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Abstract

In today’s digital world, the volume of data textual, visual, and audio has increased
exponentially, significantly transforming the way information is processed and analyzed across
domains. This massive growth has driven researchers to explore advanced methods for
extracting useful knowledge, giving rise to the field of Data Mining. Initially focused on
structured data from relational databases, data mining has evolved to handle complex data types
such as images, videos, and data from social networks, ushering in the Big Data era. Big Data
is characterized by five key properties: volume, variety, velocity, veracity, and value each

requiring tailored techniques for effective processing.

This thesis focuses on image classification, a core task within the specialized field of Image
Mining, which itself extends traditional data mining techniques to visual content. Image mining
involves extracting meaningful patterns from large image collections by analyzing their visual
characteristics and semantic content. These patterns can then be used for various tasks, such as

classification, similarity detection, and anomaly identification.
To address the image classification problem, this research explores two primary approaches:

e Machine learning, using classifiers such as K-Nearest Neighbors (KNN), Support

Vector Machines (SVM), Naive Bayes, Decision Trees, and Random Forests.

e Deep learning, particularly Convolutional Neural Networks (CNNs), which

automatically learn hierarchical representations from image data.
A comparative study was conducted using two datasets with distinct characteristics:

e Corel-1K, a general-purpose dataset of 1,000 images grouped into 10 semantic

categories,
o KimiaPath960, a medical dataset composed of digital pathology images.

The experiments tested the performance of the classifiers in terms of accuracy and execution
time using five feature extraction techniques: Local Binary Patterns (LBP), Haralick

descriptors, HSV histograms, Color Moments, and Fourier Descriptors.
The key findings are:

1. The choice of classifier, feature type, color space, and dataset structure all significantly

influence classification performance.



2. CNNs were more effective on semantically rich images (Corel-1K) than on semantically

poor ones (KimiaPath960).

3. Certain images are inherently easier to classify due to the richness or simplicity of their

visual and semantic content.

This research contributes to a deeper understanding of how intelligent systems can extract and

classify visual data effectively using both classical and deep learning-based techniques.
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Introduction and Literature

Overview

13



1.

Introduction

In exploring the fundamentals of our field of study, this first chapter offers a general
introduction to data mining, its origins and evolution. The paradigm of data mining initially
emerged from the need to extract useful patterns and knowledge from structured data stored
in databases. As databases evolved into data warehouses designed to organize and integrate
large volumes of data new opportunities for deeper data exploration emerged, paving the
way for data mining as a key process in data analysis.

Over time, data mining has extended beyond structured data to include unstructured data,
contributing significantly to the emergence of big data. In this context, data mining plays a
crucial role within the broader process of Knowledge Discovery in Databases (KDD),
serving as the central step that extracts actionable insights from vast and complex datasets.
Finally, this chapter emphasizes the two principal tasks of data mining: descriptive tasks
and predictive tasks, both are essential in supporting informed decision-making in various

domains.
Data Mining Period

Before the emergence of the data mining paradigm, data was managed using databases and

analyzed using data warehouses.

2.1 Data Bases
Since the 1960s, information processing technologies have evolved significantly,

transitioning from simple file management systems to sophisticated Database Management
Systems (DBMS). A database is an organized structure that stores information in tables
consisting of rows and columns. This tabular format enables efficient querying,
manipulation, and management of data using SQL (Structured Query Language). DBMSs
are responsible for storing, organizing data, easy access and management.

In this context, Online Transaction Processing (OLTP) systems play a crucial role by
allowing processing of large volumes of real-time transactions or online banking services.
However, as companies expanded and established branches across different regions, it
became increasingly difficult to make decisions by relying on scattered operational
databases, OLTP systems are not designed to handle complex queries. As data grows in

volume and originates from diverse sources, processing each source separately becomes
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costly. This challenge prompted researchers to develop centralized systems capable of

analyzing heterogeneous data, named data warehouses.

2.2 Data Warehouses
A Data Warehouse is a centralized database that integrates multiple operational databases.

[1] While daily operations use OLTP systems for managing transactions, data warehouses
are designed for analytical purposes and are typically updated at regular intervals rather
than in real time [2]. Data Warehousing technology is a set of operations specific to data
warehouses, used to analyze data stored within them. In this context, one of the first tools
is the data cube, a multidimensional structure that enables data exploration. It supports
powerful operations such as slicing (selecting a single dimension), dicing (selecting a
subcube), drill-down (viewing data at a more detailed level), and roll-up (aggregating data
to a higher level) [3]. In addition to data cubes, the technology includes key steps in the
Knowledge Discovery in Databases (KDD) process, such as data cleaning, data integration,
and data selection. Also using Online Analytical Processing (OLAP) techniques for

business intelligence.

3. Definition of Data Mining

Data Mining is an iterative and interactive process aimed at discovering new, useful,
understandable, and time-valid knowledge from large datasets [Fayyad et al., 1995]. It
involves applying scientific methods to explore, analyze, and extract patterns, recurring
behaviors, governing rules, unknown trends, and meaningful structures from complex and

heterogeneous data [TUFFERY, 2014]. This knowledge aids decision-making processes.

4. Objectives of data mining

e Understanding Current Data Behavior:
The first objective of Data Mining is to better understand the current state of data.
By discovering existing patterns.

e Predicting Future Data Behavior:
The second goal is to forecast future trends based on historical and current data.
By identifying trends and patterns, Data Mining helps predict future outcomes,

which may enable businesses to take proactive actions.
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5. Data Mining typology

The data mining paradigm emerged in structured and multimedia data.

5.1 Structured Data (in Data Bases)
Data Mining of structured data refers to the process of discovering patterns, relationships,

and trends in organized datasets, typically stored in relational databases. This form of Data
Mining was the first to emerge, making it the most widely used approach. It involves
working with data that is organized into tables, allowing for easier management.

The development of structured data mining was significantly motivated by practical cases,
notably the famous ""Market Basket Analysis" or "Cash Register Receipts'" case. This
particular case focused on extracting useful insights to optimize the management of
American supermarkets [4]. By mining transaction data, retailers were able to uncover
patterns in product purchases, which led to better inventory control, targeted promotions,
and improved customer service.

Thus, structured data mining focuses on extracting valuable knowledge from various data
sources such as transactional records, customer databases, and sales data. This knowledge
is then used to support business decision-making, helping organizations identify hidden

patterns and trends.

5.2 Unstructured Data (Multimedia-Complex Data)
Over the years, Data Mining has significantly evolved to address the growing challenges

posed by the diversity and complexity of available data. In its early stages, the field
primarily focused on data organized into tables in relational databases. However, with the
explosion of data volume and variety generated worldwide, researchers and data scientists
have expanded the scope of Data Mining to include unstructured data, these are text, images,
audio, video, time series, web pages. These data types, while rich in information, present
unique challenges due to their complex nature.

One of the main challenges associated with unstructured data lies in the process of
extracting relevant features. Unlike structured data, that use conventional techniques,
unstructured data requires specific approaches to extract meaningful features. In this
context, Content-Based Data Mining plays a central role, focusing on extracting attributes
directly from the content of the data rather than relying on metadata.

Thus, Data Mining, especially when applied to unstructured data, provides opportunities to
discover patterns, trends, and anomalies that would be difficult to perceive. The application

of these techniques may be used in various fields, such as image analysis for visual
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recognition, text mining for information retrieval, and the analysis of biological signals for

medical applications.

5.3 Big Data
Data mining initially focused on structured data. As technology advanced, the scope of

data mining expanded to include multimedia data such as images, audio, video, and
text, within social networks such as Facebook, Twitter, Instagram and LinkedIn. This
evolution contributed to the emergence of Big Data, which addresses the challenges of
managing and analyzing vast, diverse, and rapidly evolving datasets. (in V1, V2, V3,

V4, V5) that will be explained further below.

5.4 Characteristics of Big Data :( 5 V’s)
There are five fundamental characteristics of Big Data, commonly known as the 5 V's.

However, more may be added over time as the field continues to evolve.
V1: Volume: One of the primary features of Big Data is the sheer volume of data
being generated. Data is collected from a variety of sources, such as business
transactions, sensors, social media, and more, leading to massive datasets. As the
amount of data continues to increase, organizations must develop strategies for

storing, managing, and processing this vast quantity.

V2: Velocity: Velocity refers to the speed at which data is generated and the rate
at which it must be processed. With Big Data, data is often produced in real-time,
necessitating the use of advanced technologies capable of processing data quickly.
The faster the data is processed, the more value can be extracted in a timely
manner, that’s essential for making informed decisions for financial markets,

social media monitoring, or real-time analytics.

V3: Variety: Big Data encompasses a wide variety of data types, both structured
and unstructured. Structured data such as databases, while unstructured data can
include text, images, audio, video, and social media posts. The complexity of
managing and integrating these diverse data types adds to the challenge, requiring

tools and techniques that can handle different formats, structures, and sources.

V4: Veracity: Veracity refers to the quality, accuracy, and reliability of the data.
With such a massive volume and variety of data, ensuring that it is trustworthy

becomes critical. Data from different sources can vary in terms of completeness,
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consistency, and reliability, which can affect the overall quality of the insights
derived. Addressing issues like missing data, data noise, and inaccuracies is

essential for maintaining the integrity of the data and ensuring valid outcomes.

V5: Value: the purpose of Big Data is to extract meaningful, actionable insights
that provide value to organizations. The value lies not just in collecting large
amounts of data but in the ability to process and analyze it effectively to uncover

patterns, trends, and correlations that inform business decisions, drive innovation.

6. Knowledge Discovery in Data (KDD) Process

This section presents the KDD process step by step and highlights the central role of the data

mining phase within the overall knowledge discovery.

6.1 Definition of KDD
Knowledge Discovery in Databases (KDD) is the process of extracting valuable

insights from large datasets using techniques from computer science, mathematics,
statistics, and artificial intelligence. The goal is to transform raw data into actionable
knowledge that can support decision-making. The KDD process involves several
stages: data selection, cleaning, transformation, mining, and the interpretation of

discovered patterns. [5]
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Figurel Diagram of the steps of the KDD process [6]

6.2 The Steps of KDD Process
The steps of the KDD process include eight essential phases that guide the

transformation of raw data into useful knowledge.

6.2.1 Data selection
Data selection is a fundamental step in any analytical process, as it directly

influences the quality of the outcomes. It involves identifying and retaining
only the most relevant data based on the study’s objectives, while filtering
out unnecessary, incomplete, or irrelevant information. This approach not
only enhances processing efficiency but also ensures the reliability and

validity of subsequent analyses.

6.2.2 Data Cleaning
Data cleaning is a crucial preprocessing step that involves removing noise

and irrelevant data from a large dataset. The quality of the selected data
directly impacts the outcome of the analysis. This process includes
eliminating duplicate records, handling missing values by entering correct
data, discarding unnecessary data, standardizing data formats, and ensuring

timely updates. Proper data cleaning enhances the accuracy of the results.[7]
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6.2.3 Data Integration
Data integration involves merging data from multiple databases or text files

into a unified database. In data mining, relevant information often originates
from various sources rather than a single database. This process is carried
out using unique attributes such as names, product types, or customer
numbers to ensure accurate entity identification. However, data integration
must be handled carefully, as errors can lead to misleading results. For
instance, if products from different categories are mistakenly combined
based on product type, false correlations may arise, affecting the accuracy of

the result.[8]

6.2.4 Data Transformation
Data transformation involves applying various methods to convert selected

data into an appropriate format for analysis. This step may include
dimensionality reduction or transformation techniques to reduce the number

of variables while retaining only the most useful features.

6.2.5 Mining Process
The mining process is a crucial stage where selected data mining methods

are applied to extract valuable and hidden knowledge from data. This step
involves identifying meaningful patterns, relationships, and insights that can
support decision-making and predictions with enhancing the overall

understanding of the dataset.

6.2.6 Evaluate Patterns
Pattern evaluation is a crucial step in the data mining process, aimed at

analyzing the relevance, validity of the relationships discovered by the
model. It helps determine whether the extracted patterns align with the
initial. Various evaluation metrics such as accuracy, F-measure are used to
assess the model’s ability to classify or predict outcomes based on the
training data. This evaluation also verifies the statistical robustness of the
patterns, identifies possible redundancies or biases, and assesses their
practical value within the study's context. If the results are unsatisfactory,
adjustments can be made by refining parameters, exploring alternative

methods.
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6.2.7 Knowledge Presentation
Knowledge presentation is a crucial step in the data mining process, ensuring

that the extracted insights are easily interpretable and accessible to users.
Instead of treating the application as a "black box," the results should be
presented in a clear and understandable format, often using visualization
techniques to aid interpretation. Effective knowledge representation helps
users comprehend the discovered patterns and supports informed decision-
making. The overall data mining process, from data selection and
preprocessing to transformation, mining, evaluation, and interpretation,
ultimately leads to the extraction of valuable knowledge that can drive

meaningful actions.[8]

6.2.8 Interpretation and Deployment
Interpretation of results involves analyzing and refining the knowledge

extracted from models to translate it into actionable insights. This step
includes techniques such as identifying important variables, visualizing
results, and applying methods like SHAP (SHapley Additive exPlanations)
to explain the decisions made by complex models [9]. Once the results are
interpreted, they can be deployed into real-world applications or decision-
making processes, such as integration into automated systems or decision
support tools. Continuous monitoring of the model’s performance under
real-world conditions is essential to adapt solutions to new data or evolving

contexts.

6.3 The role of Data Mining in KDD
Data mining is a crucial phase within the Knowledge Discovery in Databases

(KDD) process, where various techniques are applied to extract valuable patterns
and insights from data. While stages like data selection, preprocessing, and
interpretation are important for preparing and refining data, it is during the
mining process that these stages come together to generate knowledge. Data
mining focuses on uncovering hidden, non-obvious patterns in structured, semi-
structured, or unstructured data, which can be used for predictions,
classifications, and discovering correlations. For example, in medical datasets,

data mining techniques can identify patterns of disease progression or predict
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patient outcomes, while in retail, mining customer transaction data can reveal
purchasing trends or product recommendations. Techniques such as
classification, clustering, association rule mining, and regression are applied
during the mining process to reveal deep insights. These techniques transform
raw data into meaningful insights, enabling more accurate predictions and

informed decision-making.

7. Data Mining Tasks [10]

Data mining tasks are divided into two primary categories: descriptive tasks and predictive

tasks.

7.1 Descriptive Tasks
Descriptive tasks are primarily focused on summarizing the key characteristics of a

dataset. These tasks allow users to identify patterns and relationships that are not
immediately obvious due to the vast amount of data. Descriptive tasks do not involve
prediction but instead focus on understanding and revealing the structure and
distribution of the data.

Key objectives of descriptive tasks include:

e Identifying patterns: This includes detecting trends, outliers, or associations between
variables within the dataset.

e Summarizing data: Through methods such as clustering, or dimensionality reduction

e Data visualization: Presenting the data through charts, graphs, and visual summaries.

Examples of descriptive tasks include:

e Data segmentation: Grouping data points into clusters based on similar attributes or
behaviors, such as customer segmentation in marketing.

e Association rule mining: Identifying frequent patterns or associations between different
data attributes, such as discovering that people who buy milk are likely to buy bread
(market basket analysis).

e Data summarization and reduction: Reducing the size of large datasets while retaining
important information, such as using Principal Component Analysis (PCA) or other

dimensionality reduction techniques to simplify high-dimensional data.

7.2 Predictive Tasks
Predictive tasks focus on using the data to predict future outcomes or classify data into

categories based on patterns observed in the past. These tasks go beyond just
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understanding the data and aim to provide actionable insights that can be used for
decision-making. Predictive tasks often rely on machine learning algorithms, statistical
models.

Key objectives of predictive tasks include:

1. Building models: Using historical data to create models that can predict future events
or behaviors. These models are then validated and tested for accuracy using evaluation
metrics.

2. Forecasting trends: Predicting future values or trends, such as sales forecasts, stock
market predictions, or weather forecasts.

Examples of predictive tasks include:

e C(lassification: This involves assigning data points to one of several predefined classes
or categories. For example, classifying emails as either "spam" or "not spam" or
categorizing customer behavior into "high risk" or "low risk."

e Regression: Predicting continuous values based on historical data. For instance,
predicting the future price of a stock, the temperature on a given day, or a person’s
income based on various factors.

e Anomaly detection: Detecting outliers or anomalies in the data that deviate significantly
from the normal patterns. This can be used for fraud detection, network security, and

quality control.

Conclusion

In summary, this chapter has led the groundwork for understanding data mining by tracing
its evolution from traditional databases to data warehouses, and ultimately to the era of big
data. We highlighted how the growing complexity and volume of data have necessitated
more advanced methods for uncovering patterns and extracting knowledge. Data mining
has emerged as a pivotal step in transforming raw data into valuable insights.

Furthermore, the chapter clarified the distinction between the two core tasks of data mining
descriptive and predictive analysis both of which play a fundamental role in enhancing
decision-making processes across a wide range of application domains. This general
overview sets the stage for a deeper exploration of data mining techniques, algorithms, and

their applications, which will be discussed in the following chapters.
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Chapter 2: Image Mining as a
subfield of Multimedia Mining and
Data Mining
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1.Introduction

In the ever-expanding field of multimedia mining and data mining, image mining has gained
significant importance due to the vast amounts of image data generated daily across various
industries. As a subfield, image mining specifically focuses on extracting valuable
information and patterns from images, which can be considered unstructured data. This
chapter provides an exploration of the fundamental concepts of image mining, outlining the
critical steps required to transform raw image data into useful insights.

The chapter begins by addressing the basic concepts of an image, offering a detailed
understanding of what an image is, how it is represented (including binary, grayscale, and
color formats), and how these representations influence image analysis techniques. This
foundational knowledge is crucial for understanding the underlying principles of image
mining.

Next, we explore the essential image features, such as texture, color, shape, and patterns,
which are key to identifying and analyzing the content of images. These features serve as

the building blocks for various image mining tasks.

Basic Concepts of Images

Images are essential data structures in various fields. Understanding the fundamental
concepts of images is crucial for effectively working with them in these domains. This
section explores the basic concepts involved in defining, representing, and extracting

features from images.

2.1 Definition of an Image
An image is a set of visual data organized to represent either a reality or an abstraction.

It can be produced through various technical or creative processes and can take
different forms, ranging from simple graphics to more complex representations. An
image can be static showing a single, or animated consisting of a sequence of images
shown over time to convey motion or change such as in video frames or time-lapse
medical scans and its function varies depending on its context, creation, and use. It

allows for the transmission of visual information. [11]
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2.2 Image Representation
Image representation refers to the method in which visual data is stored, organized, and

processed in digital form. In digital image processing, images are typically represented
as matrices of pixel values. Each pixel, which is the smallest unit of an image, contains
information such as color, brightness, and sometimes transparency.

Transparency is managed through an additional component called the alpha channel,
which complements the standard red, green, and blue (RGB) channels to form the
RGBA model. The alpha channel defines the level of opacity for each pixel: a value of
0 indicates full transparency, while a maximum value (e.g., 255 in 8-bit representation)
indicates full opacity. This feature allows for the blending of images and is widely used
in digital image compositing, graphic design, and visual effects. [12] For example, in
medical imaging, the alpha channel can be used to overlay diagnostic information (such
as tumor contours or segmented organs) on top of original scans, enabling radiologists
and clinicians to visualize both raw and processed data without losing context. The
organization of these pixels in rows and columns allows for the creation of a digital

image.

2.2.1. Binary Representation:
In a binary image, each pixel has only two possible values: 0 (black) or 1 (white). This

type of representation is often used in simple images, such as document images or text

images, where only two colors are needed to distinguish objects from the background.
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Figure2 Original [13] vs Binary Image
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2.2.2. Grayscale Representation:
A grayscale image represents colors as various shades of gray, typically ranging from

black to white, with intermediate levels of brightness. Each pixel may have a value
representing the intensity of light, typically coded in 8 bits (byte) (256 levels of gray).
Grayscale images have served as the foundation for many image processing and

computer vision techniques.

Figure3 Original (left) vs grayscale (right) image [14]

2.2.3. Color Representation:
A color image is represented by multiple color channels. The most common color

models include RGB (Red, Green, Blue) and CMYK (Cyan, Magenta, Yellow, Black).
In the RGB model, each pixel is represented by three components (Red, Green, and
Blue), each having a certain intensity, typically 8 bits (byte) per component, which
allows for a wide range of colors. Color images are widely used in photographs, videos,

and graphics.

Figure4 Original RGB image [15]
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Figure5 Extracted Red Layer from Original RGB Image [15]

Figure6 Extracted Green Layer from Original RGB Image [15]

Figure7 Extracted Blue Layer from Original RGB Image [15]
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2.3 Image Features
Image features are essential attributes extracted from images to characterize it for

discrimination purposes. The following are detailed explanations of common types of

image features.

2.3.1 Texture
Texture refers to the spatial arrangement of intensity variations in an image. It reflects

visual properties such as variability, roughness, and frequency. [16]

Variability: measures the differences between pixel values. High variability indicates
a rich texture (e.g., tree bark), while low variability suggests a uniform texture (e.g.,
clear sky). [16]

Roughness: describes the irregularity of pixel intensity variations. A rough texture is
irregular, whereas a smooth texture is regular. [16]

Frequency: Indicates the density of intensity changes. A fine texture has a high

frequency, while a coarse texture has a low frequency. .[16]

Figure8 Example of Wood Texture [17]

Figure9 Example of Sand Texture [18]
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2.3.1.1 texture techniques
To extract texture features from images, different methods can be applied, including:

a. Local Binary Pattern (LBP)

LBP is a method for describing textures by comparing each pixel with its immediate
neighbors in a grayscale image to generate a local binary pattern. These patterns are
then represented as a histogram of image matrix, which serves to characterize textured
regions.[19]

Basic formula of LBP:
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- Lifx =
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IJ:

2.1)

where gc is the intensity of the central pixel, and gp are the intensities of its P

neighboring pixels.
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Figurel0 Illustration of the LBP matrix and the corresponding histogram [20]
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b. Co-occurrence Matrix of Haralick:[21]
The Haralick matrix, based on the Gray-Level Co-occurrence Matrix (GLCM), is a
statistical representation used to characterize the texture of an image. It extracts various
texture features such as energy, entropy, contrast, and correlation from the GLCM.
These Haralick features are often used as input attributes for image classification tasks.
A classifier can then be trained on these features to predict the class of an unknown
image.
It enables the extraction of several texture features such as:
e Energy:
Energy = measures  the  uniformity of the image  texture.
The energy of the Haralick co-occurrence matrix is defined as the sum of the

squares of the normalized elements of the matrix M.

2.2)
E: is the energy.

Mijj: is the value of the element (i, j) of the co-occurrence matrix M.
Ng: is the number of gray levels in the image.
e Entropy:
Entropy measures the complexity of the image texture.
The entropy of the Haralick co-occurrence matrix is defined as the sum of the

products of the matrix elements and their base-2 logarithms.

2.3)

H: is the entropy.
Mij: is the value of the element (i, j) of the co-occurrence matrix M.
Ng: is the number of gray levels in the image.

N: is the total number of pixels in the image.
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e Contrast:
Contrast measures the difference between neighboring gray levels in the image.
The contrast of the Haralick co-occurrence matrix is defined as the sum of the

products of the matrix elements and the squared differences of their gray levels.

J ' ‘ 2.4)
C: is the contrast:
Mij: is the value of the element (i, j) of the co-occurrence matrix M.
Ng: is the number of gray levels in the image.
N: is the total number of pixels in the image.
e Correlation:
Correlation measures the dependency between neighboring gray levels in the image.
The correlation of the Haralick co-occurrence matrix is defined as the sum of the

products of the matrix elements and their normalized mean deviations.
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2.5)

C: 1s the correlation.

Mij;: is the value of the element (i, j) of the co-occurrence matrix M.

Ng: is the number of gray levels in the image.

N: is the total number of pixels in the image.

ui: is the mean of the gray levels in row i of the image.

uj: is the mean of the gray levels in column j of the image.

oi: is the standard deviation of the gray levels in row i of the image.

oj: is the standard deviation of the gray levels in column j of the image.

2.3.2 Color

Color is one of the most important visual features used to characterize an image. It helps
in identifying objects and regions within an image. Color can be represented

numerically in various color spaces, such as RGB, HSV, and CIE XYZ, each of which
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provides a different way of representing the color information based on the needs of the

specific image processing application. [12]

2.3.2.1 Color Spaces
A color space is a mathematical model used to represent colors. The most commonly

used space is RGB (Red, Green, Blue), which is based on the additive combination of

the three primary colors.

G

Figurell RGB model representation [23]

Other color spaces are often preferred for specific tasks:
e HSV (Hue, Saturation, Value) separates chromatic content from intensity and
is commonly used in object recognition due to its alignment with human visual

perception.[22]

Figure12 HSV model representation [24]
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e LAB (or CIELAB), defined by the International Commission on Illumination

(CIE), is perceptually uniform, meaning color differences correspond to

human-perceived differences.[22]

+L*White

-a*Green o

-L*Black
Figurel13 LAB model representation [25]

YCbCr is widely used in video compression applications, as it separates

luminance (Y) from chrominance components (Cb and Cr), which is useful for

reducing redundancy in color data. .[22]

VALUE

Black SATURATION

Figure14 YCbCr model representation [26]
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Selecting an appropriate color space can enhance the robustness of feature extraction,

especially in the presence of illumination changes or geometric transformations.

2.3.2.2 Color Histogram
The color histogram is a statistical representation that describes the distribution of

colors within an image. It counts the number of pixels corresponding to each color level

within a specific channel (e.g., R, G, and B in RGB space).[27]

Here is the equation of the color histogram for a given color channel ccc of an image I:
h(k) =N (I,c=k) (2.6)

h(k): is the number of pixels in image I that have a color value k for the channel c.

N (I, ¢ = k): is the number of pixels in image I for which the value of channel c is

equal to k.

For instance, two images containing similar objects but with different dominant colors

can be effectively distinguished using their respective color histograms.

a
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—a— Blen

1 16 31 46 61 76 91 106121136 151 166 181 196 211 226 241 256

Figurel5 Image and corresponding histograms for red, green, and blue channels [28]

2.3.2.3 Color Moments
Color moments are statistical measures used to capture the distribution of color in an

image. They are based on the assumption that the distribution of color values in an image
can be interpreted as a probability distribution. [29] The most commonly used moments

are: [30]

Mean: Mean can be understood as the average color value in the image.

N1
E; =37 +Pij o)
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- where N is the number of pixels in the image and P1ij is the value of the j-th

pixel of the image at the i-th color channel.

Standard Deviation:

The standard deviation is the square root of the variance of the distribution.

o; = /(i SV (i — E)?)
VN = 2.8)

where Ei is the mean value, or first color moment, for the i-th color channel of the

image.

Skewness:
Skewness can be understood as a measure of the degree of asymmetry in the distributi

on.

[P -
§i = \?(F S¥ (i — E)?)
2.9)

2.3.3 Shape

Shape descriptors provide valuable information about the geometry and structural
patterns of objects within an image.[31] Among the most powerful tools for representing

shape are Hu’s moments, Legendre polynomials, and Fourier descriptors.

2.3.3.1 Hu’s Invariant Moments
Hu moments are a group of seven descriptors derived from image moments that

are invariant to translation, rotation, and scale. These properties make them highly
suitable for recognizing shapes in varying conditions.[31]
Key advantages include:

Low-dimensional representation: With only seven values, they significantly reduce

the data size while preserving essential shape characteristics. .[31]
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¢ Robustness to transformations: They enable consistent shape comparison even when
images are rotated or resized.[31]
e Efficiency in classification: Hu moments have proven effective in improving

classification performance by encoding geometrical information compactly.[31]

2.3.3.2 Legendre Moments
Legendre moments are derived from orthogonal Legendre polynomials and are

used to represent the global shape of an object. They offer mathematical

compactness and are often used for capturing smooth variations in object contours.

[31]

2p + 1)(2 Lo
Ly = EDRIED [ [ )Py @) d dy

(2.10)
where Pp(x) and Pq(y) are the Legendre polynomials of degree p and q,
respectively. These moments provide a compact representation of image features.
Benefits of using Legendre moments include:
e Compact global shape encoding: Useful for differentiating objects based on overall
form.[31]

e Scale and rotation invariance: Facilitates comparison across transformed images.[32]

2.3.3.3 Fourier Descriptors
Fourier descriptors analyze the frequency content of object contours by

transforming them into the frequency domain. They are especially useful for

capturing detailed structural features.[33]

N-1N-1
Flky ko) = ) ) fli, ez heirtd)

(2.11)
Where:

e F (kl, k2) are the Fourier coefficients at frequencies (k1, k2),

e f(i,]) is the image function at pixel coordinates (i, j),
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e kIl and k2 are the frequency indices

e N is the size of the image

Advantages:
e Analysis of boundary complexity: High-frequency components correspond to intricate
edges.[33]
e Invariance to translation and rotation: Ensures consistent shape representation.[33]
e Complementarity: When combined with global descriptors (like Legendre moments),
they provide a richer shape representation.[33]
D. Applications and Strengths
These descriptors are employed in various domains:
e Biometric identification: Facial and iris recognition systems.
e Defect detection: In industrial inspection and quality control.

e General object recognition: In logos, handwritten digits, and medical shapes.

2.4 Distance and Similarity Measures
Distance measures and similarity metrics are crucial for quantifying the relationship

between data points or image features. The following sections provide detailed

explanations of common distance and similarity measures.

2.4.1 Distance Measures
Distance measures are functions that quantify the dissimilarity between two

objects, often represented as vectors in a multidimensional space. They are
fundamental for evaluating how much two objects differ, taking into account their
respective features.[34]

In the context of image processing, consider two images represented by their
corresponding feature vectors X= (x1, x2,.., xn) and Y= (yl1, y2,...,yn).

Among the most commonly used measures are:

2.4.1.1 Euclidean distance:
Euclidean distance is the length of the straight-line segment connecting two points in

Euclidean space. In such a space, the distance formulas for points in rectangular
coordinates are based on the Pythagorean theorem.

The Euclidean distance between two images X and Y is given by:

38



d(X,Y) — Z(zg — 3:)?

2.12)

2.4.1.2 Manhattan distance: Manhattan distance, also known as taxicab distance or
city block distance, is the sum of the absolute differences of their coordinates. [35] the

Manhattan distance is given by:

T

d(X,Y)=> |z — vl
i=1

(2.13)

2.4.1.3 Canberra distance: The Canberra distance is a numerical measure of the
distance between pairs of points in a vector space, introduced in 1966 and refined in
1967 by G. N. Lance and W. T. Williams. It is a weighted version of Li (Manhattan)
distance.|[36]

Canberra distance d (x,r)=> "=

(2.14)

2.4.2 Similarity measures
In statistics and related fields, a similarity measure is a real-valued function that

quantifies the similarity between two objects in the N-dimensional features space.|[37]

2.4.2.1 correlation factor
A correlation coefficient is a numerical measure of some type of linear correlation,

meaning a statistical relationship between two variables.[37]

221:1 (zi — Z)(yi — ¥)
V(@i —2)? Y (v — )

corr(X,Y) =

(2.15)
The correlation coefficient is represented as follows:

x1 and yi are the individual values of the two variables,
e .x and y are the means of the values of x and y, respectively.
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2.4.2.2 Cosine similarity
Cosine similarity is a measure of similarity defined as the cosine of the angle between two

vectors. It is often used to compare images that have been represented as feature
vectors.[38] it is widely applied in Information Retrieval to compare documents. The

formula is as follows:

XY
0s(X,Y) = = cos(f
cos(X.X) = x ey = )
(2.16)
More explicitly, this becomes:
T
GDS(Xﬁ Y) - T Zz’:l — TI 3
Vi1 ‘\/Z;‘:l Yi
2.17)

where 0 is the angle between the two vectors.

e When cos(0)=1, the angle 8=00: the vectors are very similar.
e  When cos(0)=0, the angle 8=900: the vectors are orthogonal (no similarity).

e When cos(0)=-1, the angle 6=1800: the vectors are opposite (completely dissimilar).

3. Main Image Mining Tasks

This section includes some of the main tasks involved in image mining.

3.1 Image Classification
Image classification is a core task in image mining that involves assigning a semantic label

to an image based on its visual content. It plays a critical role in understanding, organizing,
and retrieving information from large image datasets.

In this context, a set of labeled images is used to train a machine learning model to recognize
patterns and assign class labels to new, unseen images. This approach relies on predefined
categories and leverages learning algorithms to infer the decision boundaries between

them.[39]

3.2 Image Clustering
Image clustering is an unsupervised image mining task that aims to group unlabeled images

into meaningful clusters based on visual similarity without relying on predefined class

labels. It operates by analyzing low-level features such as color, texture, and shape to
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discover inherent patterns in image datasets. Various techniques such as k-means,
hierarchical clustering are used to detect groups of visually similar images. For example, in
2000, the ACQ (Automatic Clustering and Query) method was proposed, applying wavelet
transforms to efficiently detect clusters of arbitrary shapes in high-dimensional feature
spaces. In 2001, clustering methods were used to visualize typhoon cloud patterns, while in
1999, clustering was employed to identify unauthorized image copying online. Overall,
image clustering enhances image storage, indexing, and retrieval, making it an essential

component of intelligent image mining systems. [40]

3.3 Anomaly Detection
Anomaly detection is a key data analysis task that aims to identify outliers that deviate

significantly from what is considered normal. These anomalies may reflect critical issues
such as system errors, security breaches, medical conditions, or abnormal behaviors.

The effectiveness of an anomaly detection system depends on the quality of the data, the
nature of the anomalies, and the context in which it is applied. In practical applications,
such as in medical imaging, anomaly detection plays a supporting role in highlighting
irregularities. For instance, in magnetic resonance imaging (MRI), unsupervised learning
methods can be used to detect unexpected tissue patterns without needing pre-labeled data,
aiding in the identification of potential pathologies.

While anomaly detection techniques offer promising results, challenges persist such as
algorithmic limitations, interpretability issues, and implementation costs. To address these
concerns, modern research explores lightweight, accessible, and interpretable solutions that
align with goals such as early detection, cost-effectiveness, and scalability particularly in

sensitive fields like healthcare and cybersecurity.[41]

3.4 Content Based Image Retrieval (CBIR)
Content-Based Image Retrieval (CBIR) is an image mining technique used to automatically

search and retrieve images from large databases based on their visual content, such as color,
texture, shape, or other features, without relying on manual annotations. CBIR has wide
applications across various fields including medicine, security, design, geography,
archiving, and retail.

The CBIR process mainly involves two key steps: feature extraction from images, and
similarity-based retrieval using suitable distance or similarity measures. Due to the rapid

growth in the size of image datasets, developing efficient methods to speed up the retrieval
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phase has become a critical research focus. Recent advancements incorporate machine
learning, distributed processing (e.g., GPU acceleration), and intelligent indexing structures
to improve both the performance and efficiency of CBIR systems.

Modern CBIR systems often combine multiple visual descriptors, such as color moments,
local binary patterns (LBP), and may utilize supervised or unsupervised learning
approaches to enhance retrieval accuracy. The ultimate goal is to deliver relevant search

results quickly and accurately, especially in large-scale image repositories. [42]

3.5 Motifs and association rules discovery
Motifs and association rules discovery mining are fundamental tasks in data mining, aimed

at extracting significant and recurrent patterns from large datasets. A motif refers to a
combination of elements (also called items) that appears frequently, while an association

rule is an implication of the form A — B, indicating that the presence of item A in a

transaction often implies the presence of item B.
These techniques are widely applied in various domains such as market basket analysis,
bioinformatics, recommendation systems, and fraud detection. Association rules are
typically evaluated using statistical measures such as support, confidence which help
determine their frequency within the data.
Application in Image Mining
The goal is to discover hidden relationships among visual features extracted from
images. Each image can be transformed into a symbolic transaction by encoding its

features (such as color, texture, or shape) into discrete visual items.[42]

Benefits and Limitations
The use of motif discovery and association rules in image mining offers several
advantages:
e Interpretability: The extracted rules are human-readable and explainable.
e Unsupervised Learning: No prior labeling of images is required.
However, some limitations exist:
e Loss of spatial information during feature quantization.
e High rule redundancy, which can make interpretation difficult.

e Computational complexity, especially with large-scale image datasets.
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4. Conclusion

In summary, this chapter has provided a comprehensive introduction to image mining,
focusing on the fundamental concepts and techniques. We began by exploring the basic
principles of images and the extraction of important image features. These elements are
essential for understanding how images are processed and analyzed within the context of
image mining. Furthermore, we examined the main tasks of image mining. By highlighting
these core concepts and tasks, this chapter has led the groundwork for a deeper

understanding of image mining techniques and their applications.
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Chapter 3: Image Classification
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1. Introduction

In this chapter, we delve into the concept of Image Classification, an essential task in the
realm of image mining. Image classification refers to the process of categorizing images
into predefined classes, based on their visual content. This task has gained tremendous
importance in various fields, due to its ability to automate the interpretation of visual
data.[43]

We begin by outlining the process of image classification, which involves several crucial
steps to transform raw image data into meaningful classifications. These steps include data
preprocessing, image characterization, selection of classifiers, model training, model
testing, and evaluating its performance using various metrics.

The chapter further explores a range of machine learning techniques commonly applied to
image classification. These techniques include Support Vector Machines (SVMs), Naive
Bayes Classifier, K-Nearest Neighbors (K-NN), Decision Trees, and Random Forests. Each
of these algorithms has its strengths and limitations, which are examined in the context of
image classification tasks.[44]

While machine learning techniques have proven successful, they also face challenges, such
as overfitting, scalability issues, and the need for handcrafted features.[45]

These limitations are addressed in the chapter, and we also introduce deep learning
techniques, such as Convolutional Neural Networks (CNNs), which have revolutionized

image classification by automatically learning complex features from raw data.[43]

2.Definition of Image Classification

Image classification is the process of assigning one or more labels to a digital image based
on its visual content. This process is part of the field of image data mining and allows images
to be categorized according to the information they contain. It can be performed in a
supervised manner, where a model is trained with labeled image examples, or in an
unsupervised manner, where the algorithm identifies structures or patterns in the data

without prior human intervention.

3.Process of Image Classification

Image classification is a critical task in the field of image mining, involving the

categorization of an image into predefined classes or categories. The process typically
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involves several key steps, each contributing to the extraction of meaningful information

from the raw image data.

3.1 Data Preprocessing
Data preprocessing is a crucial step in the image classification pipeline, as it prepares

raw image data for more effective analysis by machine learning models. The goal is to
enhance image quality and ensure consistency across the dataset, which can
significantly improve classification accuracy. Common preprocessing techniques
include resizing images to a uniform dimension, cropping to focus on regions of
interest, normalizing pixel values to standardize input ranges, and adjusting lighting or
contrast to reduce the effects of poor illumination. These operations help reduce noise

and variability, allowing the classifier to learn more robustly. [46]

3.2 Image characterization (Feature Extraction)
Image characterization involves the extraction of relevant visual features from

preprocessed images to represent their key information for classification tasks. These
features capture essential aspects of an image, such as color, texture, shape, and edges,
which are vital for distinguishing between different classes. Color features may include
color histograms or color moments, while texture features could be derived from
statistical measures or filters like Gabor or wavelet transforms. Shape features typically
represent the structural patterns of objects within the image, and edge features focus on
the boundaries and contours of objects. By extracting and quantifying these

characteristics, we can create a compact, informative representation of each image. [47]

3.3 Selection of Classifier
The selection of an appropriate classifier is a crucial step in the image classification

process, as it determines the model that will be used to categorize images into
predefined classes. Various classifiers are available, each with its own strengths and
weaknesses depending on the nature of the data and the task at hand. Commonly used
classifiers include support vector machines (SVM), k-nearest neighbors (k-NN),
decision trees, random forests, and neural networks. The choice of classifier is
influenced by several factors, such as the complexity of the feature space, the size of
the dataset, and the computational resources available. For example, SVM is often

preferred for its ability to perform well in high-dimensional spaces, while decision trees
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are useful for interpretability. Neural networks, particularly deep learning models, are
increasingly used for large-scale image classification tasks due to their ability to
automatically learn hierarchical features from raw data. The effectiveness of the
classifier can be further enhanced by tuning its hyperparameters and using ensemble

methods to combine multiple models for improved performance.

3.4 Model Training
Model training is a fundamental step in the image classification process, where the

classifier learns to associate extracted image features with their corresponding labels,
using a labeled dataset where each image is paired with a known class or category.
During the training phase, the model adjusts its internal parameters to minimize the error
between its predictions and the actual labels. This process often involves the use of
optimization algorithms such as gradient descent to fine-tune the model's weights. The
size and quality of the training dataset are crucial, as the model needs a diverse and
representative set of images to generalize well to unseen data. Overfitting and
underfitting are common challenges during training, and techniques such as cross-
validation, regularization, and data augmentation are often employed to address these

issues and ensure the model’s robustness.

3.5 Model Testing
Model testing is the phase where the trained classifier is evaluated on new, unseen

images to assess its generalization ability. During this stage, the visual features of the
new images are extracted and compared to the features learned from the training
dataset. The model then assigns the most probable labels to the new images based on
these comparisons. It is important to test the model on a diverse set of images. This
helps to ensure that the model is not overfitting to the training data and can generalize
well to new examples. If the results are not satisfactory, further improvements can be
made through techniques like hyperparameter tuning, adding more training data, or

using more advanced models.

3.6 Performance Evaluation
Performance evaluation is a critical step in assessing the effectiveness of a classification

model. After testing the model on new, unseen images, various metrics are used to
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measure its accuracy. Common evaluation metrics for image classification include
accuracy, precision, and Fl-score, each providing a different perspective on model
performance. [48]

Accuracy measures the overall proportion of correct predictions and is defined as:

TP + I
TIyrP + IwW + FFP + FIV

A ccuracy —

3.1
Precision assesses the proportion of true positive predictions out of all predicted

positive instances:

Precision = ——
P + FP (.2)
Recall measures the proportion of actual positive instances that are correctly
identified:
Recall — ———1+

F1-score is the harmonic mean of precision and recall, providing a balanced measure
between them:

Fl-score — 2 x Precision x Recall

Precision + Recall

(34
Where:
TP is the number of true positives,
TN is the number of true negatives,
FP is the number of false positives,

FN is the number of false negatives.

In addition, confusion matrices are often used to visualize the performance of a
classifier, showing the counts of true positives, true negatives, false positives, and false
negatives. Cross-validation techniques, such as k-fold cross-validation, are also
employed to ensure that the model's performance is consistent across different subsets
of the data and to mitigate the risk of overfitting. A model with high performance is one

that generalizes well to new data while maintaining a low error rate.
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4. Machine Learning Techniques

This section presents some of the machine learning techniques used in image classification.

4.1 Support Vector Machine
Support Vector Machines (SVMs) are supervised learning models widely used for

image classification. The core principle behind SVMs is to find a hyperplane that best
separates data points from different classes in a feature space. The goal is to maximize
the margin between classes, which ensures robust classification.[49]
Use of Kernels in SVM
SVMs are particularly effective for handling non-linear data through the use of kernels.
A kernel is a mathematical function that allows data to be projected into a higher-
dimensional space. This projection makes it possible to find linear separations in an
otherwise non-linearly separable data space. The kernel facilitates classification by
making the decision boundaries between classes more distinguishable. The kernel
facilitates classification by making the decision boundaries between classes more
distinguishable.
There are several types of kernels, each having specific advantages depending on the
nature of the data. Some commonly used kernels include:

o Linear Kernel: Used when the data is already linearly separable in the original space.

e Polynomial Kernel: Applied for more complex relationships between data points.

e Radial Basis Function (RBF) Kernel: Particularly popular, it is used when data is non-
linear and allows for a flexible transformation of data into a higher-dimensional space.
Support Vector Machines (SVMs) are widely used in various image classification
tasks, including:

e Face Recognition: Identifying individuals based on facial features.

e Medical Image Analysis: Detecting diseases or abnormalities in medical scans like
MRIs and X-rays.

e Image Retrieval: Matching query images to a database of labeled images in content-

based retrieval systems.
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Figurel6 Support Vector Machine (SVM) illustration [50]

4.2 Naive Bayes Classifier
Naive Bayes is a type of probabilistic classifier based on the famous Bayes theorem

[51], which applies the principle of conditional probability. It is widely used for
classification tasks, especially when the input features are independent (which is why
it is called naive [52]. Despite this assumption of feature independence, Naive Bayes
can perform surprisingly well even in real-world scenarios where features are not fully
independent. [53]
Core Concept
Naive Bayes works by calculating the probability of each class given the features of
the data. The algorithm makes an assumption that the features are conditionally
independent given the class label. Using Bayes' Theorem, it computes the posterior
probability of a class, which is given by:
P(AIB) =P(BIA). P(A)/P(B) (3.5)
Where:

e P(A|B) is the probability of class A given the features B.

e P(BJA) is the likelihood of the features B given the class A.

e P(A) is the prior probability of class A.

e P(B) is the total probability of the features B.

Steps in Naive Bayes Classification

1. Training Phase:

o Calculate the prior probability P(A) for each class in the dataset.
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o Calculate the likelihood P(B|A) for each feature given the class
(typically using statistical measures such as mean and variance for
continuous data, or frequency for categorical data).

2.  Classification Phase:

o For a new instance, calculate the posterior probability for each class
using the learned parameters.

o Assign the class label with the highest posterior probability.

Advantages

e Simple and fast: Naive Bayes is easy to implement and computationally efficient.
[54]

o Effective with categorical features: Particularly good for text classification and
spam detection. [54]

e Performs well with independent features.[55]
Disadvantages

e Independence assumption: The assumption that features are independent is often

unrealistic in real-world problems, leading to suboptimal performance.

4.3 K-Nearest Neighbor
The k-Nearest Neighbors (KNN) algorithm is one of the simplest and most widely used

techniques in data mining, based on the principle of learning by similarity. It is a
supervised learning method. The core idea of KNN is to classify a new instance by
considering the k closest training examples in an n-dimensional feature space, using a
similarity measure such as Euclidean distance. Unlike other machine learning models,
KNN does not construct an explicit classification model during training; instead, it
stores the entire dataset and makes predictions based on the majority class of the nearest
neighbors. This non-parametric and instance-based learning approach makes KNN
highly flexible. [S6] However, it can be computationally expensive for large datasets
due to the need to compute distances for every new instance. KNN is widely used in
various domains including pattern recognition, recommendation systems and medical
diagnosis.

The foundational steps involved in k-NN algorithm are as follows: [57]

1. Distance calculation

2. Sorting dictionary
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3. Voting with lowest k distances

Pseudocode is given as:

For every point in our dataset:

— calculate the distance between inX and the current point.

— sort the distances in increasing order.

— take k items with lowest distances to inX.

— find the majority class among these items.

— return the majority class as our prediction for the class of inX.

inX: the input point to classify.
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Figurel7 K-Nearest Neighbors (KNN) algorithm [58]

4.4 Decision Trees

Decision trees are widely used in data mining for classification and regression
due to their simplicity, speed and interpretability [S9]. A decision tree follows
a hierarchical structure of logical rules, dividing a dataset into subsets based on
the most discriminative attributes at each level. Several algorithms exist, such
as ID3, which uses entropy and information gain, C4.5, which improves ID3 by
handling continuous and missing data, CART, which generates binary trees
based on the Gini index for classification and mean squared error for regression,
and CHAID, which applies the Chi-square test and allows multiway splits.
However, they can be sensitive to noise, prone to overfitting if too complex, and
less efficient on large datasets [60]. Despite these challenges, they are widely

applied in fields such as finance (credit risk assessment), healthcare (medical
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diagnosis), marketing (customer segmentation), and computer vision (image
recognition).

The ID3 algorithm

Pseudocode: [61]
This pseudocode assumes that the attributes are discrete and that the classifications are

either yes or no. It deals with inconsistent training data by choosing the most popular

classification label whenever a possible conflict arises.

defid3(examples, classification_attribute, attributes):
create a root node for the tree
if all examples are positive/yes:
return root node with positive/yes label
else if all examples are negative/no:
return root node with negative/no label
else if there are no attributes left:
return root node with most popular classification_attribute label
else:
best_attribute = attribute from attributes that best classifies
examples
assignbest_attribute to root node
for each value in best_attribute:
add branch below root node for the value
branch_examples = [examples that have that value for
best_attribute]
if branch_examples is empty:
add leaf node with most popular classification_attribute label

else:
add subtree id3(branch_examples, classification_attribute,
attributes -
best_attribute)
calculate it using the formula for entropy, which is:
E(S)=> —plog, p,
=l (3.6)

In this formula, ¢ corresponds to the number of different classifications and pi

corresponds to the proportion of the data with the classification i. Because our example
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Information gain measures the duction in entropy that results from partitioning the data
on an attribute A, which is another way of saying that it represents how effective an
attribute is at classifying the data. Given a set of training data S and an attribute A, the

formula for information gain is:

Gain(S, A) = Entropy(S) — Z 15| - Entropy(S,)

veValues(A) |S|
3.7
Where:
S: the total set of examples (the dataset);
A: the attribute for which the gain is being calculated,
Values(A): the set of all possible values that attribute A can take;
Sv: the subset of S where attribute A has the value v;

[SvI/IS|: the proportion of examples in S for which A=v;
Entropy (Sv): the entropy of the subset Sv.

The entropies of the partitions, when summed and weighted, can be compared to the
entropy of the entire data set. The first term corresponds to the entropy of the data
before the partitioning, where as the second term corresponds to the entropy after
wards. We want to maximize information gain, so we want the entropies of
the partitioned data to be as low as possible, which explains why attributes that exhibit

high information gain split training data into relatively heterogeneous groups.[60]
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Figurel8 An illustrative example of a decision tree [61]
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4.5 Random Forests
Random Forests are a supervised learning algorithm that belongs to the family of

ensemble methods. It operates by constructing and aggregating a large number of
decision trees, each trained independently on a randomly sampled subset of the original
dataset using bootstrap sampling. This process introduces diversity among the
individual trees, which helps reduce overfitting and increases prediction robustness.
The final prediction is obtained by combining the outputs of all trees, resulting in a
model that is generally more stable and accurate than a single decision tree. [62]

Two fundamental mechanisms ensure the independence of the trees in a Random
Forest:
Bootstrapping (bootstrap aggregating or bagging): From a training set containing n
instances, a new sample of size n is generated for each tree through random sampling
with replacement. As a result, some examples appear multiple times in the sample, while
approximately one-third of the data are not selected at all. This process creates training
sets that are similar yet distinct, which introduces variability among the trees. [63]
Random selection of predictors at each split: Unlike a traditional decision tree that
considers all available variables to determine the best split at each node, Random Forest
randomly restricts this choice to a subset of variables. This constraint promotes diversity
among the trees in the forest.[64]

During the prediction phase, each tree votes for a target class. The model’s final
prediction is determined through majority voting: the class receiving the most votes
among all the trees is chosen as the model’s output. [65] For example, if 800 out of
1000 trees predict that a patient belongs to tumor subtype A, then the final prediction
will correspond to that subtype.

The main advantage of Random Forest lies in its ability to reduce the variance
characteristic of decision trees. Although decision trees are capable of capturing
complex data structures, their flexibility makes them sensitive to variations in the
training set, resulting in high variance. Random Forest mitigates this instability by
averaging the predictions of multiple independent trees, thereby producing a more

robust and generally more accurate model. [64]
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5. Limitation of Hand-Crafted Machine Learning methods

While machine learning has significantly advanced various domains, including image
classification, it also presents several limitations:

Dependence on Feature Engineering: ML algorithms, such as support vector machines or
decision trees, rely heavily on manually extracted features. The quality of these features has
a direct impact on model performance. In complex domains like medical imaging, defining
effective features often requires expert knowledge and may not capture all the underlying
patterns in the data. This challenge is especially apparent in studies like Nasief et al. (2020),
where radiomic features play a crucial role in predicting treatment response for pancreatic
cancer. [65]

Limited Performance on High-Dimensional Data: ML models often struggle with high-
dimensional inputs such as images, where the number of features can be extremely large.
This makes the learning process less effective without dimensionality reduction techniques.
[66]

Generalization Issues: Machine learning models may perform well on training data but
fail to generalize to unseen data due to overfitting, especially when the dataset is small or

imbalanced. [67]

6. Deep Learning Techniques

In the field of image classification, deep learning offers powerful tools capable of
automatically learning complex patterns and features from raw image data. Below are the

main deep learning techniques specifically used for image-based tasks:

6.1 Convolutional Neural Network (CNN):
Convolutional Neural Networks (CNNs) are among the most widely used and effective deep

learning techniques for image classification. CNNs are specifically designed to handle 2D
data such as images by automatically extracting important visual features from them. [68]
CNN Architecture:

A typical CNN consists of the following key layers:

e Convolutional Layers: Apply filters (kernels) across the input image to detect local

patterns such as edges, textures, or shapes.
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e Pooling Layers (usually Max Pooling): Reduce the spatial size of the feature maps
while preserving key information, thus speeding up computation and reducing
overfitting.

e Fully Connected Layers (FC): These layers combine the extracted features and
perform the final classification.

Example of How CNN Works (Simplified):

1. The image is passed into the network;

2. Several convolutional layers extract local patterns;

3. Pooling layers reduce feature map sizes;

4. Fully connected layers output the final classification (e.g., "benign tumor" or "malignant

tumor™").

Figurel9 Illustration of the internal structure of a CNN used for image classification [69]

7. Conclusion

In conclusion, this chapter has provided a detailed overview of image classification, covering
its definition, key processes, and various techniques. We explored the steps involved in the
image classification process and examined the different machine learning techniques,
highlighting their applications and limitations in the context of image classification. Finally, we

introduced deep learning techniques, emphasizing their transformative impact on the field.
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Chapter 4: Experimental Setup and

Implementation
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1. Introduction

In this chapter, we focus on the practical aspect of our work through a comparative study
involving several classifiers: KNN, SVM, Decision Tree, Naive Bayes, and Random Forest.
The study also includes a deep learning-based classifier CNN (Convolutional Neural Network)

which leverages what are known as deep features or implicit features.

For the experiments, we used two well-known image datasets: the Corel-1000 dataset (also

known as Wang or Corel1K, named after its creator) and the Kimia Path960 dataset.

We begin by presenting the programming environment used for the implementation, followed
by a detailed description of the experiments conducted. Then, we present the results in the form
of performance graphs, such as accuracy and execution time. Finally, we include a few interface
screenshots to demonstrate the evaluation of the CNN model trained on the Corel1K dataset

using sample test images.

2. Used Image Datasets

2.1 Corel 1K
The Corel-1K dataset is widely used for image classification tasks. It consists of 1000

images, evenly distributed across 10 semantic categories, each containing 100 images.
The categories cover diverse themes such as African people and villages, beaches,
buildings, buses, dinosaurs, elephants, flowers, horses, mountains, and food.

The images in the Corel-1K dataset vary in their original sizes and are all color images

in the RGB (Red, Green, Blue) format.

beaches bus dinosaurs elephants flowers
—_—— e — " -
foods horses monuments mountains_and_sn peolpe_and_village
ow s_in_Africa

Figure20 The Corel-1K dataset
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2.2 KIMIA path 960:

The KIMIA Path960 dataset is a digital pathology image collection consisting of 960
images distributed across 20 classes, with 48 images per class. It includes
histopathological image patches extracted from more than 400 whole slide images

(WSIs), representing various tissue types such as muscular, epithelial, and connective

tissues, among others.
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Figure21 The KIMIA Path960 dataset

All images are in color (RGB format) and have a fixed resolution of 308x168 pixels,
which facilitates preprocessing. KIMIA Path960 is widely used in the medical domain
for the development and evaluation of image classification and disease detection

algorithms, particularly in applications related to cancer diagnosis.

Dataset Organization:
Different organizational strategies were applied to the dataset to better leverage its

structure and enhance the depth of the study.

3. Development environment

This section presents the development environment used to implement our image
classification approach. It highlights the chosen programming language and the

development platform adopted throughout the project.

3.1 Programming Language: Python
The programming language used in this work is Python, a widely adopted open-source

language, particularly popular in the fields of artificial intelligence and image
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processing. Python provides a rich ecosystem of powerful libraries such as NumPy,
Pandas, Matplotlib, scikit-learn, and OpenCV, which facilitate data manipulation,

visualization, and the implementation of machine learning algorithms.

3.2 Development platform: google colab
The development was carried out on Google Colab (Colaboratory), a free cloud-based

Jupyter notebook environment provided by Google. It allows Python code to be
executed online, with built-in support for popular data science libraries. Google Colab
also offers seamless integration with Google Drive, making it easy to manage and access
datasets and project files. In the absence of a local GPU, Colab provides a practical
solution for running computations on CPU, with occasional access to cloud-based
GPU/TPU resources.
3.3 Hardware Environment
The experiments were conducted on a personal computer with the following
specifications:

e Processor: Intel(R) Core(TM) 15-2400 CPU @ 3.10 GHz ;

o Installed RAM: 4.00 GB ;

e Operating System: Windows 10, 64-bit, x64-based processor.

4. Used Libraries and tools

This section presents the main libraries and tools used during the implementation of our

image classification system.

4.1 Machine Learning Libraries

o TensorFlow: An open-source framework developed by Google for deep learning
and neural network models. It was used to build, train, and save the Convolutional
Neural Network (CNN) model.

e Keras: A high-level API built on top of TensorFlow, providing simple interfaces
for creating and training deep learning models. It was used for defining the CNN
architecture and loading the saved model.

e Scikit-learn: Used for label encoding, performance evaluation, and general utilities

such as splitting datasets.
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4.2 Image Processing Libraries

e OpenCV (cv2): A powerful library for real-time image processing and computer
vision. It was used for reading and resizing images, as well as converting image
formats.

e Pillow (PIL): Used to display images in the GUI (for example, with Gradio or
Tkinter), and to convert them into formats compatible with model input.

e NumPy: Used to manipulate image data as numerical arrays (matrices), especially

for preprocessing steps like normalization and reshaping.

4.3 Data Manipulation Libraries

e Pickle: Used to save and load the label encoder (LabelEncoder object), ensuring
consistency between training and inference.

e OS: Standard Python library used for file and path handling (checking file existence,
loading paths, etc.).

e Pandas (optional): In some cases, it may be used for managing datasets or

organizing classification results in tabular form (e.g., CSV export).

Used Method

In this project, we conducted a comparative study using five classifiers: KNN, SVM,
Naive Bayes, Decision Tree, and Random Forest. Each classifier was applied with
the following feature extraction methods:

LBP (Local Binary Pattern): A robust and efficient texture descriptor applied to the
the dataset with an 80% training and 20% testing split, the dataset with an 50% training
and 50% testing split, and the dataset with an 20% training and 80% testing split.
Haralick Features: Used to extract texture information from images, applied to all
three datasets.

HSYV (Hue, Saturation, Value): A color-based method applied to Dataset, Dataset Half,
and Dataset Mini.

Color Moments: A statistical color descriptor used with the three datasets.

Fourier Descriptor: A shape-based feature extraction method applied to Dataset,

Dataset Half, and Dataset Mini.
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Finally, we will adapt a CNN to our Corellk and Kimia Path960 datasets.
We used Google's TensorFlow library, as well as the Keras library.
We will explain some descriptive details of this classifier.
model = Sequential(]
Conv2D(32, (3, 3), activation="relu', input_shape=(128, 128, 3)),
MaxPooling2D{ (2, 2))},
Conv2D(64, (3, 3), activation='relu"),
MaxPooling2D{(2, 2))},
Flatten(),
Dense (128, activation='relu'),

Dropout(8.5),
Dense(num_classes, activation='"softmax')

Figure22 Layers used for classification

Conv2D: A convolutional layer that applies filters (32, then 64) to the input image.

These filters help extract important features.

MaxPooling2D: A pooling layer that reduces the spatial dimensions of the feature
maps by taking the maximum value from small regions (usually 2x2). This helps

reduce computation and retain the most relevant features.

Flatten: This layer flattens the 2D feature maps into a 1D vector. It prepares the data

for the fully connected layers.

Dense: Fully connected layers inspired by biological neurons.

Dropout (0.5): A regularization technique that randomly deactivated 50% of the
neurons during training. This helps prevent overfitting by ensuring the model doesn’t
rely too heavily on any one neuron.

activation='"relu': The ReLU (Rectified Linear Unit) activation function introduces

non-linearity into the model. It replaces all negative values with zero, allowing the

network to learn more complex patterns.
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e activation="softmax': The Softmax activation function is used in the output layer to
convert raw prediction scores into probabilities for each class in a multi-class

classification problem.

6. Results and Interpretation

6.1 Results of experiments using the Corel 1K database:
In this chapter we present graphs that summarize the results obtained:

Graph of results using the kNN classifier:
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Figure23 Graph showing the results of the KNN classifier

We note here that the best method used is HSV whatever the base used. An accuracy of
up to 73% was achieved when using the original dataset with a 20% test split.

Thus, knowledge was extracted from these experiments.

Knowledge 1: In image mining, using the K-Nearest Neighbors (KNN) classifier with
Euclidean distance, this study has shown that the HSV color space often provides the best
results when compared to other color spaces.

Class-Wise Results The results of the best classification method used so far are detailed:
the KNN Classifier with Color Histogram, Euclidean Distance, and the complete HSV
color space. This detail is illustrated graphically in Figure 24.

65



The graph shows the percentage of correct predictions for each class, depending on the

dataset used.

100 1 W 80% Train - 20% Test
50% Train - 50% Test
N 20% Train - 80% Test
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40 A
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Figure24 Class-wise results of the best-performing classifier so far: KNN —Euclidean — Full
HSV space

We then notice that, when using the original database, we obtain in some cases such as
'horses' and 'mountains and snow’ a percentage of 100%. All of this can be interpreted as a
second piece of knowledge extracted in this study.

Knowledge 2: Regarding the Corel1000 dataset, using the KNN classifier with Euclidean
distance and HSV color space, some classes are easier to classify than others. Generally

speaking, the easiest classes to classify are those that are not overly rich in concepts.
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Figure25 Graph showing the execution time of the KNN classifier

Graph of results using the SVM classifier:
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Figure26 Graph showing the results of the SVM classifier
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We note that the best-performing method is HSV, regardless of the dataset used. An
accuracy of up to 85% was achieved when using the original dataset with a 20% test split.

Therefore, this outcome can be considered as knowledge extracted from the experiments.

Knowledge 3: In image mining, using the Support Vector Machine (SVM) classifier, the
HSV color space has proven to be the most effective for classification. The best results were
achieved with the linear kernel and a regularization parameter C=1.0. In this configuration,
the accuracy obtained on the Corel1K dataset with a 20% test split reached up to 85%, the
accuracy remained high, further highlighting the effectiveness of the HSV color space in
image mining.

Detailed results by class (Class-Wise): We will detail the results of the best classification
method used so far: the SVM Classifier — HSV Space. This detail is illustrated graphically

in Figure 27.
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Figure27 Class-wise results of the best-performing classifier so far: SVM— Full HSV space

We then notice that when we use the initial database, we get in some cases, such as
"dinosaurs”,"flowers",” horses” and “people_and villages in_Africa a percentage of 100%
can be interpreted as second knowledge, extracted in this study.

Knowledge 4: Regarding the Corel1000 Dataset, using the SVM classifier (HSV color
space), some classes are easier to classify than others. Generally speaking, the easiest

classes to classify are those that are not overly rich in concepts.
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Figure28 Graph showing the execution time of the SVM classifier

Graph of results using the Bayes Naive classifier:
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Figure29 Graph showing the results of the Bayes Naive classifier
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We note that the best-performing method is HSV, regardless of the dataset used. An
accuracy of up to 77% was achieved when using the original dataset with a 20% test split.
Therefore, this outcome can be considered as knowledge extracted from the experiments.
Knowledge 5: In image mining, using the Bayes Naive classifier, the best color space is
HSV.

Detailed results by class (Class-Wise): We will detail the results of the best classification
method used so far: the Bayes Naive classifier — HSV Space. This detail is illustrated
graphically in Figure 30.

100 I 80% Train - 20% Test (HSV)

50% Train - 50% Test (HSV)
W 20% Train - 80% Test (Color Moments)
80

60 -

Accuracy (%)

20

Figure30 Class-wise results of the best-performing classifier so far: Bayes Naive— Full HSV
space

We then notice that when we use the initial database, we get in some cases, such as
"dinosaurs”,"elephants, and” horses” a percentage of 100% can be interpreted as second
knowledge, extracted in this study.

Knowledge 6: Regarding the Corel1000 Dataset, using the Bayes Naive classifier (HSV
color space), some classes are easier to classify than others. Generally speaking, the easiest

classes to classify are those that are not overly rich in concepts.
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Figure31 Graph showing the execution time of the Bayes Naive classifier

Graph of results using the Decision Tree classifier:
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Figure32 Graph showing the results of the Decision Tree classifier

We observed that the best-performing descriptor for the Decision Tree classifier is the HSV

color descriptor, regardless of the dataset split. An accuracy of 67% was achieved using
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the original dataset with a 20% test split, while the accuracy dropped to 62% with a 50%
test split, and further to 46% when using an 80% test split with the LBP descriptor.
Knowledge 7: In image mining, using the Decision tree classifier, the best color space is
HSV.

Detailed results by class (Class-Wise): We will detail the results of the best classification
method used so far: the Decision tree Classifier — HSV Space. This detail is illustrated
graphically in Figure 33.

100 I 80% Train - 20% Test (HSV)
50% Train - 50% Test (HSV)
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Figure33 Class-wise results of the best-performing classifier so far: Decision Tree— Full HSV
space

We then notice that when we use the initial database, we get in some cases, such as” horses”
a percentage of 100% can be interpreted as second knowledge, extracted in this study.

Knowledge 8: Regarding the Corel1000 Dataset, using the Decision tree classifier (HSV
color space), some classes are easier to classify than others. Generally speaking, the easiest

classes to classify are those that are not overly rich in concepts.
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Figure34 Graph showing the execution time of the Decision Tree classifier

Graph of results using the Random Forest classifier:
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Figure35 Graph showing the results of the Random Forest classifier

We observed that the best-performing descriptor for the Random Forest classifier is the

HSYV color descriptor, regardless of the dataset split. An accuracy of 88% was achieved
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using the original dataset with a 20% test split, while the accuracy dropped to 82% with a
50% test split, and further to 69% when using an 80% test split.

Knowledge 9: In image mining, using the Random Forest classifier, the best color space
is HSV.

Detailed results by class (Class-Wise): We will detail the results of the best classification
method used so far: the Random Forest Classifier — HSV Space. This detail is illustrated
graphically in Figure 36.
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Figure36 Class-wise results of the best-performing classifier so far: Random Forest— Full
HSV space

We then notice that when we use the initial database, we get in some cases, such as
“flowers”," horses", " monuments” and “people _and villages in_Africa” a percentage of
100% can be interpreted as second knowledge, extracted in this study.

Knowledge 10: Regarding the Corel1000 Dataset, using the Random Forest classifier (HSV
color space), some classes are easier to classify than others. Generally speaking, the easiest

classes to classify are those that are not overly rich in concepts.
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Figure37 Graph showing the execution time of the Random Forest classifier

Knowledge 11: In image mining, experiments conducted on the Corel-1000 dataset using
five classifiers K-Nearest Neighbors (KNN), Support Vector Machine (SVM), Naive
Bayes, Decision Tree, and Random Forest with handcrafted features based on the Fourier

Transform have shown very low accuracy, ranging from 15% to 27%.

This confirms that, generally speaking, classifiers based on Fourier descriptors are weak

classifiers, especially when dealing with images rich in concepts.

The reason lies in the nature of Fourier descriptors, which primarily capture global shape

information, but are less sensitive to local details, textures, and colors.

Graph of results using CNN:

So, we applied CNN to our Corel 1K database. We performed 10 epochs on the training
data set.

The training results are graphically represented in Figure.

This figure illustrates the progression of the correct classification rate (Accuracy) as a

function of the number of epochs.
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Figure38. Evolution of CNN classification accuracy as a function of the number of
epochs

We observe an improvement in accuracy over the epochs, reaching up to 78.19% when
using 80% training samples. However, as the training set becomes smaller, the accuracy
decreases from 78.19% to 72.77% with 50% training samples, and 66.62% with 20%
samples. This leads us to another insight gained from this study.

Knowledge 12: In the context of image mining, the CNN-based classifier implemented
with TensorFlow is sensitive to the number of training epochs and the amount of training
data used.

Knowledge 13: In the context of the Corel-1K dataset, which is rich in concepts,
Convolutional Neural Networks (CNNs) generally demonstrate higher classification
efficiency, except for handcrafted feature-based methods using the HSV color space When
combined with classifiers Random Forest and Support Vector Machines (SVM).
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6.2 Results of experiments using the Kimia path 960 database:
In this section we present graphs that summarize the results obtained:

Graph of results using the kNN classifier:
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Figure39 Graph showing the results of the KNN classifier

We note here that the best method used is HSV whatever the base used.

Knowledge 14: we observe that the best method used is HSV with accuracy closely
approaching 100%, which combines all the axes. We achieve up to 96% accuracy for the
kimia-80% train 20% test dataset, up to 91% accuracy for the kimia-50% train 50% test

dataset, and up to 89% accuracy for the kimia-20% train 80% test dataset.
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Figure40 Graph showing the execution time of the KNN classifier

Graph of results using the SVM classifier:
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Figure41 Graph showing the results of the SVM classifier

We note here that the best method used is Color Moment whatever the base used.
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Knowledge 15: we observe that the best method used is Color Moment. We achieve up to
97% accuracy for the kimia-80%Train20% Test dataset, up to 94% accuracy for the kimia-
50%Train 50%Test dataset, and up to 88% accuracy for the kimia-20%Train 80%Test

dataset.
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Figure42 Graph showing the execution time of the SVM classifier

Graph of results using the Bayes Naive classifier:
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Figure43 Graph showing the results of the Bayes Naive classifier

Here too we notice that the best method used is HSV.

Knowledge 16: When using the Kimia dataset with an 80% training and 20% testing split,
we observe that the best-performing methods are HSV and Color Moments, each achieving
up to 85% accuracy.

Knowledge 17: When using the Kimia dataset with a 50% training and 50% testing split,
we observe that the best-performing method is HSV, achieving 88% accuracy, followed by
Color Moments with 85% accuracy.

Knowledge 18: When using the Kimia dataset with a 20% training and 80% testing split,
we observe that the best-performing method is Color Moment, achieving 83% accuracy,

followed by HSV with 81% accuracy.
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Figure44 Graph showing the execution time of the Bayes Naive classifier.

Graph of results using the Decision Tree classifier:
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Figure45 Graph showing the results of the Decision Tree classifier

Here too we notice that the best method used is HSV.
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Knowledge 19: When using the Kimia dataset with an 80% training and 20% testing split,
we observe that the best-performing method is HSV, achieving 90% accuracy, followed by
Color Moments with 88% accuracy.

Knowledge 20: When using the Kimia dataset with a 50% training and 50% testing split,
we observe that the best-performing method is HSV, achieving 92% accuracy, followed by
Color Moments with 81% accuracy.

Knowledge 21: When using the Kimia dataset with a 20% training and 80% testing split,

we observe that the best-performing method is HSV with 88% accuracy.

B Kimia_80%Train20%Test
BN Kimia_50%Train50%Test
I Kimia_20%Train80%Test

Time (s)

LBP Haralick HSV Color Moment Fourier

Figure46 Graph showing the execution time of the Decision Tree classifier.

Graph of results using the Random Forest classifier:
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Figure47 Graph showing the results of the Random Forest classifier

Here too we notice that the best method used is HSV.

Knowledge 22: When using the Kimia dataset with an 80% training and 20% testing split,
we observe that the best-performing method is HSV, which combines all the axes. It
achieves up to 98% accuracy, followed by the Color Moment with 93%.

Knowledge 23: When using the Kimia dataset with an 50% training and 50% testing split,
we observe that the best-performing method is HSV, which combines all the axes. It
achieves up to 98% accuracy, followed by the Color Moment with 90%.

Knowledge 24: When using the Kimia dataset with an 20% training and 80% testing split,
we observe that the best-performing method is HSV, which combines all the axes. It

achieves up to 95% accuracy.
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Figure48 Graph showing the execution time of the Random Forest classifier.

Knowledge 25: In the context of image mining, hand-crafted feature extraction methods
tend to be more effective for images that are poor in concepts, such as texture images.
Generally speaking, when the image is lacks concepts diversity, these methods can still
capture enough discriminative information for classification tasks.

Knowledge 26: According to the results, using only 20% of the data for training yields
average performance with LBP, but performs better especially with HSV, Haralik and Color
Moments.

This suggests that handcrafted features remain robust even with limited training data.
Graph of results using CNN:

So, we applied the CNN to our Kimia path 960 database. We performed 10 epochs on the
training data set.

The training results are graphically represented in Figure.

This figure illustrates the progression of the correct classification rate (Accuracy) as a

function of the number of iterations.
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Figure49. Evolution of CNN classification accuracy as a function of the number of
epochs

Knowledge 27: We observe an improvement in accuracy over the iterations, reaching up to
66.67% when using 80% training samples. However, as the training set becomes smaller,
the accuracy decreases from 66.67% to 57.50% with 50% training samples, and 36.33%
with 20% samples.

Knowledge 28: In the context of image mining, deep learning methods such as
Convolutional Neural Networks (CNNs) tend to be less effective for images that are poor
in concepts, such as texture images.
Generally speaking, when the image is lacks concepts diversity, CNNs may struggle to learn
meaningful representations, as they are designed to capture complex data.

Knowledge 29: By using only 20% of the data for training, the performance of some
handcrafted feature-based methods (HSV and Color Moments), combined with classifiers
(KNN, SVM, Naive Bayes, Decision Tree, and Random Forest) was observed to outperform
CNNe, despite the latter’s well-known generalization capabilities.
This highlights that, with limited training data, handcrafted features can be more effective.
Meta-knowledge

After extracting knowledge from image data, an important meta-knowledge emerges, which
relates to the distinction between images rich in concepts and those poor in concepts, as
well as the effectiveness of deep learning methods versus handcrafted features. Generally,
handcrafted feature-based approaches tend to be more effective for images that are poor in

concepts. In contrast, Convolutional Neural Networks (CNNs) demonstrate significantly
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higher efficiency when dealing with images that are rich in concepts. However, there are
notable exceptions: color moment and HSV-based classifiers, can yield highly competitive

results, even outperforming CNNs.

7. User Interface for Image Classification Using CNN Trained on Corel
1k

This section presents the graphical interface developed to test image classification using a
Convolutional Neural Network (CNN) model trained specifically on the Corellk dataset.
The interface allows the user to select an image, run classification, and view the predicted

class.
General View of the Interface

This part shows the main graphical interface in its default state. It includes buttons for

loading and classifying an image, and a display area for the result.

Image Classifier

Upload an image to classify it using the trained CNN model.

| Upload | i
B Upload Image Predicted Class

T

J

Drop Image Here

Click to Upload

Figure50 Overview of the interface
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Loading an Image

By clicking on the “Drop Image Here” button, the user can open a file explorer to choose an

image from their local machine.

Image Classifier A B> TisPC > Ficures v b P SechBiue
Organize *  New folder E- 1 @
Upload an image to classify it using the trained CNN model. Documents. £ A
& Pictures o
B Upload Image o . %
Emisec o Illlmm & :
msdtadrin ¢ bus2jpg classePNG Food‘Upg Fooﬂ.jpg |
lI.l WinsaT o+
Drop Image Here wymetie B
DJOUMANA PN
Click to Upload Lorary
Nouveau porte- monumentljpg  monumentljpg  peopleljpg snowl.jpg
I ThisPC
=] Pictures v
& File name; |‘ v| Image Files (*xbm;"tif;" ffif.*p +

Figure51 Loading an image

The selected image is then displayed in the interface.
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Image Classifier

Upload an image to classify it using the trained CNN model.

@ Upload Image

Predicted Class

Classify Image

Figure52 Selected image

Classifying the Image

After loading, the user clicks on the “Classify Image” button. The image is passed to the CNN

model trained on Corel 1k, which predicts the corresponding class label.
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Image Classifier

Upload an image to classify it using the trained CNN model.

@ Upload Image

Predicted Class

foods

Classify Image

Figure53 Classified image

Displaying the Classification Result

The predicted class is displayed in a result box on the interface, allowing the user to immediately

see the outcome of the classification.

8. Conclusion

The objective of this chapter was to present a comparative study of several image classification

methods on the Corel-1K and Kimia Path960 datasets.

The study focused on five classifiers: KNN, SVM, Naive Bayes, Decision Tree, and Random
Forest. For each classifier, five feature extraction methods were applied: LBP, Haralick, HSV,
Color Moments, and Fourier Descriptors. Additionally, a CNN classifier was also implemented

and evaluated.
The results of the study showed that:

- The performance of the method depends on the complexity and richness of the semantic
content.
- The CNN classifier achieved good results but remains sensitive to the number of epochs

and the size of the training dataset.
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- The best method depends on the organization of the dataset, with HSV generally
yielding the best results, followed by Color Moments.

In conclusion, this study has provided a deeper understanding of the performance of certain
methods, allowing for the extraction of valuable insights. The results obtained can be useful for
recognizing the effectiveness and power of each method, depending on the specific

requirements and criteria.
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General Conclusion

Image classification has proven to be a relevant gateway for better understanding the
mechanisms of Data Mining, particularly within the subdomain of Image Mining, which opens
a wide range of applications in various fields such as object recognition, anomaly detection,

content-based image retrieval, and medical image analysis.

In this thesis, we implemented several machine learning classifiers namely KNN, SVM, Naive
Bayes, Decision Tree, and Random Forest combined with various "hand-crafted" image
descriptors and different color spaces. We also used a deep learning classifier (CNN) for
comparison. The KNN and CNN classifiers were tested on two distinct image datasets: Corel
1k, a general-purpose image dataset rich in visual concepts, and Kimia Path960, a dataset

specialized in histological medical images.
The results led to several key findings:

1. All parameters tested (classifier type, color space, used descriptors, and dataset

arrangement) significantly influenced the classification performance.

2. CNNs proved to be much more effective on images rich in concepts (Corel 1k), while
their performance was less effective on medical images with fewer visual concepts

(Kimia).

3. There is variability in how easily images can be classified, depending on their richness

or lack of conceptual content.

In conclusion, image classification has established itself as a powerful tool for analysis and
knowledge extraction from digital images. The choice of technique and approach depends on

the specific requirements of each application domain.
Through this work, we gained important insights:

1. We successfully applied image classification in the context of Data Mining, focusing

on its image mining aspect.
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2. We became aware of the importance of color spaces in image mining tasks,

particularly for image retrieval, classification, and anomaly detection.

3. We better understood the role of hand-crafted descriptors in extracting relevant

features for image mining.
4. We explored a variety of classifiers, from simpler ones to more advanced methods,

allowing us to compare the effectiveness of classic machine learning methods with

that of deep learning.

This work thus serves as a solid foundation for future research in image classification,

particularly in sensitive and demanding fields such as medical imaging.
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