—offer a potent
substitute. But in most cases, these methods need huge
labeled datasets, which are costly and time-consuming
to produce. This project suggests a semi-supervised
learning method to overcome this difficulty by
enhancing WBC classification performance by
combining a limited quantity of labeled data with a
larger pool of unlabeled data.

OBJECTIVE

Creating an architecture for Xception that makes
efficient use of a growing collection of unlabeled
photographs as well as a small group of identified
images. Using information gleaned from the data, train
the model to correctly differentiate between various
WBC kinds. measuring the model's effectiveness in
terms of generalization to new data and classification
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accuracy. In clinical contexts where labeled data is
scarce and unlabeled data is more accessible; this
approach's viability is demonstrated.

2.1 PROBLEM STATEMENT

White blood cell (WBC) subtype classification accuracy
is essential for the diagnosis of a number of blood
diseases. Manually built features, which take a long
time to build and can restrict performance, are a major
component of traditional computer vision techniques.
Although machine learning techniques enhance
accuracy, they usually necessitate substantial quantities
of labeled data, which are expensive and challenging to
acquire in medical settings. As a result, a scalable and
effective approach that can reliably identify WBC
subtypes with less labeled data while maintaining
diagnostic performance is desperately needed.

2.2 Existing System

Convolutional neural networks, or CNNs, are a family
of deep learning techniques that are mostly utilized for
computer vision and image processing tasks. CNNs,
which are modeled after the visual cortex of animals,
are made to automatically and adaptively learn feature
spatial hierarchies from input images.

They are now the foundation of many contemporary
computer vision applications, such as segmentation,
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object detection, and image categorization. To provide
non-linearity to the model and help it learn intricate
patterns, an activation function—typically ReLU—is
used. By decreasing the feature maps' width and height,
pooling layers preserve the most crucial data while
lowering the computational burden and overfitting risk.
Max pooling and average pooling are two popular
forms of pooling.

Disadvantage of Existing System

» Significant computational resources are needed
for CNNs.

» Large volumes of labeled data are usually
needed for CNN training in order to attain
excellent performance.

» The overfitting.

2.3 Proposed System
"Extreme Inception," or "Xception," is a deep learning
model architecture that was first presented by Keras
founder Frangois Chollet. "Xception: Deep Learning
with Depth wise Separable Convolutions" was the 2017
paper in which it was introduced. The Inception
architecture, which is the foundation of Xception, is
renowned for its effectiveness and superior performance
in picture categorization tasks. Xception uses depth-
wise separable convolutions to reduce computational
cost and improve performance over conventional
convolutional neural networks.
With fewer parameters and lower computing demands,
Xception is a noteworthy example of a memory-
efficient program.  This makes it appropriate for
operating on memory-constrained devices like
embedded systems and cell phones.
Advantages of Proposed System

» Decreased Complexity of Computation

» Improved Performance.

» Improved Extraction of Features.

2. RELATED WORKS

Because white blood cells (WBCs) are essential for
diagnosing hematological disorders, their classification
has long been a subject of study. The majority of early
methods relied on conventional image processing
methods, which involved manually extracting
handmade elements from tiny images, such as shape,
color, and texture. Following that, classification
techniques such decision trees, support vector
machines, and k-nearest neighbors (KNN) were applied.
Despite offering a starting point for WBC classification,
these methods had poor generalizability and a strong
reliance on domain knowledge.

In WBC image classification problems, convolutional
neural networks (CNNs) have demonstrated notable
advancements since the introduction of deep learning.
Models like VGGNet, ResNet, and Inception are
notable examples of models that have been refined on
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labeled WBC datasets and have achieved great
accuracy. But in the medical field, these approaches
usually need for a lot of labeled data, which is
expensive and time-consuming.

In order to tackle the problem of scarce labeled data,
semi-supervised learning (SSL) approaches have been
investigated in recent research. Promising outcomes
have been obtained when applying techniques like
pseudo-labeling, graph-based learning, and consistency
regularization (e.g., Mean Teacher) to medical picture
analysis. SSL has demonstrated promise in integrating
tiny labeled datasets with a larger unlabeled data pool,
which can significantly enhance model generalization
and lower annotation costs.

3. METHODOLOGY OF PROJECT

The goal of the suggested methodology is to use semi-
supervised learning (SSL) to accurately classify
different subtypes of white blood cells (WBCs). The
technique is intended to minimize reliance on human
annotated data while preserving good classification
performance by combining a small selection of labeled
WBC images with a larger pool of unlabeled photos.

Data Gathering:

This is how raw data is gathered from different sources.
Databases, polls, experiments, and internet sources are
some of the possible sources of the data. In order to
answer the research question or address the current
issue, it is necessary to gather sufficient pertinent data.
Examine the information:

Finding patterns, trends, and insights in the gathered
data is what this entails. To comprehend the aspects and
structure of the data, analysis can be done by

exploratory data analysis approaches, statistical
methods, or visualizations.

Data Purification:

The process of fixing or eliminating errors,

inconsistencies, and inaccuracies from a dataset is
known as data cleaning. To make sure the dataset is
accurate and usable, this may entail addressing missing
numbers, fixing errors, eliminating duplication, and
standardizing data formats.

Splitting Data:

The dataset is separated into several subsets in this step,
usually a training set and a testing set. While the testing
set is used to assess the model's performance, the
training set is used to train the machine learning model.
Model parameters are occasionally adjusted using a
validation set as well.

Using the Algorithm on the Data:

In order to create a model, machine learning algorithms
are applied to the training data. This stage entails
choosing the right algorithm (such as neural networks
or decision trees) and applying it to the training data in
order to identify patterns and relationships.
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Model Performance:
Using the testing set, you assess the model's Data Splitting
performance after training it. This entails assessing how
accurately the model forecasts or categorizes fresh data. :
F1 score, accuracy, precision, recall, and area under the 4
. R ¢ y
curve (AUC) are common performance indicators that Algorithm apply on train
vary based on the type of problem (classification, dats
regression, etc.).
The outcome: \ y
The results of your model's performance are interpreted
and presented in this last stage. The outcomes ought to .
demonstrate how successfully the model has fulfilled Model Performance
the project's goals, and any new information gleaned
from the research is condensed. At this point,
recommendations or conclusions based on the findings
are frequently given.

¥

One kind of artificial neural network made especially to
analyze structured grid data, like pictures, is called a
convolutional neural network (CNN). Convolutional g SYSTEM ARCHITECTURE

layers are used to identify patterns and spatial _ &

hierarchies in the data.Usually, an image in the form of . ' il

a multi-dimensional array serves as the CNN's input. A ==, == - \ [
collection of filters, sometimes known as kernels, are - : | == 7
applied to the input image by these layers. In order to - '
create a feature map, each filter performs element-wise
multiplications on the image while adding up the
results. Detecting local patterns like edges, textures, and
forms is the responsibility of convolutional layers.

-
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7. RESULTS
The proposed Xception model outperforms the existing
CNN by providing higher accuracy, faster training, and
lower computational cost. Its use of depthwise
v separable convolutions reduces memory usage and
A improves feature extraction, making it more efficient
‘ and suitable for mobile/embedded devices. In contrast,
CNNs require more resources, large datasets, and face
™ —— higher risk of overfitting.
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8. FUTURE ENHANCEMENT

The integration of transfer learning and multi-modal
data could be the focus of future research to improve
the white blood cell image classification model.
Particularly when there is a lack of labeled data, the
model's performance can be improved by using pre-
trained models on extensive datasets and optimizing
them for white blood cell classification. Future
developments are anticipated to significantly improve
the model's efficacy and application, including transfer
learning and multi-modal data integration.

9. CONCLUSION

This study presents a sophisticated white blood cell
categorization technique that uses blood smear images
and a novel semi-supervised learning framework in
conjunction with convolutional neural networks. The
suggested solution combines a mean instructor model
with an advanced feature extraction network, as well as
an improved pseudo-label generating technique and a
more sophisticated sampling plan. Together, these
components optimize classification accuracy while
reducing the requirement for large amounts of labeled
data. The outcomes reveal that this method not only
greatly enhances classification performance but also
lessens the amount of human annotation required,
indicating its potential for real-world uses in medical
research and diagnostics.
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