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Abstract

Recent advancements in digital pathology have underscored the critical role of automated medical
image analysis for disease diagnosis. While texture-based approaches are widely employed,
conventional handcrafted feature extraction methods often yield suboptimal results due to high
inter-class correlations in medical imagery. This thesis proposes a novel hybrid framework that
synergizes Local Phase Quantization (LPQ) with chaotic-weighted Gaussian filtering and Bat
Algorithm optimization to enhance lymphoma subtype classification. Our methodology begins
with a deep texture analysis of histopathological images using an adaptive filter bank, where
chaotic systems dynamically weight filter parameters. The extracted descriptors are processed via
LPQ for robust feature representation, while the Bat Algorithm optimizes filter configurations to
maximize discriminative power. Validated on a multicenter lymphoma dataset with inherent
staining variability, the system achieves 96.17% Accuracy, surpassing state of the art handcrafted

techniques.

Index Terms: Computer Aided Diagnosis (CAD), Feature Extraction, Local Phase
Quantization (LPQ), Chaotic Systems, Optimization, Medical Image Analysis.

saildl

e pe el alll padiin Akl ) sall U Jiaill addall ) gal) a8 )l (gl jalll ale 8 Ziaad) el shail) <)
oy Jalll (5 sinnall (90 s aws Lo Lle dpaglaill <l jaall ) jaiud (3 5k (8 ¢ ualal) Jidad e Al by a1 jlizll)
il g Aaall ) shall aaS3 G eny L 1 ja) da g jhalll o 5 Agdall ) gucall 3 Adbiaall culiall (g 3ladl cildals HlI
Gaee Jalaty Uiiagie fag 4 slialll aaall U jus o) 5l Tapaas Gt Gpeaatl (AR a3 1 53 G5 (ouimsils (5 5l (pma st
o5 Lai (g 58 Ol e Jilal 4 guim il dalill) o 585 Cun e il jo iy oty A jal) Dmpuail) ) saall (ualal

ol pall iy 585 Cppaany QIR e da jadiusal) Cliial gl dadlae a5 TLSaeliny clad el Clldas )50 LPQ 43e ) 55

Al gia sl 3 made (5 ae Ay laalll, aaad) U el S el Baasie ULy Ao sene o GEaT die 3 juadl) 080 5 el
e e el 21 il e gulall Bae Lusay Gl Apalital) ol dpadial) i) aal e 6 iie 96,17 Yoo iy 48
Al geall Jilad Gl oy guin ol dadailll ¢ aall ) shall

il pmanl) 6 puim il Faladll ¢ laall |y ghall aseS5 el aall 1 5a%00 e pulal) saclies pasiiill; Agalidal) cilalsl)

Apbll gl



Contents

General Introduction
I. Lymphoma recognition and Diagnosis
Introduction

I.1. Understanding Lymphoma
[.1.1. Lymphoma Cancer
[.1.2. Lymphoma types
1.1.3. Lymphoma cancer revolution

I.2. Clinical Diagnosis
1.2.1. Physical Examination
1.2.2. Laboratory test
1.2.3. Imaging Examination
1.2.4. Biopsy

I.3. Diagnosis based Al
1.3.1. Types of Atrtificial Intelligence

1.3.2. Branches of Artificial Intelligent
1.3.3. Computer Aided Diagnosis
I.4. CAD System Design
1.4.1. Training Phase
1.4.2. Classification Phase

I.5. Conclusion

Il.  Lymphoma features Learning

Introduction

I1.1. Characterization of features (Theoretical Foundation)
[1.1.1. Local Phase Quantization
[1.1.2. Gaussian Filter
I1.1.3. Chaotic Systems
I1.1.4. Bats algorithm

[1.2. Proposed System

01
02
04
04

05
06
06
06
07
07
08

08
09

09
10
11
11
17
18

19
20
20
20
23
24
24
27



11.2.1. Gaussian Filter Bank with Chaotic Weighting
[1.2.2. Data Reduction & Descriptor Fusion
11.2.3. Bat Algorithm-Based Optimization

11.3. Functional Architecture
11.3.1. Convolution Layer

11.3.2. Pooling Layer

[1.3.3. Feature Vector Extraction
I1.4. Classification
11.5. Conclusion
Experimental Results

Introduction
I.1. Clinical Background and Challenges

I.2. Dataset and Imaging Characteristics
1.2.1. Dataset Rationale
1.2.2. Dataset Description
I.3. Methodology Implementation
1.3.1. Testing Protocol
1.3.2. Implementation
I.4. Classification Results
I.4.1. Basic LPQ Implementation
1.4.2. Gaussian Preprocessed LPQ
1.4.3. Adaptive LPQ System
I.5. Comparative Analysis with Existing Techniques (Discussion)
1.6. Conclusion

General Conclusion

27
27
27

27
28

28
29
29
30
31

32
32

33
33
34
34
35
35
35
35
35
36
36
43
45



List of Figures

Fig.
Fig.

Fig.

1. Normal vs abnormal blood cell.
2. Typical types of Lymphoma blood cell clinical Diagnosis.

3. The evolution of Al types.

Fig. 4. Computer-aided Diagnosis for disease detection diagram.

Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.

Fig.

5.Train Phase Model.

6. (a) Gray scale image (b) Noise reduction and Contrast Enhancement image.

7. (a) Gray scale image (b) Contrast Enhancement image.

8. (a) Before sharpening (b) After sharpening.

9. The role of Feature extraction in medical analysis and decision making

10. Traditional feature extraction method.

11. Learned traditional feature extraction method.

12. Deep feature extraction method.

13. Classification Phase Model.

14. The Most Classification task.

15. Example of LPQ encoding scheme.

16. The organization chart of the BAT algorithm.

17. The proposed system layers.

18. Examples of the three lymphoma subtypes (CLL, FL, and MCL), respectively.
19. Diagnostic Performance of Unfiltered LPQ Framework.

20. Diagnostic Performance of filtered LPQ Framework applied to FL subtype image.

21. Comparative Performance Evaluation of the LPQ Configuration.

22. System Performance under Optimized LPQ Configuration: A Comparative Analysis.

23. Comparative Performance Analysis.

Vi

06

08

09

10

11

12

12

13

14

16

16

17

17

18

21

26

28

34

36

38

39

41

43



List of Tables

Table.1. Classification Accuracy of unfiltered LPQ Pipeline with RGB Inputs.
Table.2. System Performance Using filtering LPQ Configuration.
Table.3. Classification Accuracy of filtered LPQ Pipeline with RGB Inputs.

Table.4. Classification Accuracy of Optimized LPQ Pipeline with RGB Inputs.

A1

37

39

39

41



General Introduction

General Introduction

Medical imaging has become an indispensable diagnostic tool for most diseases, including cancers.
The information derived from medical images plays a pivotal role in clinical decision making at
various stages of patient care, such as detection, characterization, treatment response evaluation,
and follow-up. Despite significant advancements in medical imaging technologies, the analysis
and interpretation of these images remain a major challenge for pathologists. Any diagnostic error
can lead to incorrect treatments, potentially endangering patients' lives. Due to the increasing
workload and variability in expertise among pathologists, there is a pressing need for reliable

decision-support tools to enhance diagnostic accuracy.

Computer Aided Diagnosis (CAD) systems, powered by Acrtificial Intelligence (Al), have emerged
as transformative solutions in oncology. These systems assist in analyzing complex medical data,
reducing diagnostic variability, and improving patient outcomes. Lymphoma, a heterogeneous
group of cancers originating in the lymphatic system, presents unigue diagnostic challenges due to
its diverse subtypes such as Chronic Lymphocytic Leukemia (CLL), Follicular Lymphoma (FL),
and Mantle Cell Lymphoma (MCL) each is requiring precise identification for optimal treatment
planning. Traditional diagnostic methods, reliant on histopathological analysis, are often subjective

and time consuming.

This dissertation addresses these challenges by proposing an Adaptive Al driven framework for

lymphoma subtype classification. Our approach integrates Local Phase Quantization
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(LPQ) with chaotic systems and bio inspired optimization algorithms to enhance feature

extraction and classification Accuracy. Specifically, we:

1. Develop a hybrid feature extraction pipeline: Combining Gaussian filtering (weighted
by Chaotic parameters) with LPQ to capture discriminative texture patterns in
histopathological images.

2. Optimize system parameters: Using the Bat Algorithm, achieving subtype specific
Accuracy up to 96.97% for FL through red-channel analysis.

3. Validate the framework: On a multicenter dataset with real-world variability, ensuring

clinical applicability.

This work is organized into three chapters: Chapter 1 provides an overview of CAD systems, Al
techniques in Lymphoma Diagnosis, and current challenges. Chapter 2 details our proposed
methodology, including Chaotic weighted filtering, LPQ based feature extraction, and Bat
Algorithm optimization. Chapter 3 presents experimental results, comparative analysis, and

performance validation.

By bridging traditional feature extraction with adaptive Al, this research contributes to
computational pathology, offering a scalable tool to reduce diagnostic latency and improve

lymphoma management.
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Chapter I. Lymphoma
recognition and Diagnosis
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Introduction

Lymphoma is a group of cancers that originate in the lymphatic system, an essential component of
the immune system. Due to its complex nature and subtle symptoms in early stages, timely
recognition and diagnosis are vital. In this chapter, we explore the nature of lymphoma, its various
types, and the revolutionary changes in medical diagnosis. With advancements in Artificial
Intelligence (Al) and Computer-Aided Diagnosis (CAD), early detection is becoming more
accurate, reducing mortality and improving patient outcomes [01] [02].

I.1. Understanding Lymphoma

Lymphoma is a complex group of blood cancers that originate in the lymphatic system, a critical
part of the body’s immune defense. To fully grasp its impact, it is essential to explore its funda-
mental nature, classifications, and progression. The following sections delve into lymphoma’s
definition as a cancer, its distinct types, and the evolving landscape of its treatment and research.
This foundational knowledge will provide clarity on the disease’s mechanisms and current medical
advancements.

1.1.1. Lymphoma Cancer

The lymphatic system plays a crucial role in the body's immune response. It helps protect the body
against infections by destroying pathogens such as bacteria and viruses. Additionally, it prevents
fluid buildup in body tissues by transporting excess fluid and waste through lymphatic vessels for
elimination. Lymphocytes can be affected by many diseases, among which cancer (lymphoma) is
the most dangerous. When cancer infects these cells, it can pose a serious threat to the entire body

by attacking the human body's main line of defense. Lymphoma is a type of
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cancer that forms in the cells of the lymphatic system, which is part of the immune system. The

lymphatic system is responsible for producing and transporting lymphocytes, immune cells that

help fight infections and diseases. Lymphoma occurs when lymphatic cells grow abnormally and

multiplies uncontrollably, forming tumors in the lymph nodes [03].

1.1.2. Lymphoma types

There are primarily three subtypes of lymphoma, classified based on the specific characteristics of

lymphocytic cells and their clinical behavior [04]:

v

CLL (Chronic Lymphocytic Leukemia):
A type of B-cell lymphoma characterized by the accumulation of abnormal mature B
lymphocytes in the bone marrow, blood, and lymph nodes.
Typically slow-growing, often unnoticed for years.
Common in older adults but can affect younger individuals.
Symptoms: Persistent fatigue, swollen lymph nodes, enlarged spleen/liver, frequent
infections, abnormal bleeding, and unexplained weight loss.
Diagnosis: Blood tests and bone marrow biopsy. Prognostic factors (disease stage,
chromosomal abnormalities) guide treatment.

MCL (Mantle Cell Lymphoma):

An aggressive non-Hodgkin lymphoma originating from B cells in the mantle zone of
lymph nodes.

Usually diagnosed in older adults (median age ~60).

Symptoms: Swollen lymph nodes, night sweats, fatigue, weight loss, fever, and spleen/liver
enlargement.

Highly aggressive, spreading quickly to bone marrow, distant lymph nodes, digestive tract,
and CNS.
Diagnosis: Lymph node biopsy, supported by CT/PET scans to assess disease spread.

FL (Follicular Lymphoma):
A non-Hodgkin subtype marked by abnormal B-cell growth in lymphoid follicles.
Symptoms: Painless lymph node swelling, fatigue, weight loss, night sweats, unexplained
fever, and sometimes itchy skin.
Diagnosis: Medical exams, blood tests, biopsies, and imaging (CT/PET scans) to determine
disease stage.
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Normal blood Lymphoma

Red blood cell

Abnormal lymphocytes

Fig. 1. Normal vs abnormal blood cell [05].
1.1.3. Lymphoma cancer revolution
Lymphoma begins when genetic mutations disrupt the normal life cycle of lymphocytes, immune
cells residing in the lymph nodes, spleen, and bone marrow. These mutations, triggered by fac-
tors like viral infections (e.g., EBV), environmental toxins, or inherited predispositions, cause
lymphocytes to proliferate uncontrollably, evading apoptosis. Early-stage lymphoma often mani-
fests subtly, with painless lymph node enlargement, fatigue, or night sweats, as malignant cells
accumulate locally. Over time, clonal evolution fosters aggressive subpopulations that spread
hematogenously or via lymphatic vessels, infiltrating distant organs (stage H1/1V). In advanced
disease, immunosuppression and organ dysfunction arise from bone marrow suppression (e.g.,
anemia), hepatosplenomegaly, or CNS involvement. Histopathological grading (e.g., indolent
follicular lymphoma vs. aggressive DLBCL) further dictates tempo, underscoring the interplay
between molecular aberrations (e.g., BCL2 translocations) and clinical lethality. Despite its sys-
temic reach, modern therapies, from R-CHOP to CAR-T, leverage this biology to transform once-
fatal diagnoses into manageable chronic conditions or even cures [06].
I.2. Clinical Diagnosis
1.2.1. Physical Examination: A Medical Examination, also known as a Physical Examination, is
a routine medical examination once a year that aims to check a person’s physical health and note
any changes or signs indicating possible health problems. A person does not have to be sick to
have a thorough medical and physical examination; this is also an opportunity to speak with a

doctor about any pain or symptoms they are having, which is especially important for people
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over the age of 50. The physical exam is typically performed by a medical professional in a doc-

tor’s office or private hospital [07], and it may begin with areas of the patient’s body that have

lumps that could indicate cancer. During the physical exam, the expert can look for any abnor-

malities, such as a change in skin color or enlargement of an organ that could indicate cancer.
Benefits of a Physical Examination [08] [09]:

v

<

v
v
v
v

Early detection of any disease symptoms and confirmation of possible diseases, aid in the
initiation of treatment.

Increase the chances of complete recovery and avoid any serious complications.

Determine whether the patient has any problems or risk factors that could lead to disease in the
future.

Determine if the patient needs additional tests and investigations.

Updating the patient’s vaccinations as needed.

Ensure that the patient maintains a healthy lifestyle.

Develop a relationship between the patient and the caregivers.

1.2.2. Laboratory test: Laboratory tests, such as urine and blood tests, can help in the detection

of abnormal changes that may be caused by cancer, it is used for:

v

D N N NI N

Confirmation of the diagnosis of the disease: some of these tests are confirmatory, and others
are indicative of the disease.

Aid in Differential Diagnosis: Laboratory tests help diagnoses diseases.

To know the prognosis: Laboratory tests help to know the progress of the disease.

To determine the prognosis: Laboratory tests.

Screening tests: Laboratory tests are carried out in the form of panels to diagnose the disease

in the community.

1.2.3. Imaging Examination: Imaging plays a crucial role in diagnosing, staging, and monitoring

lymphoma. Techniques such as computed tomography (CT), positron emission tomography (PET),

and magnetic resonance imaging (MRI) help evaluate tumor size, location, and metastasis. PET-

CT, in particular, is highly sensitive for detecting metabolic activity in lymphoma cells,

distinguishing between active tumors and scar tissue. Imaging also guides biopsies and assesses

treatment response, making it indispensable in clinical management [10].
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1.2.4. Biopsy: A biopsy is a procedure in which a sample of tissue from the body is removed for
examination. Biopsy specimens can be obtained in a variety of ways. Needle biopsy is used when
a lesion or tumor can be felt or identified in imaging studies [11]. During the procedure, a thin,
hollow needle is inserted into the lesion and guided through an X-ray or ultrasound ma- chine. A
small amount of tissue is taken for examination. Doctors use a microscope to examine cell samples:
v Normal Cells: appear uniform and similar in size and organization.

v Cancer Cells: appear less organized and appear in different sizes and without a clear ar-

rangement.
v" The appropriate biopsy procedure is determined by the type and location of cancer, in most

cases, a biopsy is the only way to confirm a diagnosis of cancer

»
g ’; Physical Examination
3

‘ m Complete Blood Count (CBC)

i Erythrocyte Sedimentation Rate (ESR)

2}
"' ’} Imaging Tests (X-ray, CT scan)

!FQ - Lymph Node Biopsy
A

Fig. 2. Typical types of Lymphoma blood cell clinical Diagnosis [12].

I.3. Diagnosis based Al

Recent advances in artificial intelligence have revolutionized lymphoma diagnosis, enabling more
accurate and efficient detection methods. Al systems can analyze complex medical data at
unprecedented scales, assisting clinicians in making faster and more precise diagnostic decisions
[13]. These technologies are particularly valuable in lymphoma diagnosis due to the disease's

complex heterogeneity and subtle diagnostic features.
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1.3.1. Types of Artificial Intelligence
Modern Al applications in lymphoma diagnosis primarily utilize three key approaches:

Artificial
Intelligence

Machine
Learning
Natural
Language
Processing
Deep

Learning

Specialized
Models

Computer
Vision

Generative Al
& Large Language Models

Fig. 3. The evolution of Al types [14].

v" Machine Learning (ML):

Supervised learning algorithms are trained on large datasets of lymphoma cases to recognize di-
agnostic patterns in pathology images and clinical data. For instance, random forest models have
achieved 92% accuracy in distinguishing between Hodgkin and non-Hodgkin lymphoma sub-
types [15].

v Deep Learning (DL):

Convolutional neural networks (CNNs) excel at analyzing medical imaging. Recent studies
demonstrate DL models can detect malignant lymph nodes in CT scans with sensitivity exceed-
ing 94%, significantly reducing false negatives [16].

v" Natural Language Processing (NLP):

Advanced NLP systems extract clinically relevant information from unstructured physician notes
and medical literature. One study showed NLP could identify 87% of key lymphoma diagnostic

criteria from electronic health records [17].

1.3.2. Branches of Artificial Intelligent

Al applications in lymphoma diagnosis span several specialized domains:
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Computer Vision: Automated image analysis systems can quantify malignant cell percentages in
bone marrow biopsies with precision matching expert hematopathologists (mean concordance
89%) [18]. these systems significantly reduce inter-observer variability in lymphoma grading.
Predictive Analytics: Machine learning models incorporating clinical, genomic and treatment
response data can predict disease progression with 85% accuracy for follicular lymphoma pa-
tients [19]. Such models enable personalized surveillance strategies.

1.3.3. Computer Aided Diagnosis

Computer-Aided Diagnosis (CAD) systems represent a transformative partnership between arti-
ficial intelligence and clinical expertise in lymphoma diagnosis. These sophisticated tools ana-
lyze medical images and pathology slides with remarkable precision, identifying subtle patterns
that might escape human detection during lengthy diagnostic workflows. By processing vast da-
tasets of historical cases, CAD provides quantitative assessments of tumor characteristics, meas-
uring everything from lymph node enlargement to metabolic activity, while maintaining con-

sistency across evaluations.

Image
Pre-processing

iagnosis

Definition of
Region of Interest

Formulation of
Diagnosis

Feature Extraction
and Selection

Classification

Specialised
Physician

Computer Aided D

Fig. 4. Computer-aided Diagnosis for disease detection diagram [20].
Clinical studies demonstrate CAD's particular value in complex diagnostic scenarios, such as dis-
tinguishing between indolent and aggressive lymphoma subtypes or detecting early transfor-
mation. The technology doesn't replace pathological judgment, but rather enhances it, serving as a
decision-support tool that reduces diagnostic variability. Recent implementations have shown
CAD can decrease diagnosis time by 30% to 40% while maintaining diagnostic accuracy above

90% [21]. As these systems evolve, they're increasingly incorporating multimodal data, combin-

10
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ing imaging findings with genomic and clinical information, to support truly personalized diag-
nostic approaches.

I.4. CAD System Design

1.4.1. Training Phase

During the training phase, the classifier is constructed by learning patterns and features from a
labeled dataset. This process involves feeding the model a curated and representative sample of
data, allowing it to iteratively adjust its internal parameters to minimize prediction errors. The
selection of training data is critical, as the model’s performance heavily depends on the quality,
diversity, and relevance of the dataset.

In the context of lymphoma classification, the training set typically consists of histopathological
images, genomic data, or clinical records, each annotated with corresponding diagnostic labels.
The dataset must be sufficiently large to capture biological variability and mitigate overfitting,

while also being carefully balanced to avoid biases that could skew the model’s predictions.

Database

Feature
Selection

Feature
Extraction

Preprocessing

Fig. 5. Train Phase Model.

Beyond medical imaging, training data can encompass diverse modalities, such as textual re- ports,

sensor-derived measurements, or multimodal clinical data. Preprocessing steps including
normalization, augmentation, and feature extraction are often applied to enhance the model’s
ability to generalize to unseen cases. The choice of algorithm further influences the training dy-
namics and eventual diagnostic accuracy.

% Data Preprocessing

Medical images, whether acquired for diagnostic or therapeutic purposes, are often affected by
sensor artifacts, illumination noise, and other acquisition related distortions. To ensure reliable
analysis, a preprocessing stage is essential, involving a series of computational operations de-

signed to enhance image quality before further processing.

11
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In computer aided diagnosis (CAD) systems, preprocessing typically involves three key opera-
tions:

o Noise reduction
To eliminate random pixel variations and sensor artifacts, is achieved through adaptive filtering
algorithms (e.g., non-local means or wavelet transforms) that suppress stochastic pixel variations

while preserving critical pathological features.

Fig. 6. (a) Gray scale image (b) Noise reduction and Contrast Enhancement image [22].

o Contrast enhancement
To improve image clarity and feature visibility, utilizes histogram equalization and gamma cor-

rection to amplify subtle intensity differences between tissues, particularly improving visibility of

low-contrast lesions.

Fig. 7. (a) Gray scale image (b) Contrast Enhancement image [23].

o Edge sharpening
To better define anatomical boundaries, applies anisotropic diffusion and gradient-based opera-

tors to enhance anatomical boundaries without amplifying background noise

12
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(a)
Fig. 8. (a) Before sharpening (b) After sharpening [24].

The primary objectives of medical image preprocessing are:
e To correct acquisition-related defects and normalize image quality
e To reduce noise while preserving diagnostically relevant features
e To standardize images by compensating for variations in exposure and illumination

e To enhance the differentiation between anatomical structures (e.g., distinguishing be-
tween organs, bones, and pathological tissues)

e To ensure consistency with established anatomical references
For lymphoma imaging specifically, these preprocessing steps are crucial for:

e Accurate identification of lymph node boundaries

e Clear visualization of malignant masses

o Reliable differentiation between pathological features and normal anatomy

e Elimination of confounding elements such as rib shadows in thoracic imaging

e Alignment with anatomical reference data for consistent interpretation
% Feature Extraction
The primary objective of feature extraction in CAD (Computer Aided Diagnosis) is to transform
raw medical data into more meaningful and informative representations. This process reduces data
complexity, identifies relevant aspects, and provides a robust foundation for subsequent analysis
and interpretation. The importance of this step lies in its ability to enhance diagnostic system

accuracy and support medical decision making. By identifying discriminative and in-

13
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formative features within medical data, it improves pathology detection and classification, pre-

dicts complications, and tracks disease progression [25].

o Roles of Feature Extraction

Feature extraction plays a critical role in facilitating medical analysis and decision making [26]:

Dimensionality Reduction: Medical datasets often contain high-dimensional variables that
complicate analysis and visualization. Feature extraction reduces dimensionality by identi-
fying the most discriminative and informative features, simplifying analysis and improving
data interpretability.

Identification of Relevant Information: Medical data may include noisy, redundant, or ir-
relevant information. Feature extraction isolates clinically relevant aspects by highlighting
key features associated with pathologies, symptoms, or test results, effectively filtering es-
sential information while eliminating noise.

Diagnostic Accuracy Improvement: By extracting distinctive pathological features, CAD
systems achieve higher precision in disease detection, classification, and prediction. This
directly enhances diagnostic reliability and reduces medical errors.

Decision Making Optimization: Feature extraction provides actionable insights to support
evidence-based clinical decisions. Extracted features enable risk assessment, treatment per-

sonalization, and outcome prediction, leading to more accurate and efficient medical deci-

sion making.
Diagnostic Accuracy
I%mp]'uwmeut : Dimensionality
Reduction
Feature Extracti
Decision Making cature Lxtraction

Optimization Identification of
Relevant

Information

Fig. 9. The role of Feature extraction in medical analysis and decision making.

o Types of Feature Extraction

In medical imaging-based CAD (Computer Aided Diagnosis), different types of image features

can be used to represent medical data and facilitate analysis and decision making. It is important

14
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to note that the selection of appropriate features depends on the specific CAD task and the type of
data being processed [27].

e Line Based Features: Line based feature extraction involves detecting and representing lines
within an image. These lines may include edges, contours, or more complex linear structures,
providing critical information about an image’s geometry and spatial organization. Various
feature extraction techniques can be applied to capture line-based features, including edge
detection algorithms (e.g., Canny, Sobel), Gabor filters, and thresholding methods.

e Texture Based Features: Texture-based feature extraction focuses on recurring patterns and
local intensity variations in an image. Textures may exhibit regular patterns (e.g., tiled
structures) or stochastic properties (e.g., granularity). This approach captures information
about an image’s local composition and structural properties.

e Appearance Based Features: Appearance-based feature extraction emphasizes global vis-
ualattributes such as color, shape, size, and spatial distribution of objects. This holistic
representation is particularly useful for tasks like object recognition or image classification.

% Feature Extraction Methods

Feature extraction is the process of transforming raw pixel values from an image into more

meaningful and useful information that can be utilized in a computer vision application. For this

reason, these processes have been carefully designed by specialists (manual or handcrafted crea-

tion) using their knowledge and expertise. Typically, these techniques are applied to an image

without prior knowledge of its content.

To improve their performance, these techniques have been enhanced with prior contextual

knowledge through machine learning (learned handcrafted). In recent years, with the advent of

deep learning, neural networks themselves automatically perform the work of experts in convo-

lutional layers.

e Traditional Methods: Also referred to as handcrafted or manually designed methods,

these involve feature extraction based on specific knowledge and rules defined by ex- perts.
In this approach, descriptors are manually designed to capture relevant information in
images.

For example, in edge detection, operators such as the Laplacian or gradient operators can be used

to extract edge features.

15
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Handcrafted methods allow for interpretability and control over the feature extraction process but

may be limited by the experts' ability to define relevant descriptors [28].

Feature
Extraction

Database

Features

Fig. 10. Traditional feature extraction method.
e Learned Traditional Methods: Learned handcrafted methods combine aspects of hand-
crafted techniques and machine learning. They involve training manually designed de-
scriptors from a learning dataset. In this approach, experts initially design a set of de- scriptors
and then use machine learning techniques to select and weight the most relevant ones.

This automates part of the descriptor design process and adapts them to specific data [29].

Prior knowledge

Feature
Extraction

Database

Features

Fig.11. Learned traditional feature extraction method.
Deep Methods: Deep learning based methods have revolutionized feature extraction. These

methods use deep neural network architectures to automatically learn descriptors from raw

data. Deep neural networks can learn hierarchical and abstract representations of data, ena-

bling them to capture complex and nonlinear features. Popular models such as CNNs (Con-
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volutional Neural Networks) and RNNs (Recurrent Neural Networks) are used in computer
vision tasks to extract features from images, videos, or temporal sequences. Deep methods
often outperform traditional feature extraction techniques but typically require large da- tasets
and significant computational resources for training. Additionally, interpreting the learned
features can be more challenging compared to traditional methods, whether they in- volve

learning or not [30].

Feature

A

Feaium

L ol

Parameter update

Fig. 12. Deep feature extraction method.

1.4.2. Classification phase

The system processes extracted descriptors through specialized classification algorithms that:

Assign segmented objects to diagnostic categories based on morphological characteristics and

determine mass type through feature-based pattern recognition and perform spatial probability

mapping to:

Evaluate structural features region by region
Calculate detection confidence scores

Differentiate true positives from artifacts

Database

Feature

LI Featu
Preprocessing Ext;z:(‘ltlon M::chil:g Decision
Selection

Fig. 13. Classification Phase Model.
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e Most tasks of Classification

Binarv Classification
- Multi-Class

Classification

Multi-Label Classification

Classification

Imbalanced
Classification

Fig. 14. The most Classification task.

v Binary Classification:

Yields one of two possible results: positive or negative.

v" Multi-Class Classification:

In multi-class classification systems, instances are exclusively categorized into a single class la-
bel from three or more possible categories, following a mutually exclusive assignment paradigm.
v Multi-Label Classification :

Each sample gets a single label from multiple possible classes.

v Imbalanced Classification

This dataset exhibits class imbalance, with some categories (majority classes) appearing more
frequently than others (minority classes).

1.5. Conclusion

The diagnosis of lymphoma has advanced from traditional methods to include Al technologies that
improve accuracy and speed. While tools like machine learning and CAD assist in pattern detection
and tumor analysis, they support rather than replace clinical expertise. Challenges re- main, such
as the need for better datasets and continued human oversight. Future developments aim to
combine Al with genomic and clinical data for personalized diagnostics, blending technology with

physician judgment to enhance patient care globally.
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Introduction

This chapter presents the theoretical foundation for our proposed texture analysis system in
lymphoma diagnosis. We introduce Local Phase Quantization (LPQ), and detail its quantization
and decorrelation processes. The framework is enhanced by Gaussian filtering (for noise
reduction) and chaotic systems (for parameter optimization), with the Bat Algorithm dynamically
tuning filter configurations. These components form a hybrid pipeline designed to improve
discriminative feature extraction for lymphoma subtype classification, bridging traditional

techniques with adaptive Al Driven Optimization.
I1.1. Theoretical Foundation
This section outlines the preliminary requirements for the proposed texture analysis process.

11.1.1. Local Phase Quantization
Local Phase Quantization (LPQ) [31] captures phase information from local image regions by
leveraging the blur-invariant property of Fourier phase responses in slightly blurred images.

% Local Frequency Analysis:
LPQ operator on an image pixel is done by employing Short-term Fourier Transform (STFT)
over an M x M-sizedwindow(W,). Thus, for all pixel locations x = {x1,x3,...,xgw} in an

H x W-sized image (f(x)), the local image patches in W, are defined as follows:

fx(y) = f(x -y), Vyew, (01)
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Real
component

Fig. 15. Example of LPQ encoding scheme. (a) Input 5x5 patch. (b) Frequency domain representation.  (c) LPQ
code [32].

Applying STFT to W,, gives us the local frequency domain representation:
Fx (W) = Yyewafx (y)es2m's: (02)
i

wherei = 1,..., M2 The variable u comprises! frequency variables(ui, uz, ... u;) that serve as
blur-insensitive local descriptors. Eq. (02) can be rewritten as follows:

F@) = Ylif, PLG) = e/zmey (03)
Where

Vi = [V ), Wu(v2), s Y (Y2)] (04)
And

fo = D L2, s i (Yy2)] (05)

To find the LPQ codeword, a phase quantization process is performed. Indeed, if the coefficients
to be quantized are statistically independent, scalar quantization is performed directly; otherwise,
the samples must be decorrelated before quantization.
¢ Phase Quantization:
The blur-insensitive representation uses [ frequencies, producing an [ -length feature vector for
each pixel. In practice, the phase is quantized in four quadrants using the following quantizer:
Q(Fx(w) = (RefF,(w)} > 0) + 2(Im{F(w)} > 0) (06)
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This quantization can be expressed with 2 bits per frequency for each pixel, for a total of 21 bits;
the concatenation of the codes for the [ frequency components results in a single codeword. To
achieve a blur-insensitive representation, only low-frequency components are employed, as they
contain the most image energy. In practice, the local coefficients F, are computed for each pixel at

four low frequencies(l = 4):

a 0 a a

wwusue =[5 0 0 9] (07)

The scalar a is the highest frequency whose point spread function (PSF) is positive and it is
usually calculated from M (e.i.a = ﬁ) Finally, an 8-bit codeword ([q7, ¢, 5, ---,q0]) can be

obtained to describe the local texture surrounding each pixel (W) this codeword can easily be
transformed into a decimal number (in the range 0- 255) by simple binary decoding:
8 _ (08)
LPQ; = ijlqizj_l (08)
% Decorrelation:
Vector quantization is typically more efficient incases when the coefficients to be quantized are
correlated. To decorrelate the frequency coefficients, we first separate the real and imaginary
components of F,(u) and then concatenate them as follows:
Fr(u) = [Fx(u1), Fx(u), ..., Fx(w)] (09)
Fx=[RefFx(w} Im{F.(W}]=[EEFY (10)

The STFT transform (Eq. (10)) shows that F,, and f, are linearly dependent, so we can write:
Fy=1.fy (11)
Where

Y = [Yri]”
And

ll)R = Re{[l/)ul, lpuz' ey lpw}]
And

Y1 = Im{[Yuy, Yuy) o, P}
To decorrelate F,, Ojansivu et al. [33] applied the following transform:
G, =VT.F,
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Where V' is an orthogonal matrix obtained from the matrix (D) mentioned below:

D = UyVT

D is the covariance matrix of F, and can be obtained by:

D = CyT

where C is the covariance matrix of M x M samples in W,. After the decorrelation process, a
scalar quantizes the jt» coefficient (g;) of G,:

_{1,ifg]- >0
4= 0, otherwise

The resulting codeword is then transformed into a decimal number. After computing the LPQ code
words for each pixel in the image, and since the LPQ range is 0 to 255, an image containing the
LPQ information of the input image is produced. To calculate a feature vector (H ) for the input
image in practice, we divide the LPQ image into non-overlapping r X c-sized sub-regions and
compute the histograms for each sub-region. Then, these histograms are concatenated to provide
an LPQ feature vector for the whole input image.

H = [hq, hy, ..., hy(]

This division is used to keep some information about the spatial arrangement of the patterns since
the histograms of the whole image discard all of this information.

11.1.2. Gaussian Filter

The Gaussian filter is an image processing technique used to smooth data and reduce noise. Based
on the Gaussian (normal) distribution, a low-pass Gaussian filter is defined by the following
impulse response:

h(x' y) = e(%)

% Determining o
To select the value of o, we choose a small € for the element H at coordinates (x,y) = (P, 0)
(located at the center of a border pixel). The center value (x,y) = (0,0) is 1, while border values

must be negligible relative to the center.

R/

«* Normalization
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The second step involves normalizing the matrix H by dividing all coefficients so their sum
equals 1. This preserves the image’s average grayscale level.

% Operation Principle
The Gaussian filter computes a weighted average of neighboring pixels around each image pixel.
Weights are assigned based on the Gaussian distribution [34]:
Higher weights: are given to pixels closer to the center.
Lower weights: are assigned to distant pixels.

11.1.3. Chaotic Systems
A chaotic system (Logistic Maps or chaotic dynamics) is a nonlinear dynamical system highly
sensitive to initial conditions. These systems exhibit complex, unpredictable behavior where minor

variations in starting parameters lead to dramatically divergent outcomes.

Logistic maps are canonical examples of one-dimensional chaotic systems, extensively studied in
chaos theory and nonlinear dynamics. They model population growth using a recursive nonlinear
function defined as:
Xn+1 = Wxn (1 — xy)

e Parameters:
X,. Population at time step n (normalized between 0 and 1)
w: Growth rate parameter (controls system behavior)

e Dynamical Regimes
Extinction (u < 1): Population converges to zero.
Stable Equilibrium (1 < u < 3): Population reaches a steady-state value.
Chaos (u > 3.75):
Future values oscillate unpredictably.
Exhibits sensitive dependence on initial conditions infinitesimal changes inxo Yield entirely
divergent trajectories [35].
11.1.4. Bats algorithm
The Bat Algorithm is a nature-inspired metaheuristic optimization technique developed by Xin-

She Yang in 2010. This method computationally mimics the echolocation behavior exhibited by
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microbats during prey hunting. The algorithm operates through the following biological
principles [36]:
% Echolocation Mechanism:
Microbats emit high-frequency sound pulses (typically 20-200 kHz)
These acoustic waves propagate through the search space
Reflected echoes provide spatial information about prey location
% Computational Analog:
Each virtual bat represents a potential solution
Pulse emission corresponds to solution evaluation
Echo reception guides the search direction

Frequency modulation controls exploration/exploitation balance

The micro-bats could locate a target thanks to an echo received this phenomenon is called
echolocation. Each microbat is characterized by five variables, the frequency f; , the velocityv;,
the position x;, the loudnessA4; , the pulse rater;.
These variables are calculated using the following equations
e Frequency
fi=fmin+ (Fmax — froun) B
With, fun and fi.q Depending on the nature of the problem, g is a random number between
0 and 1.
e Velocity
vi(t + 1) = vi(t) + (Xi(t) — Xpest) fi
v;i(t + 1) is the new velocity of bat i, and X;(t) is its current position, XIS the current best
position.
e Position
X(t+1)=Xt)+v(t+1)
e Loudness and Pulse rate
Initially, it is calculated using the following equation:
A; =rand X (Amax — Amin) + Amin

ri= rand X (rmax - rmin) + Tmin
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If the random number is less than A; and f(X;) < f(Xpest), Thereafter decreases A; and r;in
each iteration according to the following equation:

Ai=a At with 0<a<1

r=rf[1-e"] witho<y

With, f denote the objective function
The organization chart of the BAT algorithm is shown as follows

< d

Change f; . X; . v; of every bat i ——

Imitialize variables for each bat in

4 Voo

Calenlate ﬂ?‘? m!h i=1.,2,...N CGenerate a new solution by a local
and initialize X, zearch around X,
Evaluate the new zolution o

If (rand = A7) & (fnew — X3 < flold - X

No

Accept the new zolotion, reduce A;
and increase 1y

¥

Solution = Xy *

Change Xp.o fm—

Fin criterion

Fig. 16. The organization chart of the BAT algorithm.
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11.2. Proposed System

To describe image texture in a Computer Aided Design system, we propose a Deep Convolution
based Analysis Method. All images were initially preprocessed to enhance contrast.

In the following sections, we detail the techniques used in the proposed approach.
11.2.1. Deep Feature Extraction for Medical Image Classification

In classification problems, due to the high correlation between images of different classes, the goal
is to extract feature vectors with high intra-class correlation and low inter-class correlation.
However, in pathological tissue images, experts often struggle to detect diseases with the naked
eye. Traditional (handcrafted) feature extraction methods fail to provide precise and discriminative
vectors for automated diagnosis.
Inspired by the advantages of deep learning, we propose a novel feature extraction method for
medical image classification. The approach consists of three main steps:

e Gaussian Filter Bank with Chaotic Weighting
The input image is filtered using a bank of Gaussian filters. Filter coefficients are weighted with
chaotic values (logistic map-generated). This operation enhances edges, ridges, singular points,
and texture patterns.

e Data Reduction & Descriptor Fusion
Filtered images are combined into a single descriptor to reduce dimensionality. Local Phase
Quantization (LPQ) is applied to extract the final feature vector.

e Bat Algorithm-Based Optimization
Filter bank parameters (logistic map control parameter y and initial value xo) are optimized

using the bat algorithm during training to maximize classification accuracy.

[1oPest, ugPest] = Fopr (Staux)

Staux: Optimizing classification rate (the objective function)
11.2.2. Functional Architecture

The complete pipeline (Fig. 17) comprises three layers:
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|
Bat Algorithm

< Objective Function
Parameters

Chaos Parameters

adl.

Convolution Pooling Features Vector
Laver Laver Extraction

Database

Fig. 17. The Proposed system layers.

e Convolution Layer
Enhances dominant features via 2D convolution between input images and chaotic-weighted

filters
W s, = My, Gauss(ky, k;) € Rk, 3 = (u, xb)

M3, - Weight matrix generated via logistic map
A= (4, xoY): Logistic map parameters
ut: control parameter
xot: initial value
fi=1*Wy, , i €[1..N], et j € [1 ... Nerain]

N: Number of filters in bank
N ¢rain: the number of images in the training set
«: the 2D convolution operation
Tl-i : the filtered output images

e Pooling Layer
Reduces data volume by binarizing filtered images (Eq. 23) and merging them into an integer
valued image (Eq. 24).

si Tji (x,y) < 13

I}g(x,y)z{o i € [1....N]

1 Si Tji(x,y) = Tp '

Tp: the binarization threshold
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In our implementation, the binarization threshold was set to O since the filtered image coefficients
exhibited equal probability of being positive or negative. The N binarized images I are thep
converted into a single integer valued image through the following binary to integer
transformation:;4 (x,y) = X\, 17 (x,y).2"
As a result, we obtain a single image to which we apply a traditional feature extraction method to
derive its features.

e Feature Vector Extraction
LPQ is applied to generate the final feature vector V; (Eq. 25), refined via Fisher based selection
(Eq. 26-27) for optimal discriminative power.

Vi=FrpoUja)

- vi(x) if vj(x) = Ag.pp 1XL
V.= F vi(x ={] J v, Ve R x e [1...N
J QNTZ( ]( )) 0 otherwise '’ [ ]

Vi=Fsicr(V))

V;: represents the feature vector reorganized according to the coordinates obtained by Fisher's
selection method resulting in a vector with a predefined number of coordinates (L) in
descending order of importance, p, is the mean value of v;, and Ao is a predefined threshold value
[37].

e Classification
In classification problems, discriminative machine learning enables the identification of a function
that can correctly predict instance labels. As one of the most important techniques in discriminative
learning, Support Vector Machine (SVM) classification [38] identifies the optimal hyperplane that
correctly separates two classes with maximal margin.
A Support Vector Machine (SVM) classifier works by:
Concept:

e Mapping training data points into a high-dimensional space

e Establishing clear separation boundaries between classes
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e Maximizing the margin (distance) between these boundaries and the nearest data points
(support vectors)
Prediction Mechanism:
e New data points are classified based on which side of the decision boundary they fall
e The classifier determines the most probable category membership for each new point
Advantages:
e Exceptional performance in high-dimensional feature spaces
e Memory efficiency (relies only on support vectors for decision making)
e Versatility in handling:
Nonlinear data distributions (via kernel tricks)
Regression tasks
Unsupervised learning problems
Optimization Objective
e Identifies the optimal hyperplane that maximizes the margin between classes

e The margin is defined as the perpendicular distance to the nearest training points

11.3. Conclusion

In summary, this chapter established a robust theoretical framework for lymphoma texture
analysis, combining LPQ's phase-based feature extraction with chaotic-weighted Gaussian
filtering and Bat Algorithm optimization. The methodology addresses key challenges in medical
image analysis including noise sensitivity and feature discriminability while maintaining
computational efficiency. By integrating these components, we lay the groundwork for an accurate
and adaptive classification system, validated experimentally in subsequent chapters. This approach
demonstrates the potential of hybrid traditional Al methods in computational pathology, offering

both interpretability and high performance.
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Chapter I11. Experimental
Results
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Introduction

Feature extraction plays a crucial role in image processing and analysis by identifying and isolating
key information from visual data. In this study, we introduce an adaptive feature extraction
technique where the classifier dynamically optimizes its parameters.
In this study, we evaluate our proposed methodology for distinguishing these subtypes through
experimental validation. This chapter presents our findings, including a rigorous performance
analysis of the technique within the framework of our research objectives.
I11.1. Clinical Background and Challenges
The framework developed in this study is designed for generic image analysis and classification
tasks, with adaptable parameters for diverse applications. In this investigation, we specifically
evaluate its performance in the domain of medical image analysis, focusing on lymphoma subtype
classification.
The proposed system offers potential clinical utility by:

e Assisting physicians in lymphoma diagnosis and monitoring through automated image

analysis.

e Enabling lesion detection and characterization to support treatment decisions.
It is important to emphasize that our solution is specialized for lymphoma classification, leveraging
morphological features and tissue patterns from medical imaging [38] to distinguish between
disease subtypes with enhanced precision.

111.1.1. Lymphatic Cancer (Lymphoma):

32



Chapter Il Experimental Results

The lymphatic system serves as a critical component of the body's immune defense network. Its
primary functions include:
e Pathogen elimination: Neutralizing infectious agents (e.g., bacteria, viruses) through
lymphocyte activity.
e Fluid homeostasis: Preventing tissue edema by draining excess interstitial fluid and
metabolic waste via lymphatic vessels.
Among the pathologies affecting lymphocytes, lymphoma emerges as the most life-threatening
malignancy. This cancer compromises the body's primary defense mechanisms by infiltrating and
dysregulating immune cells. Specifically, lymphoma originates in the lymphatic system'’s cells a
key subsystem of the immune network responsible for lymphocyte production and circulation.
The disease manifests when genetic mutations trigger uncontrolled proliferation of lymphoid cells,
leading to tumor formation in lymph nodes [39]. These malignant transformations severely impair

immune competence while enabling systemic spread.

I11.2. Dataset and Imaging Characteristics
Robust assessment of such diagnostic systems requires validation against established benchmark
datasets. This approach enables:

e Accurate measurement of classification performance metrics

e Optimization of feature extraction parameters

e Comparative analysis against state-of-the-art methods
The evaluation process must employ medically representative data to ensure clinical relevance and
statistical significance of the results. Standardized datasets allow for reproducible testing of the
system'’s diagnostic capabilities while facilitating parameter tuning for optimal feature selection.
111.2.1 Dataset Rationale
This dataset was created to help identify three common lymphoma subtypes (CLL, FL, and MCL)
using standard H&E-stained tissue samples. Currently, doctors need expensive special tests to tell
these subtypes apart. However, experienced pathologists have shown that regular microscope

slides can work for diagnosis, suggesting that computer based methods could help too.

33



Chapter 11l Experimental Results

The dataset includes real-world cases with two important features:

e Samples prepared by different pathologists at multiple hospitals

e Deliberately varied staining quality (more than normally seen)
This makes the dataset more challenging but better represents actual hospital conditions, helping
develop practical diagnostic tools.
111.2.2 Dataset Description
The dataset contains 374 microscopic images with 1388x%1040 pixels and Class distribution
which are (CLL with 113 images, FL with 139 images and MCL with 122 images).

(@) (b) (©
Fig.18. (a), (b), (c) Examples of the three lymphoma subtypes (CLL, FL, and MCL), respectively

The dataset was compiled from multiple clinical sources to create a representative cohort that
includes natural variations in staining and scanning conditions commonly encountered in
diagnostic practice. This multi-center approach ensures the dataset reflects real-world clinical
diversity, accounting for differences in sample preparation and imaging protocols. Fig.17. provides
visual examples of the three lymphoma subtypes (CLL, FL, and MCL) contained in this collection
[40]. The inclusion of such variability strengthens the dataset's utility for developing robust
computational analysis methods that can perform effectively across different laboratory settings.
111.3. Methodology Implementation

Before conducting system evaluation experiments, it is essential to define both the testing protocol
and the equipment used to perform these experiments. This clarification ensures methodological

rigor and reproducibility of results.
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111.2.1. Testing Protocol
Our system is designed for one vs. all subtype classification. The dataset was divided into two
main sets:

e Training set: 300 images (80% of total)

e Validation set: 74 images (20% of total)
Due to the limited sample size, we implemented 10 fold cross validation during training:

e The 300 image training set was randomly split into 10 subsets

e 10 cycles of training/testing were performed
After classifier training and optimization of feature extraction parameters:

e The best performing model was selected

e This final model classified the remaining 74 blind-test images
111.2.2. Implementation
All experiments were conducted using MATLAB 2024a on a personal computer with the
following specifications:

e Device name: DELL Latiude5490, equipped with an Intel(R) Core(TM) i5-8350U CPU

@ 1.70GHz (up to 1.90GHz) and 16 GB of installed RAM.

e The system operates on a 64-bit Windows OS with an x64-based processor.

e The device does not support pen or touch input.
I11.4 Classification Results (Performance Evaluation)
This section presents a comprehensive assessment of our proposed method, analyzing its evolution
from traditional feature extraction to optimized parameter selection (via logistic map optimization
for multi-filter configurations). The evaluation compares three distinct operational modes:
111.4.1 Basic LPQ Implementation:

e Operates as a conventional feature extraction pipeline

e Applies Local Phase Quantization directly to unfiltered input images

e Serves as our non-optimized reference model
111.4.2 Gaussian Preprocessed LPQ:

e Incorporates fixed Gaussian filtering prior to feature extraction
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e Maintains traditional architecture without adaptive elements

e Demonstrates the effect of standard preprocessing
111.4.3 Adaptive LPQ System:

e Represents our novel contribution with dynamic optimization

e Features bidirectional interaction between classifier and extraction parameters

e Employs chaotic optimization to tune filter characteristics
111.5 Comparative Analysis with Existing Techniques:

1.1. Basic LPQ Implementation
The study first established a performance baseline using the Local Phase Quantization (LPQ)
algorithm, a widely adopted feature extraction method in texture analysis. With parameters fixed
at a 5x5 window and 9 bins, LPQ was applied to grayscale histopathology images across three
lymphoma subtypes (CLL, FL, MCL).
This preliminary analysis aimed to provide comparative data for evaluating the proposed method.
The FL subtype demonstrated particularly strong classification performance, achieving 89.17%
accuracy and 91.05% AUC, and suggesting LPQ's effectiveness in capturing discriminative texture
patterns for this subtype.

% Performance Analysis
As shown in Fig.18, LPQ delivered competitive results compared to state of the art methods. The
confusion matrix (TP=42, FP=5, FN=12, TN=22) at threshold Td=-0.1249 further confirmed

LPQ's diagnostic reliability for FL classification.

100 -
00 $2.00% 89.17% u ACC

80 . T70.96% f AUC
70
il

40
CL MCL FL

Fig.19. Diagnostic Performance of Unfiltered LPQ Framework
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These findings position LPQ as a valid benchmark for subsequent method comparisons, though its
moderate performance on CLL and MCL subtypes (implied by the need for our proposed method)
highlights room for improvement in multiclass lymphoma discrimination.

%+ Color Channel Analysis for Lymphoma Subtype Classification
The lymphoma database contained RGB color images for all three subtypes (CLL, FL, MCL). To
optimize feature extraction, we applied our configuration independently to each color channel

(Red, Green, and Blue). Performance results are detailed in Table.1.

Table.1. Classification Accuracy of unfiltered LPQ Pipeline with RGB Inputs.

Color Channel Red Channel Green Channel Blue Channel
Subtypes CL MCL FL CL MCL FL CL MCL FL
Acc % 83.98 72.18 91.97 81.05 7177 90.52 82.12 71.44 90.01
AUC % 86.03 75.44 93.72 84.75 72.46 91.89 82.99 73.10 91.15

Across all subtypes, the red channel significantly enhanced system performance. For FL
(follicular lymphoma), the red channel achieved peak metrics:

e Accuracy (Acc): 91.97%

e AUC: 93.72%

e Confusion Matrix: (TP=51, FP=2, FN=25, TN=3)

%+ Comparative Performance:

The red channel’s superiority suggests that histopathological features may carry critical
diagnostic information for lymphoma subtyping.

Green and blue channels showed comparatively lower discriminative power (implied by the need
to highlight red’s outperformance).

Gaussian Preprocessed LPQ

In this section, we evaluate the performance of our proposed feature extraction method for the

diagnostic system. Grayscale (NG format) images were processed through a multi-filter bank to
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generate diverse descriptors. These descriptors were combined, and the LPQ method was then
applied to the aggregated output to form a feature vector.
Our proposed method pipeline processed grayscale images of CLL, FL, and MCL subtypes
through an adaptive multi-filter bank, where descriptor extraction was performed across varying
filter counts and kernel sizes Experimental Setup.

% Filter Configuration:

e Tested N filters: (N € [2,3,4,5,6,7,8])

o kernelsizes: (ks X k, € {3x3, 5x5, 7x7}).
Initial parameters for the Chaotic System, were randomly assigned for each (N, ki X k3)
combination. Experimental results revealed a clear tradeoff between filter size and count:

e Mid-sized filters (e. g.,5 x 5,7 x 7) performed best with fewer filters (N = 2).
Particularly for the FL subtype (ACC=93.15%, AUC=95.98%) shown in Fig.19.

33 W55 mT=7

2 3 - 5 ] 7 8

Fig.20. Diagnostic Performance of filtered LPQ Framework applied to FL subtype image.
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% Optimal Configuration:
The FL subtype demonstrated superior discrimination under the 7 x 7 configuration. Notably, the
filtering stage improved diagnostic accuracy by +4 % (CLL), + 6% (MCL) and 4 % (FL) compared
to unfiltered baselines, though performance remained sensitive to initial values, suggesting
potential gains from parameter optimization.
These findings are comprehensively summarized in Table.2, which cross-references optimal

(N,ky X k, = 2,7 x 7) pairs against subtype-specific metrics.
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Table.2 System Performance Using filtering LPQ Configuration (Grayscale Image Processing)

Subtype CL MCL FL
Acc % 86.14 77.49 93.15
AUC % 88.79 80.33 95.98

®,

%+ Color Channel Performance

The Gaussian Preprocessed LPQ system was further evaluated by analyzing each RGB color
channel (Red, Green, and Blue) separately for all three lymphoma subtypes. Fig.20. and Table.3.
Summarizes the optimal performance metrics achieved for each subtype.

Table.3. Classification Accuracy of filtered LPQ Pipeline with RGB Inputs.

Color Channel Red Channel Green Channel Blue Channel
Subtypes CL MCL FL CL MCL FL CL MCL FL
Acc % 90.98 80.38 95.06 87.55 77.57 90.52 89.22 75.44 90.01
AUC % 91.03 8544 9650 89.99 7946 9189 9129 7813 9115
100 00.98% 95.06 % m unfiltered

o0 80.83% . filtered

80 [

70

G0

30

40

CL MCL FL

Fig.21. Comparative Performance Evaluation of the LPQ Configuration.
The system's color channel analysis revealed consistent performance improvements when
processing images through individual RGB bands, with optimal results achieved using the red
channel.
The red channel again demonstrated the most significant improvement, particularly for FL.

Using two 7 x 7 filters, the system achieved:
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e Classification Accuracy (Acc: 95.06% AUC: 96.50%)

e Confusion Matrix: TP=52, FP=2, FN=2, TN=25

% System-Wide Improvements

Filtering-based feature extraction consistently enhanced diagnostic accuracy, with Acc exceeding
95% in optimal cases.

The results confirm that multi-channel analysis, particularly leveraging the red spectrum,
significantly improves lymphoma subtype classification.

The findings not only validate the efficacy of the filtering layer enabling accuracy surpassing 95%
but also suggest potential for further optimization through careful parameter adjustment of the
LPQ algorithm's configurable components. These results underscore the importance of color space
optimization in computational pathology systems while maintaining room for improvement
through more sophisticated parameter tuning approaches.

Adaptive LPQ System

Building upon previous experiments where filter parameters pg, xo were randomly initialized, this
section systematically optimizes these parameters using a bat algorithm across all possible
configurations (N = 2 ... 8 filters; kernel sizes: 3 x 3 to 7 x 7).

Optimal Configurations:

CLL: Two 3 x 3 filters with (uo, x9) = (0.90, 3.90) achieved 91.58% Acc and 94.05%
AUC .

FL: The 7 x 7 filter configuration (ug, xo) = (0. 35, 3.81) maintained peak performance
(96.17% ACC, 97.42% AUC

MCL: With two 5 x5 filters (uo,x9) =(0.36,3.73), the system reached 82.87% ACC
and 83.26% AUC

Validation: Fig.21. highlights the optimization's impact, showing consistent improvements across
subtypes. Notably, 2 filter configurations universally outperformed higher filter counts, suggesting

computational efficiency without sacrificing Accuracy.

40



Chapter 11l

Experimental Results

110 H Filtred Optimized
100 93.58% 96.17%
80 f 82.87% [
80 L ! L
0 L L L
a0 L L L
40

CLL MCL FL

Fig.22. System Performance under Optimized LPQ Configuration: A Comparative Analysis.

These results underscore the critical role of parameter optimization in maximizing LPQ-based

lymphoma classification, while revealing subtype-specific dependencies on filter geometry and

parameter space.

Color Channel Optimization

To further enhance diagnostic performance, we applied the optimized LPQ method to individual

RGB color channels for each lymphoma subtype.

Table.4 Classification Accuracy of Optimized LPQ Pipeline with RGB Inputs.

Color Channel Red Channel Green Channel Blue Channel
Subtypes CL MCL FL CL MCL FL CL MCL FL
Acc % 9418 8331 96.97 8958  79.27 9332 9012 7736 9297
AUC % 9589 8594 9754 9019 8047 9499 9179 7951 94.36

The results, detailed in Table.4, demonstrate that parameter optimization consistently improves

classification Accuracy across all color bands.

e The optimization process (bat algorithm) contributed to additional improvements in

diagnostic Accuracy compared to non-optimized configurations.

e Thered channel remained the most discriminative, particularly for FL (follicular

lymphoma), reinforcing findings from earlier sections.
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Potential for Further Optimization:
While the bat algorithm yielded significant improvements, alternative optimization techniques
such as genetic algorithms (GA) or particle swarm optimization (PSO) could be explored to refine
filter parameters further.
Expanding the search range for (uo, x,°) may uncover even more optimal configurations.
The success of Optimized LPQ in color channel highlights the importance of adaptive parameter
tuning in computational pathology.
Future work could:

e Compare optimization algorithms (e.g., GA vs. PSO vs. bat algorithm) to identify the most

efficient method.

e Investigate multi-channel fusion to combine the strengths of RGB bands.

e Extend parameter search spaces to explore untapped regions of the optimization landscape.
These results confirm that optimization is a critical step in maximizing the performance of LPQ-

based lymphoma classification systems.

I11.3. Comparative Analysis with Existing Techniques (Discussion)
This study establishes that texture based classification of lymphoma subtypes achieves optimal
performance only when combining multi-stage filtering with systematic parameter optimization.
Our study demonstrates that texture analysis is pivotal for discriminating lymphoma subtypes
(CLL, FL, MCL), with three critical insights:

e Preprocessing Necessity:
Traditional LPQ applied to raw images yielded suboptimal results, whereas filter enhanced
descriptors significantly improved accuracy. Image filtering (e.g., contrast-enhancing filters) is
essential to isolate textural biomarkers and suppress irrelevant features.

e Classifier-Feature Synergy:
The classifier must guide feature extraction parameter selection (e.qg., filter size) to enable "Deep
behavior" where the system adaptively optimizes diagnostic performance.

e Color Channel Optimization:
Per channel analysis (especially red-band processing) boosted accuracy by leveraging chromatic

texture patterns, with FL subtype classification reaching 95.06% Acc.
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Future Directions:
Data fusion (e.g., combining RGB channels) and multi-scale pyramid analysis could further
enhance performance.
Integration of Deep Learning for feature extraction and classification.
% Comparative Analysis
We benchmarked our method against prior studies using the same dataset Fig.22. Key outcomes:
e Superior Accuracy:
Our system achieved a state of the art accuracy of 96%, outperforming existing feature extraction
methods.
e Clinical Utility:
The results support the adoption of Computer Aided Diagnosis (CAD) systems for lymphoma.
e Comparative Highlights:

Unfiltred  wFiltred = Optimized
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Fig.23. Comparative Performance Analysis

e Implications:
Our optimized LPQ framework sets a new benchmark for lymphoma subtyping accuracy.

The filtering optimization pipeline is generalizable to other histopathological classification tasks.

111.6. Conclusion
This study demonstrates that our lymphoma subtype diagnostic system achieves high accuracy and
reliability in classifying and discriminating between CLL, FL, and MCL subtypes. The system

delivered exceptional performance metrics, including peak Accuracy (96.97%) and
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robust AUC values (up to 97.54%), confirming its potential as a viable decision- support tool. By
integrating adaptive filtering (Optimized LPQ), color-channel optimization, and parameter tuning,
our approach provides reproducible and interpretable results, enabling pathologists to enhance
diagnostic precision and personalize treatment strategies.
Beyond immediate clinical applications, this work paves the way for future advancements in Al
driven medical image analysis, particularly in hematopathology. Potential directions include:

e Multi-modal fusion (combining histopathology with genomic data)

e Deep learning integration for end-to-end feature learning

e Real-time deployment in clinical workflows
These findings underscore the transformative potential of computational pathology in improving
lymphoma diagnosis and patient outcomes.



General Conclusion

General Conclusion

The growing demand for rapid and accurate lymphoma diagnosis, coupled with the limitations of
manual pathological analysis, underscores the need for intelligent diagnostic systems. This
dissertation presented an Al powered framework for classifying lymphoma subtypes (CLL, FL,
MCL) using advanced texture analysis and optimization techniques.

High Diagnostic Accuracy: Our system achieved 96.97% Accuracy for FL classification by
leveraging Red channel features and optimized LPQ descriptors, outperforming conventional
methods.

Adaptive Optimization: The Bat Algorithm dynamically tuned filter parameters (e.g., Logistic
map coefficients), improving Accuracy by 4-6% across subtypes compared to non-optimized
baselines.

Clinical Relevance: The framework’s robustness to staining variability and multicenter data
validates its potential for Real world deployment.

While the results are promising, the study has limitations, including dataset size and computational
constraints. Future directions include:

Multimodal Integration: Combining histopathology with genomic data for holistic diagnostics.
Deep Learning Synergy: Exploring hybrid models (e.g., CNNs with LPQ) for end-to-end
feature learning.

Real-Time Implementation: Embedding the system into clinical workflows for point-of-care

use.
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This research advances the field of computational oncology by providing an interpretable, high
performance tool for lymphoma subtyping. By harmonizing Al with clinical expertise, our

framework supports pathologists in delivering precise, personalized care, ultimately improving

patient outcomes.
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