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Chapter One

Introduction

1.1 Background to the Study

In the science of image processing, determining blur type is essential for blind picture

restoration. Picture blur type categorization is crucial for blur image enhancement, although it

is a stimulating subject due to the diverse causes of image blurring. As the interaction of

nature fog (haze blurring), optical lens deformation (unsharp mask blur), air disturbance

(Probability distribution blur), and webcam relative movement during exposition (photo

roughly equivalent movements) (motion blur). These grayscale images are commonplace in

regular activities but incredibly challenging to detect and recognize1, 2.

There are two approaches to recognizing image blur: handcraft feature-based approaches

(dimensionality reduction-based) and learning functionality techniques. Dimensionality

Reduction (DR), which can be categorized into two significant aspects, Feature Selection, and

Feature Extraction, has enabled the separation of blurry elements, making the image in the

dataset deblurred3. Algorithms that rely on feature extraction necessitate a prior

understanding to recover blurring attributes that can recognize various categories of blurring

photos, with the selected features of sample imageries then being used to train the assigned

classifiers. On the other hand, the systems based on learned characteristics utilize only the

innovative blur photographs to automatically study the distinctions between the various

fuzziness kinds4.

Character recognition from scene text images is challenging in computer imaging and

rendering. When adaptive edge devices are incorporated into the procedure, the difficulty of
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the task increases significantly. Text classification and detection are hampered by poor image

resolution, which includes blurring, surface texture, and poor resolution5.

Smart cities have exploded in popularity in recent years, particularly in the fields of health

care, finance, education, video surveillance, and IoT-based autonomous cars. Edge and app-

intelligence methods are required in such systems. Written data (Textual data) in images

provide crucial information for content-based image repositories and a variety of other

computer vision applications6. The textual information changes when there are differences in

Arial size, style, configuration, and unpremeditated alignment, and its recognition (location

and proof of identity) and classification (authentication) are made more difficult by the short

disparity, little firmness, blur, and complicated background.

Text recognition and classification are frequently hampered by scenic qualities such as focus

and related (stylistic and non-textual data). Variations in size, color, font, and orientation in

the fore constitute a challenge in robustly detecting stylistic data from scene text photographs.

On the other hand, images with complex backgrounds comprehend a variation of items with

diverse colors, as well as atmosphere, grassland, blocks, and hedges, which reduces the

strength and makes textual feature extraction difficult7.

Several models, for example, deep and machine learning algorithms (DL and ML), are

utilized in modern procedures for semantic visual tasks, including picture classification and

semantic segmentation, and large annotated datasets of high-quality, artifact-free images are

routinely used alongside these DL and ML models to train and assess these networks8. By

demonstrating that ordinary pre-trained network models suffer a significant performance

decrease when applied to blurred photos, the influence of one such artifact that is highly

ubiquitous in natural capture conditions, blur, is of the essence9,10.
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Textual recognition has recently seen a surge in demand in various industries, including

mailing sorting automation, authorization plate identification, and automated memo pads. In

addition, in the aspect of picture recognition, approaches grounded on neural networks have

been extended to textual recognition with excellent results. However, the number of learning

and cognitive development aspects is growing due to the assortment of recognition

application domains11. Because of the vast amount of data produced in the modern era, it is

becoming extremely relevant to the insightful group, categorize, or classify data by concept

for quick retrieval and lookup. However, the high dimensionality and inaccuracy of data, or

even more broadly language, make unsupervised learning difficult12. Hence, there is a need to

explore dimensionality reduction to read more text in the wild clearly.

To address the issues mentioned earlier, a hybrid dimensionality reduction technique is

proposed in this study to retrieve essential information from a given dataset while minimizing

the accuracy loss caused by data compression. As a result, this research offers an Independent

Component Analysis (ICA) with an improved Genetic Algorithm (BA-GA) for blurred text

recognition by dimensionality reduction. This technique proposes extracting the line segment

data that makes up the image of input information and giving each segment an exclusive value.

The results of the selected features are suggested to be classified using the Support vector

machine (SVM), K-Nearest Neighbor (K-NN), and Ensemble Methods.

Figure 1.1 in Appendix B shows the simplified workflow of the proposed work.
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1.2 Statement of the Problem

The recognition of word-based information from scene transcript images is a challenging

problem in computer graphics and visualization. The task becomes considerably more

problematic as it is already established with edge smart devices that are elaborate in the

procedure. Text detection and classification are made more challenging by the low-quality

image used in these edge innovative strategies, which has issues including blur, low resolution,

and low contrast13. These challenges with blurred text have now birthed a series of studies

that enhanced deblurring14, 1. This study is one such, and the blurred text will be addressed in

this study.

On the other hand, natural visual feature classifications are a complex problem due to the

many kinds of image features, interference, reduced juxtaposition, arbitrary placement of the

opening scene (font, style, dimensions, and perspective), and context attributes. Most of all,

the excellent quality materials of the information picture's higher dimensional space are a big

problem in these cases, but deep learning (DL) makes it a walk-through15,16. Most scholars

have recommended the use of dimensionality reduction and Machine Learning procedures

that can be employed to extract features for pattern recognition. This recommendation makes

it essential to reduce dimensions using ML and DL algorithms. Hence, there is a need to use

dimensionality reduction (DR) for feature selection and extraction in this study.

Also, numerous ways exist to discover the finest combination of features, choose a set of

valuable and different features, and reduce the number of dimensions, all of which help

pattern classification work. The selection of features in learning algorithms is a way to choose

a subcategory of the great attributes that are more critical to the implementation. GA is

effective, inspired by a biological probability optimization algorithm that can be used for an

inclusive variability of image computational requirements, such as image augmentation,
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segmentation techniques, classification techniques, and (of course) variable selection. On the

contrary, collaborating to retrieve its iterative process will enhance its efficiency much more17.

Scholars have suggested that researchers can improve this study by improving GA18. As a

result, this study proposes an enhanced GA for the blurred text categorization model.

1.3 Aim and Objectives of the Study

This study aims to advance the machine-learning dimensionality reduction model for blurred

text detection in natural scene images. The specific objectives are to:

1. design dimensionality reduction (DR) and hybrid dimensionality reduction (DR)

models.

2. classify the designed models in 1.

3. assess the performance of the models in terms of accuracy, precision, and f1 score.

4. compare the obtained results with the state of the art with respect to its accuracies.

1.4 Research Questions

1. How can the very high-dimensional sparse vector be fetched from the dataset, and

how can the model used to fetch out very high-dimensional sparse vector be improved

to enhance the text deblurring?

2. How will the model developed be tested?

3. How will the developed models be evaluated for superior performance and features?

4. What is the outcome of comparing the result obtained from performance evaluation

with the related state-of-the-art?

1.5 Significance of the Study

This study will be immensely beneficial in retrieving precise textual information from the

internet, akin to finding a needle in a haystack, especially in a blurry text situation. The
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haystack is a big data warehouse built up on the web over a long period, and machine learning

will aid in finding a single piece of information a user requires. On the other hand, text

classification is quickly becoming one of the most popular research issues; hence, a study that

enhances this field of study is always welcomed.

1.6 Scope of the Study

This study proposes a machine learning approach, with an open-source dataset to be obtained

from repositories. It proposes to evaluate the results obtained in terms of evaluation metrics

such as accuracy, f1- score, and precision.

1.7 Limitations of the Study

This study is limited to scenic images and not static images. Once scenic images can be used

for this study, static images can also pass for any researcher who desires to work on those.

Also, this study works only on a dataset ICDAR 2019 SLVT, though very robust and

numerous; any other researcher could decide to work on other datasets.

1.8 Operational Definition of Terms

1. Algorithm: An algorithm is a procedure for solving a problem or performing a

computation. Algorithms act as an exact list of instructions that conduct specified

actions step by step in hardware- or software-based routines.

2. Scene Text: text that appears in an image captured by a camera in an outdoor

environment. The detection and recognition of scene text from camera-captured

images are computer vision tasks that became important after smartphones with good

cameras became ubiquitous. The text in scene images varies in shape, font, color, and

position. The recognition of scene text is further complicated sometimes by non-

uniform illumination and focus.



7

3. Pattern Recognition: In computer science, it is the process of recognizing patterns by

using a machine learning algorithm. It can be defined as the classification of data

based on prior knowledge or statistical information extracted from patterns and/or

their representation. One of the essential aspects of pattern recognition is its

application potential. Examples include speech recognition, speaker identification,

multimedia document recognition (MDR), and automatic medical diagnosis. In a

typical pattern recognition application, the raw data is processed and converted into an

amenable form for a machine to use. Pattern recognition involves the classification

and cluster of patterns.

4. Dimensionality Reduction: is the transformation of data from a high-dimensional

space into a low-dimensional space so that the low-dimensional representation retains

some meaningful properties of the original data, ideally close to its intrinsic dimension.

Working in high-dimensional spaces can be undesirable for many reasons; raw data

are often sparse due to the curse of dimensionality, and analyzing the data is usually

computationally intractable (hard to control or deal with). Dimensionality reduction is

typical in fields that deal with large numbers of observations and/or large numbers of

variables, such as signal processing, speech recognition, neuroinformatics, and

bioinformatics.

5. Blurred Text: An unclear text seen in images. The text is embedded in scenic images

in this case study.

6. Text Detection: Text detection is detecting text in the image, followed by surrounding

it with a rectangular bounding box. Text detection can be carried out using image-

based techniques or frequency-based techniques.

7. Feature Selection: is a process of automatically or manually selecting the subset of

the most appropriate and relevant features to be used in model building. Feature
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selection is performed by either including the essential features or excluding the

irrelevant features in the dataset without changing them.

8. Feature Extraction is transforming raw data into numerical features that can be

processed while preserving the information in the original data set. It yields better

results than applying machine learning directly to the raw data.

1.9 Organization of the Thesis

This section gives a brief overview of this thesis report. The following section, chapter two,

sheds light on the works of literature reviewed during the course of the study for its

applications and methodologies and the directly related works. Chapter three delves into the

methods proposed for this study starting from the dataset to the methods used to create the

models, the algorithms, and the classification; the evaluation parameters to be considered; and

the tools to illustrate the results generated from the evaluations. Chapter four is the result and

the discussion proper, handling the report section by section. First, the models developed,

which deals with the first and second objectives; then the classifications, which is the result of

the third objective; next, the evaluations tackling the fourth objective; then the comparison of

this study with others based on accuracy dealing with the last objective of this study—also, a

tabular summary relating the research question, objectives, methods, and results achieved.

Chapter Five gives a summary of the study, recommendations, and conclusion.
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Chapter Two

Literature Review

2.1 Overview of Blurred Text Detection in the Wild Scene

Obscurity in pictures makes it harder to see crucial points like edges, shapes, territories, and

items, making image processing in the feature space challenging. In the waveform, actuation

low contrast and geometric distortion differ slightly, and these structures can be employed to

tell the difference between the two types of haze conveniently. When we move the diffraction

pattern into the spatial domain, researchers can deduct from the movement item's resonance

frequency that its dominant line segments with approaching beliefs are not in the same

direction as the sequence. In a low-resolution haze, some geometric negligible structures can

be seen. Even if both distorts are present simultaneously, the consequences of both dissolves

can be seen1.

There are various kinds of blurs, and in most the sampling frequency of any image is excellent

for figuring out what kind of blur it is. Motion blur and geometric distortion look different in

the waveform, and it is easy to tell the difference between them by looking at all these

structures. Here, it is pertinent to note that an unclear object's bandwidth is dominated by

foggy lines with principles close to zero perpendicular to the direction of movements. When

geometric distortion is fuzzy, a few rotating non-existent characteristics can be seen. Even if

both distorts are present simultaneously, the consequences of obscurity can be seen. Blur can

affect static image data and video (motion) image data. All of these must undergo image noise

classification in order to achieve deblurization.
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The question everyone would ask at this point becomes, 'How then can one remove these

obscurities?' Primarily by noise separation - the procedures in the image noise classification

techniques are.

 image data preparation,

 figuring out the sigmoid available bandwidth,

 extracting features from image noise structures,

 formulating a neural net to ensure validity and

 analyzing the findings.

The very first phase is to process and analyze pictures that need to be clarified. Then, to get

the low contrast correlations, using log-linear spectrum analyzer of the unclear and

unretouched pictures. After getting the low-contrast shapes, the training and evaluation

databases are usually set up by calculating the contourlet power characteristics. Finally,

training and testing of this feature database are carried out using a feed-forward

backpropagation neural network2.

Furthermore, in image noise categorization, one needs to do a few things first. Initially, the

image data from the video camera is turned into eight-bit image pixels by calculating the

average pathways for each appearance. Usually, orientations at the edges of a photo often

cause significant wavelengths, resulting in them being turned into lines both vertically and

horizontally that can be seen in the frequency distribution. As these boundaries might not be

the same as or overlap the streaks precipitated by the jumble, they must all be split up using

only a synchronization feature before getting changed3.

At this point, figuring out what document is in an image using either a slider detector window

(SDW) or a connected component analysis (CCA) is critical. These methodologies proceed by

attaining the message segmentation method, then using a classification algorithm to affirm the
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segmentation method and method for controlling content's current location4. Sliding detection

window (SDW) methods, for example, detect text from the top down. This method uses a

sliding window to scan the entire scene image, extract entrant transcript sections, and utilize a

pre-trained classifier to determine if the text is confined in the sub-window5.

SDW and CCA are mainly used in scene text recognition (STR) and detection to discover text

in composite section pictures. Text detection in several frameworks, for example, records, ID

cards, coupons, intelligent road traffic situations, highway symbols, authorized plate

recognition, and so on, are examples of scene text recognition (STRS) and detection6.

Because of the variety of text forms in natural scene images, text discovery in normal scene

imageries is more problematic than text detection in scanned paper imageries. In Sceneric text,

it is highly possible to mix multiple languages. Characters can come in various sizes, types,

ensigns, illumination, contrast, and so on. Text lines can be parallel, perpendicular, coiled,

interchanged, warped, or arranged in any other way. The image's text area may also be partial

(perception, affinal alteration), have imperfections, distorting, or other effects7.

Text can exist on a plane, floor, or layered area. The letter can be close to complicated

intervention patterns, or non-text regions can all have styles that look like documents, like

aggregates, vegetation, guardrails, concrete floors, and others. Different kinds of writing in

images Manuscripts in natural scene images can have distinct font sizes, hues, sizes, and

perspectives, even within one image, because plot lines in image features usually contain the

same font, shape, color, and configuration8.

Perspectives in photos and videos of natural scene images can have much going on beneath

them. Signposts, barricades, concrete blocks, and vegetation are hard to tell apart from actual

writing and can conveniently result in misunderstandings and mistakes9. Hence, there is a
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need to evaluate some methods mostly considered in STR and detection, which are discussed

in the following sub-sections.

2.1.1 Variables of Interaction: Contour techniques

Loud sound, defocus, disturbance, image resolution, uneven lighting, and cluttered

background are all things that can make it hard to find and read the text in an image. In ST,

texts are treated as a unique texture by contour techniques, which use regional amplitudes,

filtration feedback, and fractal correlation coefficient to tell the difference between text and

other parts of an image. Since all locations and scales must be inspected, these techniques are

usually costly to operate on a computer. Furthermore, these approaches primarily transact

with parallel transcripts and penetrate to revolution and measure change10.

2.1.2 Document Detectors

The whole programmed to control will find messages in pictures and create boxes around the

words. Personality, message, and particular phrase methodologies are the three main types of

old ways of doing things11. A movable panel method is used to find textual data. This

methodology includes trying to move a faceted sub-window through every different location

in a photo and then employing an expert classification algorithm to figure out if the writing is

located within the navigation pane. Authors have suggested a full-pipeline system in that they

use a sliding window (SW) classification model to find characters on different scales12.

2.1.3 Technique Based on Connected Components (CC)

These methods that fall into this category find and complement minor parts into one

significant component, then use a classification model to search out parts that are not

documented or transparent, as the case may be, and finally break the textual aspect from a

picture and puts it inside a candidate region. These methods are suitable because they are easy
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to figure out and work well. Individually, they have some problems, such as needing to be

more capable of handling twisting, geometric transformations, occlusions, and other tricky

situations. The most common CC-based methodologies are suitably sustainable intense

sectors (MSERs) and stroke width transform (SWT), which uses the edge detector from

Canny to find edges and figure out the spacing per digital image from the most probable

sensor that contains a brain aneurysm. MSERs (maximally secure elliptic regions) technique

is used to find text by making a segmentation method and then characterize them using

identity and non-character categorization that has been learned. Last, the system makes the

line of text. An AdaBoost classification model is then employed to find the message13.

We also have Connected Component Labelling (CCL) algorithms for remote sensing image

classification. This algorithm searches line-by-line, top to bottom, to assign a splotch label to

each current pixel connected to a splotch, done by assigning a label to a new object. Most

labeling algorithms use a scanning step that examines some of its neighbors. The first strategy

deeds the dependencies among the neighbors to reduce the number of neighbors examined.

The second strategy uses an array to store the equivalence information among the labels,

replacing the pointer-based deep-rooted trees used to store the same equivalence information.

It reduces the memory required and produces consecutive final labels. The connected

component labeling assigns labels to a pixel such that adjacent pixels of the same features are

assigned the same label14.

2.1.4 Texture-Based Technique

This method looks at the text as multiple courses of composition. It utilizes image patches like

regional amplitudes, filtration system responses, and softmax multipliers to tell the difference

between texts and non-textual portions of the image. Although all positions and proportions

need to be processed, these methods are usually cost-prohibitive in computing power. Also,
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these methods work best with lateral messages and are adaptable to changes in turning and

size. A scholar made a filtration that can also be found in the document in the field of discrete

cosine transformation (DCT). Although his automated system is fast, it could be better at

finding things. A multistage character recognition analyzer with a signal that utilizes a neural

network so that machine translation rules can be understood instantaneously is also developed.

This method can be used to find different styles and dimensions of the manuscript in a

controller15.

2.2 Texture Image Challenges

Image data evaluation and categorization face two critical problems with undesirable effects.

Transformational style includes a rotational and noisy picture. If the approaches always seem

to discriminate against certain typical occurrences and are not persistent, the precision of the

outcomes can be drastically lowered; therefore, the approaches used to investigate and

describe the imagery shall be as durable and steady as conceivable, eliminating their

detrimental impacts. Magnitude, orientation, and brightness may also vary between photos,

which is a complex texture categorization challenge. Potential treatments to overcome these

difficulties were offered16,17.

2.3 Application of Texture Analysis

The picture structure tells us about the item's structure, components, backing setting, and

more. Information is said to be effectively passed through image texts. Edge detection is used

in several domains of preprocessing, including Facial Recognition, Media Object Recognition,

Quality And product Diagnostic tools, Diagnostic Machine Vision, Satellite Imagery, and

Field Interpretation18.
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2.4 Machine Learning (ML)

Machine learning drives Artificial Intelligence (AI). It comprises probability distribution,

statistical data, approximating principles, geometric analysis, and algorithms cognitive

science. ML studies how technologies replicate or provide human behavioral responses to

acquire new information or abilities and restructure relevant knowledge to enhance

productivity. Its algorithmic knowledge comes from concepts from previous data using

methodologies, generating projections or evaluations on new data collected, and then

developing like people. Most methods of machine learning use deep knowledge19.

ML teaches algorithms to analyze information more effectively, though it is important to note

that frequently analyzing data while examining it is challenging, which ML tries to resolve.

The more data/samples to analyze, the more these ML algorithms become necessary. ML

extracts crucial details in numerous sectors via automation, which learns from data20. Several

academics and developers utilize different ways to solve this complex challenge. ML makes

predictions to tackle data challenges. Intelligence scientists say there must be currently no

single technique for fixing problems. The type of issue, several variables, the optimal

approach, etc., decide the approach employed21.

Here are some popular machine learning algorithms. Machine learning entails understanding a

function that assigns an intake to an outcome from the reference group created. It creates a

purpose with the identified training dataset. Guided machine learning systems need outside

help; training and testing datasets are inputted to enable an efficient ML system. Different

machine-learning techniques and their implementations22:

Supervised Learning has a predictable arbitrary function. All procedures use the learning

database to identify or classify the test collection23. At all times, the database schema instance
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has a recognition accuracy. It formalizes the principle of training from input and outcome

samples24. Unsupervised Learning is harder than supervised Learning. We tell the machine

to learn whatever we do not teach it. This strategy does not classify but maximizes benefits.

Self-organized neural networks employ machine learning techniques to recognize clues in

data samples. Unsupervised Learning improves text annotations. Unsupervised Learning

identifies system stages and transformations. Semi-supervised Learning combines

supervision with unsupervised intelligence. Unsupervised Learning is accessible; however,

results of data analysis must be found25. In Reinforcement Learning, selection strategies rely

on activities made. The student only knows what to carry out once a circumstance arises.

Learning behaviors significantly affect scenarios26.

2.5 Dimensionality Reduction (DR)

This is an essential approach in numerous disciplines, particularly information processing,

advanced analytics, reinforcement learning, object recognition, and knowledge discovery. In a

variety of everyday data analyses and visualization, high-dimensional information is often

present and in order to effectively control the knowledge, its redundancy must also be

decreased. This is an aspect of data processing which increases the classifier's durability and

decreases its use. High-dimensional information is challenging for predictive models to

process owing to its high computational complexity and cache consumption. Extraction of

features (FE) and feature selection (FS) are two-dimensionality reduction strategies. FE is also

referred to as image compression expressly or information modification27.

The benefit of FS is that any knowledge regarding the significance of a particular application

is lost; nevertheless, if a restricted collection of attributes is demanded and the key features

are quite complex, data will be lost since some characteristics must have been discarded even

during feature ranking operation. In general, extracting the features is commonly capable of
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reducing the dimensionality of the feature set despite compromising a significant portion of

data from the high-dimensional feature space. The decision combining feature detection and

feature selection processes is dependent upon the device's data structure and context28.

2.5.1 Feature Extraction (FE)

Data feature lessening is the modification of high-dimensional collected information into a

lower dimension. With the tremendous expansion in resistance to high, the usage of methods

to reduce dimensionality in a variety of settings has become widespread. Moreover, current

technological ways emerge continuously. All the processes are called data preprocessing

strategies which in essence turns an increased collection into a small information while

preserving as much true context as feasible. The scalability scourge is mitigated by the

primary system's low-dimensional rendition. The low-dimensional knowledge is

straightforward to examine, manipulate, and examine. Certain advantages can be realized

when feature extraction approaches are used for information29.

i. Information loading space can be reduced as the number of proportions decreases.

ii. It only takes a short amount of time to compute.

iii. Data that is redundant, inappropriate, or noisy can be removed.

iv. Data quality can be enhanced.

v. Some procedures do not execute well when the number of dimensions is increased.

As a result, reducing these dimensions allows a procedure to work more

proficiently and accurately.

vi. Visualising data in higher dimensions is difficult. As a result, dropping the

dimension may permit us to project and scrutinise shapes more evidently.

vii. It facilitates and improves classification. Computational complexity reduction

occurs using the selection of features and feature reduction. Some variables should

be omitted throughout the selection of features, which reduces knowledge. Feature
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extraction can minimise dimensionality without diminishing the basic feature

collection.

2.5.2 Feature Selection (FS)

This is a dimensional reduction approach used within data mining and knowledge extraction

to remove irrelevant or redundant features whilst maintaining separability, reduced

information transmission and better data mining. It reduces packet losses, maximum

throughput, and memory. Feature selection is a significant subject in learning algorithms and

appropriate resources since it removes redundant or disruptive characteristics, enhancing

information quality and learning processing capacity. The rapid growth of digital image

databases spurred Content-Based Image processing techniques, which require effective search

algorithms. Typically acquired low-level visual aspects include coloration, pattern, and

structure. The selection of features uses a smaller portion of the original variables. The

selection of features removes features that provide scant or no predictive information whilst

preserving classification performance. High-importance features cannot be eliminated without

lowering categorization accuracy. Poor realization of a characteristic can boost the accuracy

of classification30.

Feature Selection Issue

Choosing the most essential features is a significant component of resolving classification and

regression problems, especially when it comes to identifying cursive. That's because it takes

time to search for all feasible subsets of parameters that can be made from either the existing

batch, each feature is crucial for the least selection of the inequalities, and there aren't too

many differences respectively cross-functional and cross and inter-class. After a specified

point, adding more features makes efficiency progressively worse instead of effectively31.



21

The filtering method (FM) and the wrapper method are the two main ways to get rid of

different factors in an image (WM). FM is mostly a way to find the best attributes before they

are processed. In this method, vastly graded attributes are used as predictive variables. In WM,

predictors are wrapped in an optimization technique that selects a subgroup and gives it the

maximum prediction models possible. Advanced optimization procedures have trouble

finding information within large sets of data. So, optimization procedures like genetic

algorithms (GA) and particle swarm optimization (PSO) or progressive exploration schemes

have remained developed. They work well and are easy to use. Wrapper methods have two

kinds of algorithms: those that use heuristics to find things and those that pick things one at a

time. Based on how methodologies are used in the classification algorithm, FS can be

characterized into three distinct parts: The Filter, Wrapper method, and the Embedded

approaches32.

Filtering Methods (FM)

FM is employed to figure out the information's criterion appositeness ranking (AS). This

process occurs just before the trained model is used in any way. The AS is used to put all of

the features in order, and attributes with poor ratings are thrown out. Univariate (UV) and

Multivariate (MV) are two types of AS methodologies or strategies that can be used (MV).

The UV research evaluates AS for each feature separately, while the MV technique builds

information exchange among features slowly and is less flexible than the other two. UV

procedures here include -Test, the 2, Mutual Information, Fisher's Discriminant Ratio (FDR)

(distinctive Proposition testing), and Similarity, among others. MV techniques, on the other

hand, are including mutual information methodologies or variation analysis (ANOVA)33.

Wrappers Method (WM)
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Each attribute gets a certain number of points. This rating helps decide on the most efficient

and effective attribute, but it is usually just a reasonable estimate of the attributes in the

approach that was recommended (PM). PMs are the people who try to guess what will happen.

Some examples of PM are SVM, Boosted Trees, GLM, Random Forest, MARS, Multilayer

Perceptron, CART, AVAS, Ordinary least square, and Linear Regression34.

Embedded Method (EM)

The EM method takes the best parts of both FM and WM methods. EM takes personal

qualities out of or adds them to the feature subset as the model is built and interpolated. When

the probabilistic model is made, EM selects the attributes, while wrappers are using space for

all groupings of features. Because of this, EM makes better use of data. It also lets the model

find the optimum solution subsegment extra fast. Random forests, decision trees, and SVM

include some of the most prevalent empirical models35.

2.6 Optimization Techniques

This section deals with all techniques that have been used and could be used as algorithms for

Dimensionality Reduction. Several scholars have used one or a mixture of these to achieve

feature extraction or/and feature selection.

2.6.1 Genetic Algorithm (GA)

Genetic algorithms (GA) are an adjustable metaheuristic optimization method used to

recognize estimated best solution to optimization difficulties with a vast search process and

can be advantageously employed in the identification of optimized attributes36. In GA, a

chromosome-like structure called a "person" is used to incorporate data about a possible

answer to a problem. Algorithmically, a huge number of people are grouped to form a

population, and then the GA optimization procedure is applied to that population. A
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chromosome is the principal provider of genetic information, consisting of a grouping of

chromosomes. The visible representation of a person's shape is dictated by the combinations

of specific chromosomes, but its interior development is regulated by the environment37, 38.

The concept of the natural collection serves as the conceptual basis for GA, a search strategy.

A GA optimization technique has four main components namely: a population of participants

(or chromosomes) that each symbolize a possible answer, an adaptive threshold feature, an

efficiency increased to determine which participants will go on to generate the next stage of

evolution, and a genetic integrator like crossover or mutation to probe the uncharted territory

of the new search process39.

To indicate an alternate, a set of qualities (chromosomes or genomes) is employed, which

would ordinarily be defined by binary character string 0’s and 1’s. To generate a brand-new

generation, the chromosomes of all individuals are transformed by genetic mutations and

crossovers, and the most adaptable members of the present population are picked for each

cohort. The method ends when the resulting number is at or over the maximum value

supported.

Here are some advantages of genetic algorithms: increased resilience and performance in

optimization algorithms; streamlined complexity; easy implementation40.

GA is commonly employed in real-world issues because of its many advantages. An

improved verification strategy is guaranteed by using GA in the dynamical airflow

arrangement to identify an extremely dependable BES model (enhancing energy imitation

environment) that perfectly encompass the current properties of structures41. GA can

sometimes be utilized to tackle big issues because of its faster computation time and enhanced

degree of integration. However, GA can sometimes be utilized for substantial equations and
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must instead be applied to solving simple problems. Genetic algorithm refinement and

improvement are key to finding a long-term approach to this problem42.

Workable alternative encryption, activation, efficiency measurement, closure constraint

verification, selections, crossovers, and mutations are the phases of GA sequencing. The

features shown by {α^1, α^2, …, α^n} are the original ones. To begin, it generates a numeric

encoded for each chromosome that stands in for extracted feature combinations that could

help solve the problem. During the introductory stage, an arbitrary beginning population {β^1,

β^2, …, β^n} is formed, and the population size is established. Finally, the suitability per each

chromosomal is determined by applying the fitness function that has been established. The

optimization process is a metric for measuring how well a set of chromosomes performs. One

of the most important determinants of GA functionality is how fitness functions are defined43.

In summary, what genetic algorithm does is generate a population of candidates for a

problem's solution and then put that population through evolutionary pressure.

Analyzing the population to discover the most likely answers requires a evaluation of the

capability of solutions (individuals) (best solution to the problem) to reproduce, certain

individuals are favored over others through the process of selection. How suitable a solution is

directly correlates with how likely it is to be picked. - Crossing: recombining some of the

features of the selected solutions to create new persons. - Mutation: the process by which the

features of offspring are changed, hence increasing genetic diversity. Individuals of the

current generation have been integrated into the population; - Completion: it is determined if

the prerequisites for the conclusion of development have been met, and either the process is

restarted, or the evolution is halted if they have not. Genetic algorithms are depicted in Figure

2.1. Further, the pseudocode for a traditional genetic algorithm is included in Algorithm 2.1.
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Figure 2.1: Genetic Algorithm Structure 44

Algorithm 2.1: Genetic Algorithm

Input:

Population Size, n

Maximum number of iterations, MAX

Output

Global best solution, Ybt

begin

Generate initial population of n chromosomes Yi ( i = 1,2,………,n)

Set iteration counter t = 0

Compute the fitness value of each chromosomes

while (t< MAX)
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Select a pair of chromosomes for initial population based on fitness

Apply crossover operation on selected pair with crossover probability

Apply mutation on the offspring with mutation probability

Replace old population with newly generated population

Increment the current iteration t by 1.

end while

Return the best solution Ybt

end

Genetic Algorithm45

2.6.2 Ant Colony Optimization Algorithm (ACO)

In swarm-based searching, ACO serves as a solution algorithm and is therefore a discrete

heuristic algorithm. It functions similarly to how real ant colonies act when searching. The

algorithm steps are outlined below46.

The ant searches randomly for food in the region. Artificial pheromones were left behind after

the ants brought the materials back to the cavern. There was a drastic improvement in signal

concentration from higher-to-higher sample sizes. The pheromone trail is used by other ants

to locate the source of the sampling. First, pheromone trails need to be set up. Each ant then

comes up with a solution that depends on the pheromone's value utilizing the deterministic

conditional probability rules. Moreover, the proportion of pheromones varies with time, going

through an "evapotranspiration" step in which some of the pheromones are lost and an

"intense" phase where every ant has a big stockpile of hormones; this calculation indicates the

system provides versatility. Repeated until the conditions are no matter how many years, the

procedure is continuous47. The ACO algorithm is a reiterative development, as shown by the

flow chart in Figure 2.2.
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Algorithm 2.2: Ant Colony

Input: Original pheromone paths values.

Output: Finest result initiated or a conventional result.

Replicate for each ant do

Solution construction using the pheromone trail;

Update the pheromone trails:

Evaporation;

Reinforcement;

end

until Ending conditions

Ant Colony48

Figure 2.2: Flow diagram for ACO 49
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2.6.3 Factor Analysis (FA)

The primary idea of FA is to categorize the observations information, grouping those that are

highly correlated together into the same group. This reduces the degree of correlation seen

between individual groups of factors, and hence the degree of irrelevance among them. The

outputs of the multidimensional platform, as well as the impact of the many elements on the

framework, may be described, and the optimal group for each of the characteristics can be

determined using the knowledge included in the subset50.

The Principal Component Analysis (PCA) technique and the FA methodology differ in that

the former makes the assumption of the perceptible arbitrary vector (aI = a1, a2, ldots, an),

while the latter assumes the unmeasured vector (Vj = V1, V2, ldots, Vm) in the scheme aI =

math op summation limits j = 1m (n > m), where (a ij) is the factor Public factors (V) are

theoretical variables that occur in the representation of all unique participants to different but

cannot be directly observed by researchers. The variable (var epsilon I stand in for the weight

of the singular factor (c j), and the variable (aI influences the singular factor (c j) (var epsilon

i). The factor loading is found by computing the linear relationship between the parameters,

and this is the central issue in FA. Let's pretend (A) is the composite reliability matrix,

defined as A = (a ij) n * m 51.

To perform dimensionality reduction, first, identify the number of latent variables using the

value of (alpha), and then compute the factors' synthesis score. Dehak recommended a

language that is extremely depictive for use in supervised methods. In this approach, a low

point space, reliant on both the device and the network, is generated. This region is dubbed

the "may choose region" since it accounts for variations in both the speaker and the medium 52.
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2.6.4 Artificial Bee Colony Algorithm (ABC)

This is an advanced procedure for minimizing or optimizing a function through

communication between individuals in a community. Bees can be categorized as workers,

observers, or scouts. Half of the bees are worker bees who are dedicated to a specific flower

or crop (a current solution). The other half consists of bystander bees, which will approach the

source of food in ratio to the nectar associated directly by the worker bees, so boosting the

predation operation. After a fixed number (m) of iteration, if the bees haven't found a way to

improve their lives, the worker bee is replaced by a scout bee, which flies off in seek out a

new prey species. Therefore, the ABC relies on three adjustable parameters: swarm size (NP),

the maximum number of failed visits (limit), and sampling interval (maxCycle). The steps in

the method are as follows 53:

i. Spread the scout bees out randomly among the first food sources. A scout is hired at

the ith point, denoted by the D-dimensional vector Xi.

ii. Employed bees can be sent in search of food, with the quality of their solution being

measured against a cost metric.

iii. Estimate how likely it is that bees passing by will go check out the source of food. i.

SN is the whole sum of worker bees and G(i) is the fitness purpose derived from g, Pi

is distinct as G(i)/ SNj=1 G(j). Let the curious bees loose in a fair selection, and then

rate their answer quality.

iv. Deploy foraging bees to discover undiscovered food sources.

v. If the conditions are not met, think back to the best food source you've located this

distance and go back to phase 2.

vi. This formula describes the function G(i): G(i) = 11 + gIgI01 + abs (gI gI 0).

vii. At each subsequent call (phases 2 and 4), efforts are made to refine the precise

position of the food supply.



30

If j is a measurement selected at arbitrary, then is a consistently circulated arbitrary sum in the

series [1, +1], and k = I then the ith exploited bee positioning is maintained using the input of

a selected at the random employed bee with index k. A greedy approach occurs when the

answer is improved, indicating X′i as the new food basis; alternatively, the solution is rejected,

and the position remains the same. When Xi,j and Xk,j are vectors, then X′i,j = Xi,j Plus (Xi,j

Xk,j) (2) After m iterations of probing the same food source without success, the worker bee

linked with that source turns out to be a spy bee and flies to a place chosen at random within

the search area. As a result, with a limit of one scout every iteration, the worker bees will

carry out the investigation, leaving behind depleted sources and introducing undiscovered

sources 54.

Algorithm 2.3: Artificial Bee Colony

 Begin

   InitPopulation()

    As the rest of the iterations

choose local search sites

To assess fitness and populate the desired locations,

bees must be recruited.

Find the healthiest bee and pick it.

Put the rest of the bees out

look for whatever you want

Assess the viability of the surviving bees.

Until UpdateOptimum() Is Called,

Return the best solution

  End

Artificial Bee Colony55
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2.6.5 Bee Colony Optimization (BCO) Algorithm

An instance of a demographic approach is the BCO. It was first suggested, and later

implementations have further refined and improved upon the original concept. The original

iterations of the algorithm were more faithful recreations of natural bee activity. Scout bees

played a significant part in these variants, hive locations were prioritized, and the recruiting

process was more analogous to the actual one than in the present algorithm. Here, we'll give a

thorough rundown of the current iteration, pointing out key distinctions while also

demonstrating some practical uses. The optimal solution is found by a cooperative effort from

a swarm of agents (robotic bees) that are all B bees. Only one answer to the problem is

produced by each synthetic bee. The respective step of the BCO procedure consists of a

frontward and a regressive pass, which occur at regular intervals. In every forward pass, the

artificial bees investigate new areas of the search space. It uses a predetermined amount of

steps to build and/or enhance the solution, yielding a different answer. Bee 1, Bee 2, ..., and

Bee B should all be able to vote on n different entities. A bee should only forward pass to a

single target at a time56.

The second stage, characterized as the backpropagation algorithm, begins once the bees have

returned to the hive with their newly acquired optimization algorithms. During the reverse

phase, all of the artificial ants discuss the efficacy of their suggestions. In the wild, after bees

find a good food patch, they will return to the hive to alert the other bees of the abundance of

the patch and its accessibility to the hive through a spinning routine. The search algorithm

uses bees to broadcast the optimizer desirability or the number of the optimization problem.

After considering all the options, each bee makes a probabilistic decision as to whether or not

it will stick with its current answer. The bees who come up with the best solutions are the

ones most likely to keep them and spread the word. Artificial bees that are faithful to their

incomplete answers are recruiters, in the sense that other artificial bees take their solutions
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into account, in comparison to their natural counterparts. Once a bee gives up on a solution, it

is no longer committed to it and must instead pick one of the promoted alternatives. This

determination is likewise based on frequency, so that more promising promoted solutions are

more likely to be pursued. At the beginning of each regressive pass, the bees are split into

clusters “R recruiters, and residual B-R indifferent bees”. The principles of R and B-Rare shift

from single round of retrogression to the next57.

Forward and backward pass phases of the search process alternated to produce all possible

solutions (one for each bee). One iteration of the BCO is accomplished when the finest

solution is found and utilized to apprise the total best result. Here, we get rid of all the B

solutions and start a new iteration. Until a termination condition is reached, the BCO will

continue to iteratively loop. Conceivable stopping measures contain reaching the maximum

allowed CPU time, reaching the maximum allowed the sum of frontward/regressive passes

without enhancing the target function, etc. Once all other solutions have been exhausted, the

best one (the "global best") is reported. The following are the required settings for an

algorithm before it can be run: The number of bees in the beehive is denoted by the letter B.

NC - The total number of forwarding passes in which all positive actions were taken. At the

outset of the search, all of the bees are safely within the hive. Rendering to the central concept

of the most up-to-date implementation of the BCO algorithm, the hive is an abstract entity

without a fixed position that has no bearing on the algorithm's performance. Its sole function

is to designate the checkpoints at which the bees meet to discuss the progress of the search in

real-time 58.

Algorithm 2.4: Bee Colony Optimization

1. Begin an empty solution provided to each bee.

2. For each bee: / the preliminary round

i. counter positive forward passes by setting C = 1.
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ii. consider all potential positive actions, and

iii. make the decision based on an appraisal by spinning the roulette wheel;

It might be written as follows:

iv. c = c + 1; If c = NC,

continue to ii.

3. every bee has flown back to the hive, and the reverse pass has begun.

4. compute the (partial) value of the bee's objective function.

5. Every bee makes a haphazard choice between continuing its independent research and

becoming a recruiter and becoming a follower.

6. Choose a different answer from the recruiters using the roulette wheel for each of your

followers.

7. Step 2 is taken if all solutions have not been implemented.

8. choose which option is the most viable, then implement it

9. If the requirement for stopping is not met, continue with step 2;

10. Show the best answer that was discovered

2.6.6 Firefly Algorithm

The firefly algorithm (FA), advanced in 2008, is stimulated by the emotional instability and

dazzling light displays of tropical fireflies. FA is easy to understand and execute due to its

flexibility and simplicity59. At zero range, the desirability of two fireflies is 0, therefore the

motion of one firefly, I, is driven to the motion of another, brighter firefly, j. Third, we have

diversification, where xi is a factor for how much to shuffle the deck, and ti is a vector of

pseudo-random taken at time t from a Gaussian kernel.

In other research, like Lévy flights, randomized is defined in terms of t I, which may be

easily generalized to cover a wider range of distributions. We have extensively analyzed the
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firefly method and its many variations. From this, we may deduce that mutation is employed

in both local and global searches. Larger scale mutation occurs when t I is selected from a

Distribution function and Lévy flights. Nonetheless, if it is set to an extremely small value,

the resulting transformation will be tiny and confined to a narrow region of space.

Interestingly, the selection in the algorithm is implicit rather than apparent because g is not

employed in FA. Updates in FA's two loops make use of ranking and selection logic,

nevertheless. Using attraction is a completely new concept, and it has never been used before

in any SI-based algorithm until FA. FA's population can naturally divide into subgroups, each

of which can swarm towards a local mode due to the greater strength of long-distance

attraction compared to a local attraction. The real optimality of the problem is always the

global best approach from all the local modes. FA is a natural and economical solution to

multimodal challenges60.

Algorithm 2.5: Firefly (FA)

Objective function f(x), x= (x1, ……….., xd)T

Generate an initial population of fireflies xik, i = 1, 2, . . . . . ., n and k = 1, 2, ……., d

Where d = number of dimensions

Maxgen: Maximum no of generations

Evaluate the light intensity of the population Iikwhich is directly proportional to f(xik)

Initialise algorithm’s parameters

While (i<=n)

While (j <= n )

If (Ij< Ij)

Move firefly i toward j in d-dimension using Eq. (4)
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End if

Attractiveness varies with distance r via

exp[-r2]

Evaluate new solutions and update light intensity using Eq. (1)

j= j+1

End while

Rank the fireflies and find the current best

if stopping criteria is satisfied then stop

else i = i + 1

End while

Post process results and visualization

Firefly (FA)61

2.6.7 Particle Swarm Optimization (PSO)

It employs a swarm of probes to help find what you're looking for. In PSO, particles

remember their positions in the search space and how they relate to the optimal answer. My

favorite place in the world is right here (pbest). However, the best global position for a

particle is the one where its fitness is maximized (gbest). Based on its own and its neighbors’

flight histories, a particle will adjust its position in the search domain and its velocity to head

in the direction of its pbest and gbest locations62. The following basic elements must be

considered when implementing the PSO 63:

In mathematics, a particle is a candidate solution denoted by a vector.

Swarm: A group of moving objects where individual particles appear to be traveling in

different directions.

Location optimal for a particle: At each position in the search space, a particle's fitness is

compared to the highest value it has ever achieved.
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Position at the top of the global leaderboard, as determined by the aggregate of all previous

first places.

Particle velocity refers to the rate of motion of individual particles. After calculating the best

local and global placements, the particle's speed is adjusted accordingly. When a new

generation's updated velocity is calculated, the positions of all particles are reset 64. The PSO

algorithm's search procedure is as follows:

Algorithm 2.6: Particle Swarm Optimization

The first step is to define the parameters of the PSO and the constraints on the choice

variables of the optimization problem.

The second step is to generate a population of particles moving at random speeds and

locations.

Third, evaluate the health of each particle.

Fourth phase: Iterate until the endpoint is reached.

(a) Evaluate each particle's fitness with its pbest. Keep the greatest as your pbest.

(B) Evaluate how the current gbest rank stacks up against the previous gbest rank.

Each particle's velocity should be updated using Eq (1).

(d) Modify the location of each particle with Eq (2).

Fifth, have the world's best particle coordinates and fitness level printed out.

End

Particle Swarm Optimisation24

2.7 Methods of Hybridization

The standard method for creating hybrid algorithms is through iterative trial and error. Thus,

hybridization can be seen as a metaheuristic strategy for evolutionary change. Selecting two

or more optimization algorithms or any algorithm at all at random from a collection of

algorithms (both standard and novel) yields a basic method of hybridization. Hybrid



37

procedures, for instance, ABC-HS, SA-PSO, DE-PSO, and numerous more, can be created

from a collection of existing algorithms such as PSO, BA, DE, ABC, ACO, CS, FA, HS, FPA,

SA, then hill climbing. However, a hybrid's performance is often inconsistent; certain aspects

may improve while others may worsen if such a simplistic method is employed 65.

To develop superior hybrids, familiarity with algorithm fundamentals is required.

Nevertheless, this heavily depends on the skill and knowledge of the algorithm developer.

Important algorithm operators include crossover, mutation, random walks, elitism, Lévy

flights, gradients, and chaos. An algorithm can be improved upon by including these

aforementioned operators, Also, an algorithm can be fine-tuned by including one or more new

parts. Consequently, some scientists have developed PSOs, genetic algorithms66, and so on,

that incorporate elements of chaos. Look more attentively at these underlying elements. They

can be broken down into four distinct classes67:

When talking about biological controllers here, Elitism can take the form of crossover or

recombination, mutation, or selection.

The use of randomization. Some examples of probability distributions are the random walk,

the Lévy flight, and the Gaussian distribution.

Characterized by an absence of predictability. Maps that are iterated over, and utter anarchy.

Both attraction and repulsion. Light intensity, gravity, electromagnetism, attractiveness, and

other forces based on distance or resemblance attract one another.

Reasons for aversion include unfamiliarity, threat, antagonism, and variety.

There is a wide range of effectiveness amongst categories, and each can serve a unique

purpose in terms of exploration and exploitation potential. Theoretically, a hybrid can be

created by selecting one component from two or more distinct groups based on their
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characters or qualities. This strategy has the potential to yield superior algorithms to those

obtained from a simple mix and match of any two algorithms68.

2.8 Feature Extraction

After the preprocessing stage of a character recognition system, features are extracted.

Accurately classifying input patterns into one of several target classes is the major focus of

pattern recognition. Feature extraction is crucial in any pattern classification process since it

helps identify the most distinguishing characteristics between classes. In this process, feature

vectors are constructed by extracting salient features from objects and alphabets. Classifiers

use these feature vectors to effectively match input and desired output units69. It is thanks to

this data that the classifier can make such fine distinctions.

The term "feature extraction" is used to describe how important data is picked out of a vast

dataset. Feature extraction is the development of identifying and removing the unique

characteristics that give a character its physical appearance. Each character is given a distinct

fingerprint in the arrangement of a feature vector extracted during the feature extraction

procedure. Extracting a set of features that exploits recognition amount with the fewest

number of components is a primary goal of feature extraction, as is developing feature sets

that are identical for different instances of the same symbol. Template matching, deformable

templates, and unitary image modifications are some of the most frequently used methods of

feature extraction70. Descriptors such as the Fourier transform, spline curve calculation,

gradient, and Gabor features, Zernike moments, silhouette contours, partitioning, symmetrical

instant invariants, and zernike instants. There needs to be a representation of the data that

makes it easy to perform some sort of analysis on it later, be it pattern recognition, denoising,

information density, imagining, or others. Finding a positive variation is now possible using

one of several proven primary procedures. Numerous feature extraction algorithms exist and
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are used routinely, including principal component analysis, partial least square, independent

component analysis, and linear discriminant analysis71.

Significance of Feature Extraction (FE)

To get features, FE approach is useful to the sectors after pre-processing and the necessary

subdivision level (word, mark, letter, or sign) obtained. This is surveyed by the classification

and post-processing application procedures. Due to its obvious effect on the identification

system's efficacy, the feature extraction phase warrants the utmost attention. "Extracting from

raw data information that is most suited for classification purposes," even though "minimizing

within class pattern variability and increasing between class pattern variability," is the

description of feature extraction. Consequently, attention must be reserved while indicating

the right FEn method based on the input to be used. Because of this, it is important to

investigate the numerous feature extraction methods applicable to a specific domain and their

applicability to a wide range of use cases 72.

2.8.1 Principal Component Analysis (PCA)

Reducing the independent variable numbers in a set of data is one goal of the data mining

approach known as dimensionality reduction. Common definitions of dimensionality

reduction include an assortment of features constructed from a subset of all features with

removal function constructed from the combination of preexisting features to generate a new

subclass of the groupings. Feature extraction using PCA is a common practice73. The

following principal component is the orthogonal linear grouping with the next highest

alteration to the initial PC. The number of determinants is comparable to the number of

constraints. Many datasets can have their remaining PCs discarded with little loss of

information since the initial few PCs describe so much of the modification. Since variance

grows in proportion to the size of a variable, it is usual practice to first normalize each
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variable to have a zero mean and one standard deviation. Since becoming institutionalized,

any differences in initial variable measurement have been standardized. We can anticipate

reliable information from the empirical covariance matrix74.

PCA is the most effective direct dimension reduction approach in terms of mean-square error.

Since it utilizes a grid based on the variables' co-variances, we classify it as a second-order

technique. In different contexts, this technique may be referred to by several names, including

the Karhunen-Loeve transmute, the Hoteling transmute, and the experiential orthogonal

function (EOF) technique. By locating a small number of impertinent linear combinations (the

PCs) of the first variables with the highest alteration, PCA aims to lessen the data

dimensionality. The first principal component (PC), denoted by s1, is the linear grouping with

the greatest degree of variability. where u1 = (u1,1...u1,q) S denotes a p-dimensional

coefficient vector75.

To summarize, PCA is a statistical analytic procedure that exploits feature validity to reduce a

huge number of feature indicators to a trivial number of comprehensive indicators. The goal

of principal component analysis (PCA) is simplification, and PCA accomplishes this by

allowing the innovative intricate attribute to be recognized by a few unified factors that

indicate the relevant data evidence in the innovative variable as significantly as conceivable

but have no relationship with one another. There are (np) observations since each sample

measures a different number of indicators, but the indicators often interact with one another,

hence the purpose of PCA is to investigate how to extract the principal components from the

indicators76.

Using PCA, we may reduce a massive dataset (containing n correlated variables) to a

manageable size (containing m highly uncorrelated components or factors; mon), all while
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keeping as much of the original dataset's variation as possible. Respective component is a

linear grouping of the original variables, and PCA determines their eigenvalues and

eigenvectors. The first factor is largely responsible for the total variation, the second for the

remaining fraction of the total, and so on. There is a continuous scale from 0 to 1 that

represents the variance of each factor. If you give it a number, say 0.9, you can pick a subset

of components whose cumulative variance is equal to or larger than 0.9, which will explain

90% of the modification in the full dataset. A subset of the original variables might be more

relevant to investors than the components that principal components analysis (PCA) often

yields 77.

Algorithm 2.7: Principal Component Analysis

1: Train PCA

2: Calculate point creation matrix: YS Y = QN i=1(yi − µ) S (xi − µ)

3: Eigen-analysis: YS Y = UΛUS

4: Calculate eigenvectors: V = YUΛ− 1 2

5: Retain precise amount of first components: Ve = [v1, . . ., ve]

6: Calculate d features: Y = Ud T X

Principal Component Analysis78

Analyze the Principal Components (PCA)

An unsupervised analysis is performed using PCA. The information it generates is standard,

and the covariance matrix is diagonalized. Orthogonal variation is used to convert the

standard inherent correlation coefficient characteristic into linear predictor variables. One

challenge with linear dimensionality minimization approaches is the concentration of noise in

a smaller subset of the dimension. To filter examples and boost the possibility of illustrating,
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PCA is used. Popular applications of principal component analysis (PCA) include

dimensionality reduction, attribute extraction, data compression, and visual analytics79.

PCA defines the principal dimensions of the subspace by capitalizing on the uncertainty of

static results. An illustration of the experimental value produces a function vector of the

observed values in this major subspace. An eigenvector ui, of matrix S, is produced by the

vector that maximizes the change in the predictable information, while an eigenvalue I, is

produced by the vector that produces the largest variance size along the route of the

eigenvector. Eigenvectors with the best eigenvalues in the M-bit representation of matrix S

make up the primary subspace obtained via principal component analysis80.

Concerning recognition systems, feature extraction is the most crucial step. Recognizability

typically improves with the deployment of effective feature extraction methods. Ultimately,

the purpose of feature extraction is to yield an effective illustration of the full image based on

the extracted features.

A linear transform is used in statistics; Principal Component Analysis (PCA) extracts key

patterns from large data sets. Initially developed by Pearson, it quickly gained popularity.

Character recognition, data compression, and facial recognition are just a few of the many

patterns’ recognition uses for this algorithm. In this study, PCA was utilized as a global

statistical text feature extraction technique to excerpt and choose the imperative features of

images before classification with SVM classifiers. To work with smaller images, feature

extraction techniques like PCA are frequently employed. The data mean matrix is the first

thing that PCA does. The covariance of the information is then calculated. Next, estimates are

made for the Eigenvalues and Eigenvectors. The PCA looks for the direction in space that top

arrests the largest alteration in the information. To transform data from high-dimensional

space (A = a1, a2, ..., an, where n is the number of models and ai is the ith comment, sample,
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or pattern) to low-dimensional space (PCA space, W), this definition provides a PCA space

(W)81.

Feature extraction and dimension reduction using Principal Component Analysis have proven

useful in several standalone character recognition systems. The PCA is employed in the

subsequent six phases to extract and select characteristics from blurred images82. In the first

step, the two-dimensional blurred image is transmuted into a one-dimensional vector by

joining all the columns and rows of the corresponding two-dimensional matrix. A vector, px,

is the rate of picture element Xi in the sample image, and T is the transpose of the vector set.

The next segment is to compute the average of the image. Third, locate the middle of the

picture by calculating the wi. Four, locate S, the covariance matrix. The connections between

two or more dimensions are evaluated by this matrix. Fifth: Find the Eigenvalue and

Eigenvector of S. Afterward, the eigenvectors are ranked according to the eigenvalues with

which they are associated. Sixth, pick the largest eigenvectors, W = v1... vk, based on their

eigenvalues. The values for W were picked such that they would fall within the PCA's

projection domain. Then map the W values onto the PCA's low-dimensional space.

2.8.1.1 Kernel Principal Component Analysis (KPCA)

Several methods and kernel functions have been explored as possible PCA extensions to deal

with non-linearity. Before executing PCA on the data, a kPCA first maps the samples into a

high-dimensional kernel space, where the data can be transformed from a nonlinear to a linear

distribution. KPCA is based on the premise that the original input vectors can be transformed

into a high-dimensional feature space F using a non-linear function, and then the linear PCA

can be calculated in feature space. The covariance medium in F is given by CF = 1/m i=1m

(xi)(xi) T, where xi is one of the input vectors (1, 2, 3, ...) in Rn83.
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The magnitude of the kernel matrix in kernel PCA is proportionate to the square of the

number of instances in the input set of data, which is just one of the numerous major

limitations. In addition, keeping large pairwise distances are a top priority for Kernel PCA84.

By contrast, the covariance matrix is not used in kernel PCA; rather, the primary eigenvector

of the kernel matrix is calculated. The kernel matrix K is a representation of the information

points xi. Where k is the kernel purpose, the entries of the kernel matrix are defined as cij =

c(ai,aj). Because the kernel matrix is most analogous to the process by which data points are

generated in high-dimensional space when a kernel function is used, PCA can be reformulated

directly in kernel space. Applications of kernel PCA in areas as diverse as face recognition,

speech recognition, novelty detection, and more have been met with great success85.

Algorithm 2.8: KPCA

Initialization m=1, w1 = 1, K1= k(x1,x1), β1 = 1

At each instant t≥2, upon acquisition of xi

1. Compute k (xt) k(xt) = [k(xw1, xt)…. k(xw1, xt)]T
2. Subspace representation of k(xt,.) βt = Km-1k (xt)
3. Compute (square) distance to subspace ∈2t = k (xt, xt) – (xt)T βt
4. IF the distance criterion is satisfying:∈2t ≥ v

Increment the model order m =m + 1, wm= t, t =[��
� 0]T

Update the inverse of the Gram matrix, K-1m = ��−1
−1 0
0 0

+ 1
��
2

− ��
1 [ − ��

�1

and the empirical kernel map k(xt) k(xt) = [k(xt)T k(x1, xt)] T

Update subspace representation of k(xti.) βt = [��−1
� 1]T

5. Output ��(��) yt = Tt k(xt)
6. Update the coefficients t+1= t + ntyt (βt -yt t)

Principal coordinate of any x �(x) = T k(x)

KPCA86
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2.8.1.2 PCA in Two-Dimension (2DPCA)

After projecting PCA over a larger space in two-dimension, we get 2DPCA. Its core premise

is still the same as PCA, though: to project as much of the state-of-the-art data as imaginable

onto a small set of primary components while maximizing the variance sum of that set. Image

data training set A = AiRmn,I = 1, 2, M, where M is the number of training models, m and n

are the rows and column pixel dimensions, and W = [w1, w2, wd] is the feature matrix. If we

let Rnd be the feature matrix and d be the number of major projection vectors following

transformation, then the unbiased function of 2DPCA can be written as follows. Matrix traces

can be represented as87:

Maximum Work Time Worked = Iktr(i=1MWT(Ai)TAiWT) = Iki = 1MAiW2F tr(); if there is

an n-by-n matrix A, then A's trace is equivalent to the sum of its eigenvalues, or the sum of its

principal transverse elements88.

Algorithm 2.9: 2DPCA

Input: Ai ∈ R m x n (i = 1, ……, N), k, where A is centralized, ϒ=0.00001. Initialize V(t) ∈ R m

x n which satisfies VTV = I, t =1

while not converge do

1. For all training samples, calculate d(t) (i = 1, ….., N) by Eq. (8)
2. Calculate H(t) according to Eq. (9), i.e.., H(t) = �=1

� �� iTdi(t)Ai

3. Solve V(t+1) = argmax tr(VTH(t)V): the column of the optimal solution V(t+1) are the
eigenvectors of H(t) corresponding to the k largest eigenvalues.

4. Update t ← t + 1
end while

Output: V(t+1)∈ R m x k

2DPCA88

2.8.2 Independent Component Analysis (ICA)

A modern statistical technique, ICA has emerged recently. The determination of this

technique is to linearly partition observational information into statistically indiscernible
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subsets. The core concept of ICA is to employ a model of statistical variables that are left

implicit, x = As89. ICA is a computational method for decomposing a sign into its constituent

parts. As an example of a popular ICA solution, consider the "cocktail party problem," in

which test data from people speaking in a room are reduced to basic voice signals. One

popular method for making sense of this intricacy is to look for the lack of delays or echoes. If

there are N sources, then you must also account for the fact that you will need N

approximations (e.g., microphones) to mine the primary signals90, 91.

This particular statistical model is known by its acronym ICA. What this means is that the

visible data is the result of a combination of several distinct components. To further

complicate matters, only the random vector (x) may be explicitly observed, the mixing matrix

(A) is presumed to be indefinite, and both (A) and (s) must be approximated under certain

constraints92. The ICA presumes the components are non-Gaussian and statistically

independent, and that the unidentified mixed matrix is square. Calculating s = Wx's

independent components requires first determining the inverse W of A. For this reason, the

ICA model can't rank the variance of components or establish their order of importance93.

The sparseness of the basis function is employed in an enhanced version of the independent

component analysis algorithm for feature extraction in images. Since it does not necessitate

the optimization of high-order nonlinear assessment functions, this technique possesses

respectable sparsity and a quick convergence speed. Studies in the works that employed ICA

for facial recognition showed its vast future potential. Since ICA is a relatively new concept,

its theory and algorithm are still in their infancy and several aspects of the field could use

further refinement or expansion. Wang introduced the ICA-DR method of dimensionality

reduction, which employs mutual information as a criterion for measuring data statistical

independence above and beyond second-order statistics. Therefore, the ICA-DR can maintain
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and retain information that is lost when using dimensionality reduction approaches based on

second-order information. Numerous research has employed independent component analysis

(ICA) to extract features from microarray gene expression data. A unique (artificial bee

colony) ABC-based feature selection strategy was developed consisting of two phases: an

ICA-based and an ABC-based wrapper extraction method. One benefit of ICA is the total

features removed is proportional to the input examples 94.

Algorithm 2.10: Independent Component Analysis

Step 1: Take the detected signals and center them to get rid of the mean;

Step 2: Normalize the data;

Step 3: Pick an initial value and let it stand for now; Step 4:

Step 4: Select a starting vector at random with norm 1;

Step 5: Revise the Lagrange multiplier;

Step 6: Revise the demixing vector by, where is the rate of learning;

Step 7: Normalize by;

Step 8: When the second increment of or a minus is found, the algorithm is restarted with a

new beginning value via the deflationary orthogonalisation method.

Independent Component Analysis95

2.8.3 Linear Discriminant Analysis (LDA)

To extract classification information and reduce dimension, LDA's primary goal is to project

the unique example onto the finest discriminant vector space, so that the projected data

samples have the broadest covariance separation and the shortest inter-class range

(determined inter-class scatter matrix and minimum intraclass scatter matrix)96.
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As an extension of PCA, IPCA and Incremental Discriminant Analysis (IDA) are also

available. Also, incremental weighted average sample analysis is offered as a novel

incremental facial feature extraction method for immediate face identification. It is proposed

to employ semi-supervised linear discriminant analysis (SLDA), which allows LDA to

accommodate the circumstance of only a small amount of categorized data by training on both

the small amount of categorized data and the vast number of unlabeled information. Statistics-

free identification analysis and other approaches successfully compensate for the weaknesses

of more conventional mathematical techniques97.

The statistical analysis techniques only look at the data's features or classify data subsets

statistically; they don't look at the data's features, examine the data satisfied of the data

subclass, or estimate the consistency and efficacy of the model from the information's

perspective. Furthermore, there are numerous examples of high-dimensional data where the

statistical investigation technique's assumption that the data set statistics are unrelated is not 98.

Algorithm 2.11: Linear Discriminant Analysis (LDA)

LDA (e = {(ySi , zi )}pi=1):

Ei = yUk | zk = di, k = 1, ···, n- 1, i = 1, 2 // class-precise subgroups

µi = mean (Ei), i = 1, 2 // class means

C = (µ1 − µ2)(µ1 − µ2)U // among class scatter medium

Zi = Ei − 1niµSi , i = 1, 2 // midpoint class mediums

Ti = ZUi Zi , i = 1, 2 // class scatter matrices

T = T1 + T2 // within-class scatter medium

λ1, x = eigen(T−1C) // calculate main eigenvector

Linear Discriminant Analysis (LDA)99
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2.8.4 Partial Least Squares (PLS) Algorithms

By establishing hyper-plane disparity in the response and independent variable quantity, PLS

is a precise method that permits some association to the key regression of the components.

Applying both estimated and perceptual variables, PLS can identify a linear regression model

in a new space.

Existing dimension reduction approaches, such as PCA, FA, NMF, etc., account for sample

variables directly. Their size-reduction ability is great. The typical dimension reduction

strategy struggles with small sample sizes since the feature dimension is bigger than the

number of examples and the covariance matrix is unique. The PLS technique is introduced

and then used on a small sample of dependent variables to reduce dimension. Partial least

squares differ from OLS in significant ways (OLS). Its main principle is to consider the

correlation of matrix Y as matrix X is compressed.

Let's say n independent variables "x1, x2, ..., xn" and p dependent variables "y1, y2, ..., yn" X

is decomposed into Y = UQU + F after some processing. U, Q, and F are the scoring matrix,

load matrix, and residual error matrix, respectively. JU is the score vector, u is the weight

vector, J is the ith column of matrix U, and q is the ith column of matrix R. Z VRu + G is the

dependent matrix. V = score matrix, R = load matrix, and G = residual error matrix. The

previous formula may be written as qk Z = vkrkU + G k= 1, 2, ..., s.

Independent variable (X) and dependent variable (Y) scores (t, u) are extracted independently

using the partial least squares technique. In addition, the covariance between the two scores is

the highest possible, meaning that they account for the determined amount of variation data

for both independent and dependent variables. The formula for the regression equation is as

follows. The matrix version of the expression is Y = BX, and the regression coefficient is
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denoted by k b. The formula's coefficient matrix, B, is denoted by the letter b. B=W(PTW)-

1QT. In the formula, the weight matrix is indicated by W.

In PLS, each dimension's computations are performed iteratively utilizing the other

dimensions' data, with I u j t being adjusted for the second round of extraction based on the X,

Y residual information at each iteration. Once the complete rate of the remaining matrix

component approaches zero, the process stops since the desired precision has been achieved.

During iteration, I u j t can exploit both the X and Y variance expressions.

Algorithm 2.12: Partial Least Square

1: procedure PLS

2: Discover eigenvectors of Sw that agree to a non-zero eigenvalue of a matrix (usually N −

C), i.e. U = [u1, . . ., uN−C ] by performing eigen analysis to (I − M)XT X(I − M) =

VwΛwVw T and computing U = X(I − M)VwΛw −1 (execution whitening on Sw).

3: Plan the data as X˜ b = UT XM.

4: Complete PCA on X˜ b to find Q (i.e., calculate the eigen analysis of X˜ bX˜ T b =

QΛbQT). 5: The total transform is W = UQ

Partial Least Square100

2.8.5 Locally Linear Embedding (LLE)

Some non-linear dimensionality reduction techniques translate high space to low space or vice

versa; others merely offer a depiction of low-dimensional graphs or grids. In the context of

machine learning, plotting strategies can be seen as an original extraction stage, surveyed by

pattern recognition procedures101. There are two main categories for non-linear dimensionality

reduction techniques: those that map from a high-dimensional space to an embedding in a

lower-dimensional space, and those that just deliver a conception in the form of charts or

plans at lesser dimensionalities. In the context of machine learning, plotting procedures can be
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thought of as an elementary feature extraction stage that is then trailed by pattern recognition

procedures102.

There are a few different supervised and unsupervised methods for reducing the dimensions

of data, respectively. As a rapid and unsupervised feature extraction methodology for

microarray data analysis, a reviewed LLE method was suggested here. LLE performance is

restrained in relationships of the classification precision element of a support vector machine

classifier. After collecting the expression data, LLE is used to reduce the dimensionality from

the thousands down to a more manageable range103. The effectiveness of the feature reduction

procedure is then assessed using the SVM classifier and the Leave-one-out classifier measure.

It is not necessary to precisely grid the embedding space for LLE, which corresponds to the

intrinsic plentiful dimensionality constant d. To compute high-dimensional embeddings, LLE

only needs to be applied once because the dominant dimensions do not change when new

dimensions are added to the embedding space. LLE can be used on manifolds with any

dimension, unlike other approaches like principal curves and sides or improver component

models. By applying reinstating weights computed from the embedding vectors YWi to the

data points XWi, an independent projection of d's intrinsic value can be made104.

A popular non-linear dimension-reduction technique, local linear embedding (LLE) is

appealing for its computational ease and quick execution. With LLE, the input points are

linearly restructured from their neighbors, and then the neighborhood connections are

preserved in a lower dimensional space 105. There is no need for class labels in the LLE

feature extraction procedure because it is completely unsupervised. This design for feature

extraction is a straightforward linear algebra problem that requires no training or iteration,

making the process really fast. Feature reduction may imply that LLE feature extraction is

appropriate for binary-class feature lessening strategies106.
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Algorithm 2.13: Locally Linear Embedding

1. Select Kmax, λ, and E.

2. Discover Kmax adjacent neighbors to respective argument xi.

3. Discover the scarce masses utilized to inscribe individual point as a linear grouping of its

nearest neighbors xj by resolving Equation (3) for respective point xi. If wij < E, set wij = 0.

4. Regulate lower-dimensional entrenching vectors by resolving the scarce eigenvector

delinquent given by Equation (1) for Y.

Locally Linear Embedding107

2.8.6 Canonical Correlation Analysis (CCA)

Harold Hoteling introduced a statistical technique called canonical correlation analysis for

interpreting cross-covariance matrices. CCA is a statistical method for determining the linear

combinations of two sets of data and the variables that correlate most strongly with one

another. Model equations connecting two sets of variables can be constructed with CCA, for

example, a set of performance measurements and a set of expressive variables, or a set of

outputs and inputs. CCA was able to make accurate class predictions utilizing only a small,

carefully selected subset of samples from known classes. To give statistical data significance,

Harold Hoteling recommended employing cross-covariance matrices and canonical

correlation analysis. Considering the two types of variables and the interactions between them,

we can perform a canonical analysis of the associations to find the linear clusters of variables

that have the strongest connections to one another. In addition, CCA can be utilized to

construct a classical equation with two sets of variables, such as a set of performance

measurements and a set of expressive variables, or a set of inputs and outcomes108.

Two methodologies that can be used to merge different modalities are CCA and its

normalized counterpart, RCCA. Linear correlations between pixel values in photographs and
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textual commitment between images have been discovered using CCA. Overfitting occurs in

CCA, despite its simplicity when the modalities have many dimensions. The incorrect

inverses of the conforming covariance matrices are due to CCA's lack of regularization.

Through the use of canonical correlation analysis (CCA), we may ascertain the linear

relationship between two-dimensional factors. It picks two bases, one for respective variable,

that work well for establishing correlations, and does so simultaneously. The method

essentially identifies the two points of support where the maximum diagonal correlations exist

in the correlation matrix between the variables. CCA differs significantly from classical

correlation analysis, which relies primarily on the principle by which the variables are distinct,

in this crucial respect109.

Algorithm 2.14: Canonical Correlation Analysis

Input: Information medium X 2 n ⇥ p1, Y 2 n ⇥ p2. A target measurement CCA. Amount of

impertinent reiterations t1

Output: Xkcca 2 n ⇥ kcca, Ykcca 2 n ⇥ kcca contain upper kcca canonical variables of X and

Y.

1. Produce a p1 ⇥ kcca dimensional random matrix G with i.i.d standard regular entrances.

2.Let X0 = XG

3. for t = 1 to t1 do Yt = HYXt1 where HY = Y(Y>Y)1Y> Xt = HXYt where HX =

X(X>X)1X>

end for

4. Xkcca = QR(Xt1 ), Ykcca = QR(Yt1 ) Function QR(Xt) excerpt an ortho-normal base of

the post space of Xt with QR disintegration

Canonical Correlation Analysis110

2.9 Classification

Parameters are typically user-set in machine-learning classifiers. Classification-optimal

parameter estimation, or "parameter tweaking." The risk of overfitting is of particular
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importance when employing very effective classifiers, such as machine-learning techniques.

This happens when the classifier's mapping of the training data is too precise, preventing it

from generalizing well. Consequently, it is even more crucial for machine learning to adhere

to the universal remote-sensing law that one assesses the classification accuracy utilizing

innovative data not utilized in training the classifier111.

Choosing a machine-learning classifier for a given job can be problematic since there is such

a large variety of such approaches, and because the works seem conflicting, making it hard to

simplify the qualified classification accuracy of specific machine-learning algorithms. Some

examples of more accurate models are artificial neural networks (ANNs), support vector

machines (SVMs), ensembles (E), k-nearest neighbors (KNNs), and decision trees.

Classification comparison studies often yield contrasting findings, which may be attributable,

in part, to methodological differences across the studies. Assuming there are no studies that

can shed light on selecting a machine-learning classifier, however, would be a mistake112.

Following the selection of an algorithm, the ensuing classification performance may be

affected by a wide variety of issues, like the nature of data training, the values selected for the

procedure's parameters, and the feature space of the predictor variables. We will now delve

into these core concerns, starting with problems with training data 113.

2.9.1 Support Vector Machine (SVM) Classification Algorithm

Support Vector Machine first proposes the idea of a vector machine. When it comes to

classification and regression, SVM is a supervised learning procedure that is extensively

employed. Finding the hyperplane that has the largest margin between the classes so that the

classes can be divided linearly is the purpose of SVM. Vector machine learning is used to
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help find datasets with insufficient training data for standard statistical methods to guarantee

an optimal answer114.

In the context of challenges with categorization. The SVM algorithm is employed; it is also

applicable to regression analysis. Points representing individual data points are then plotted in

an N-dimensional feature space, with each feature's value serving as a coordinate. Then, the

hyper-plane that most separates the two groups is identified and used to make the

categorization. When determining support vectors, the coordinates of an observation nearest

to the boundary are considered. For SVM training, data is partitioned into support vectors,

which in turn define the decision function115.

The training data are predictable to a higher dimensional feature space as the linear separation

in the kernel functionality gets easier in the input space. SVM uses a variety of kernel

functions, including the radial basis function (RBF) and the polynomial kernel, to discover a

hyperplane that effectively classifies data with small training sets. To accurately evaluate

hyperplanes and lessen classification errors, the SVM algorithm needs a suitable kernel

function. In the SVM method, the kernel shape is the most critical component. The

performance of the SVM is largely dependent on the size of the kernel, while smooth surface

similarity is largely dependent on the kernel density. And unlike other machine learning

techniques, picking the kernel function is a delicate and laborious process. It will be

computationally expensive to increase the dimensionality of the problem to support SVM

segregation because the power of the SVM approach is its ability to optimize itself by

modifying its kernel feature. Many researchers have investigated SVM and used it in a wide

range of applications. Many real-world challenges are out of their league because of the

exponential growth in the volume of training vectors that necessitates computational and

storage resources116,117.
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An example of a supervised machine learning method, the Support Vector Machine (SVM)

uses a distance measure, such as a margin, to classify input as positive or negative 118. The

bias in SVM is denoted by b, while x and w are vectors. The hyperplane is defined as wT x =

0. The optimum hyperplane for SVM is the one with the largest margin separation. An

increase in the gap between the hyperplanes can be achieved by decreasing the || w || and is

formulated. In a non-linear setting, the data may not be accurately categorized. To account for

the possibility of error, we employed a slack variable I, where I = 1, 2, 3, ..., n, and it is linked

to a constant C. The error rate increases with increasing values of C, and decreases with

decreasing values of C. D = a1, a2, a3, ..., aN Y = (7) xi.w + b +1 for all yi = +1 xi.w + b 1 for

all yi = 1 minw,b = ||w||.

The width of the hyperplane's margin is established by the SVM's support vectors. The

prediction accuracy of the SVM algorithm can be enhanced in several ways. It is possible to

alter the kernel function. It is possible to transform data that is not linearly separable into data

that is linearly separable using a mathematical function called the kernel trick, which involves

projecting the data into a higher-dimensional space. The notation for a kernel function is

K(m,n). We had two dimensions, m, and n, as inputs, and a function, f, that mapped those

dimensions into some other spatial dimension. Based on the mathematical operations

performed during the kernel technique, it is separated into the following classes119; We'll be

looking at the Linear Kernel, a radially biased Kernel, and a Polynomial Kernel.

The following definition explains how to work with linear kernels, which are conceptually

comparable to the usual dot product of two vectors. To differentiate itself from the linear

kernel function, the polynomial kernel function uses a degree of polynomials. The kernel is

also known as the Radial Bias Function and may be written as ||x1 x2||, where ||x1 x2|| is a
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Euclidean distance characterizing the decision region. In SVM, the Margin (M) and the

Misclassification Rate (MCR) are directly related to one another. This means that the rate of

misclassification rises as the margin of the hyperplane gets larger. The SVM can better

calculate the hyperplane margin with the help of the cost parameter "C." There should be no

misclassifications, hence we should use a smaller margin to classify all vectors into the

correct space.

Algorithm 2.15: Support Vector Machine120

Input: D =[X,Y]; X(array of input with m features), Y (array of class labels)

Y= array(C)// Class label

Output: Find the performance of the system

function train_svm(X,Y, number_of_runs)

initialise: learning_rate innumber_of runs

error = 0;

for i in X

if (Y[i]*(X[i]*w) < 1 then

update: w = w + learning_rate *((X[i]*Y[i]) * (-2 *(1/number_of_runs)*w)

else

Update: w = w + learning_rate * (-2 *(1/number_of_runs)*w)

end if

end

end

Support Vector Machine120

2.9.2 Ensemble Classification Learning

The goal of ensemble classification, a generic meta-approach to machine learning, is to

improve predicted performance by integrating methods. Combining many machine learning
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algorithms into a single model will maximize its accuracy because it will capitalize on the

advantages of each unique method. The use of an ensemble of learners has proven superior to

that of a single classifier when it comes to picture prediction and classification121.

Specifically, bagging, stacking, and boosting are the three subcategories of ensemble learning.

As opposed to the stacking technique, which involves fitting multiple separate models onto

the same data and then using a third model to learn the combined predictions, the bagging

method focuses on making many decisions on different samples of the same dataset and

determining the average forecast122.

By combining the strengths of numerous models, the ensemble system of machine learning

applications can generate results that surpass those of a single model alone. By combining

multiple models into one, an ensemble can be used to increase prediction accuracy, decrease

prediction error (through bagging), or counteract bias (by boosting) (stacking). Technical

classifications of ensemble methods including bagging, boosting, stacking, and random forest

exist, as do sequential, parallel, homogeneous, and heterogeneous ensemble machine-learning

techniques123,124.

By contrast, the continuous approach sequentially initiates the basic learners (where the data

reliance persists). Moreover, all subsequent data in the foundational level depends on the data

in the foundational level before it, and the incorrectly labelled must be weight-adjusted to

produce a performance analysis of the system. One technique that fits this description is called

"boosting." The parallel approach guarantees that the foundational learner is started

simultaneously, there is no data dependency, and all data are generated separately125.
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The homogeneous ensemble approach is useful for a wide variety of datasets because it

employs a mixture of the same kinds of classifiers. Each classifier uses a unique dataset, and

after compiling its results, a robust model emerges. No matter what sort of data you're looking

to train on, you can use the same feature selection approach. The biggest issue with this kind

of model is that it is highly costly to compute. The most well-known implementation of this

paradigm is the bagging and boosting strategy. On the other hand, tiny datasets can benefit

from the heterogeneous ensemble approach, which mixes many classifiers that were all

trained on the same data but with distinct feature selection processes. A typical classifier of

this sort is stacking126.

2.9.2.1 Ensemble Approach Technical Classification

I. Bagging

The bootstrapping and aggregation of two models into a single ensemble model is the essence

of ensemble learning with the bagging approach. Every element in bagging has an equal

chance of appearing in the new dataset, as random sampling is used to reduce model variance

by generating extra data during the model's training stage. This technique helps lessen

uncertainty and zero in on a more precise prediction. When it comes to increasing the

precision of an algorithm, nothing beats the tried-and-true technique of bagging. The method

of estimate utilizing several classifiers is conceptually similar to that of bagging. The results

of each course are evaluated and chosen.

II. Boosting

The boosting technique of ensemble classification makes use of a constant approach of

classifying depending on the features that the subsequent model will use. When applied to a

poor learner model, boosting techniques can improve its performance by increasing its

weighted average. The considerably more robust trained model largely relies on the many,

much more limited trained models. The least correlated true classification is found in the
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weak learner, and incremental improvements lead to somewhat higher correlation in the next

weak learner and so on until the weak learners are aggregated into the strong learner, which is

significantly correlated with accurate classification127.

III. Stacking

The stacking strategy utilizes regression methods or several model combinations, as well as a

separate classifier. Training the lower-level model using the complete dataset is required, and

then the results are fed back into the training of the collective model. This is distinct from

boosting because the lower level is in line with parallel training. The next model is built as a

stack based on the forecast from the previous level. The stack operation is structured so that

the most trained and most accurate prediction is at the top of the stack, while the least trained

and least accurate prediction is at the bottom of the stack. One prediction is made after

another until the one with the fewest mistakes stands out as the winner128.

2.9.2.2 Ensemble Framework

When it comes to machine learning, ensemble methods and/or models combine many learning

algorithms to produce superior predicted performance compared to that of using a single

learning model alone. Since the individual models in an ensemble are more distinct, the

resulting experimental results are more reliable.

2.9.3 Random Forest

As its name suggests, the Random Forest (rf) classifier is an ensemble of numerous individual

decision trees. In this technique, each tree in the random forest predicts a class, and the class

with the most votes determine the model's forecast129. The concept and driving force behind rf

are "the wisdom of crowds." The reasoning behind this is that a group of models (trees) with

low correlation will perform better than a single model. To rephrase, the rf classifier, like the

DT classifier, does not need feature scaling and is instead built from a collection of "weak
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learners" (trees). The rf classifier outperforms the DT classifier in terms of robustness to both

training sample selection and noise in the training dataset130. However, the rf classifier

presents additional challenges in terms of comprehension. The data set is sampled in the

random forest models by tree operations. The tree is aggregated after being fitted on bootstrap

samples to reduce error. It employs the features to randomly select the dataset to construct the

tree, which helps to lower the outputs' correlation.

Because each tree in the model has its unique structure, the random forest model is ideal for

identifying missing data because it selects a random subset of the sample to lower the

likelihood of sharing prediction values. When less accurate predictions from many trees are

averaged, the resulting variation leads to improved results131. This algorithm, which is a forest

of decision trees loaded with arbitrary and unique algorithms, provides a set of procedures

that function together. Based on the results of numerous decision trees, the majority vote

decides. It's one of the most powerful algorithms out there. It's effective at classification and

regression, but overfitting is a major problem132.

2.9.4 Decision trees Algorithm

Defining the connections and weights between attributes is the focus of decision trees, a

potent classification system. The benefits of these algorithms include a lack of the need for

complex data preparation and the display of rules that are easy to grasp and interpret. Both

numerical and qualitative data show improved results when using these techniques133.

Data mining routinely makes use of systems that build classifiers. Data mining classification

techniques may scale to enormous datasets. It can generalize class labels, categorize

information learned from previous datasets, and classify unlabeled data134.
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Decision trees are a robust technique that has found widespread application in various areas,

such as machine learning, image processing, and pattern recognition. DT is a sequential

model that effectively and consistently binds together a battery of fundamental tests, each of

which compares a numerical property to a threshold value. The numerical weights in a neural

network of node connections are more difficult to construct than the conceptual rules. The

primary application of DT is categorisation135. In addition, DT is widely employed as a

classifier in the field of data mining. Branches and nodes make up each tree. Each node stands

in for a different attribute of the classifiable entity, and its possible values are defined by the

subsets. Given their ease of use and ability to accurately analyze a wide variety of data,

decision trees have been widely used in a variety of settings136.

2.9.4.1 Different Types of Decision Tree Algorithms

Different DT algorithms exist, for instance, Iterative Dichotomies 3 (ID3), Its Successor

(C4.5/5.0), Chi-squared Automatic Interaction Detector (CHAID), Classification and

Regression Tree (CART), Multivariate Adaptive Regression Splines (MARS),

Comprehensive, Conditional Inference Trees (CTREE), Unbiased Interaction Detection and

Estimation (GUIDE), and Classification Rule with Unbiased Interaction Selection (C

(QUEST)137.

2.9.4.2 Information Gain and Entropy

As a measure of unpredictability or impurity, entropy is useful in determining the quality of a

dataset. The value of entropy is continuous between 0 and 1. Being closer to 0 is preferable,

as its value improves when it is equal to 0 and worsens when it is equal to 0. If the target set G

has varying attribute values, then the entropy of the classification of set S concerning those

states is c. Information gain (or mutual information) is a statistic that can be used for



63

classifying groups of data. This provides a natural measure of how much is known about a

random variable's value. The higher its value, the better; it is the opposite of entropy 138.

2.9.4.3 Decision Tree Advantage

As a supervised learning algorithm, the DT method's primary purpose is to construct a

training model for predicting the class or value of target variables based on learning decision

rules derived from training data139.

2.9.5 K-Nearest Neighbors classifier (kNN)

Both statistical prediction techniques and pattern recognition make use of the supervised k-

Nearest Neighbor algorithm. This algorithm's purpose is to assign labels to objects based on

the labels assigned to their nearest neighbors. For this model space, the number of neighbors,

denoted by the positive integer k, must be less than or equal to the size of the data set. When k

is equal to 1, we use the training sample's class that is most similar to the unknown sample in

the model space. The kNN algorithm's performance is affected by the size of k, with larger

values of k reducing the impact of the noise variable in the classification and blurring the

distinction between the classes140.

There are several applications for the K-Nearest Neighbor (KNN) optimization method,

including production optimization, pattern recognition, image processing, and many others. A

substantial amount of training data is necessary for algorithms to benefit from the KNN

approach. The KNN method seeks to classify new objects based on qualities and training

examples, and it yields reliable optimization outcomes141. When designing a classification

method, KNN optimization is preferable since it does not presume anything about the form of

the "smooth" function f that connects y (the response variable) to x. (predictor variables). If

there is no need to estimate any parameters for the function f, then we say that it is non-
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parametric. With KNN, we iteratively find k observations from the training data set that are

most similar to a given point p = (p1, p2, ..., pn) (the k nearest neighbors). A measure of how

far apart (x1, x2, ..., xn) and (p1, p2, ..., pn). For each n-dimensional object (i.e., an object

with n characteristics) in the training data, the Euclidean distances between the requested

object and all the training data objects are computed, and the queried object is given the class

label that most of the k closest training data objects have142.

The K-NN technique relies largely on the furthermost theorem theoretically. When selecting a

choice, think about how close your options are. Thus, the illustrative disproportion problem

can be settled by employing this technique. K-NN considers only a small set of nearest

neighbors and does not take any kind of decision boundary into account. Thus, it is

remarkable to state that K-NN is suitable for classifying the case of boundary intercrossing

and in that case overlapping examples. The formula for the Euclidean distance is as follows.

Assuming we have two vectors, xi and xj, where xi = (xi1, xi2, xi3, xi4, xi5, ..., xin), and xj =

(xj1, xj2, xj3, xj4, xj5, ..., xjn)143.

The K-nearest neighbor (KNN) algorithm is a popular choice since it has a high positive

predictive value and a low false positive rate. The general notion is as follows: fresh data

entered for classification may be of an unknown category but can be assigned a category by

comparing it to existing samples. At the outset, it's necessary to extract features from the data

to be classified and compare them to those of each known category in the test set. The K-

nearest neighbor data was taken from the evaluation set, and the proportion of data in each

category was tallied. At last, the classified information is placed here144.

With N training samples A = x1, x2, ..., xn, the KNN classification method was applied, and

the data was partitioned into S classes W1, W2, ..., and WS. The categories are represented by

a total of Ni I = 1, 2, ..., S) samples used for training. Determine K such that K12 ... KS12 are
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the nearest samples. Classifying sample X into one of several possible buckets is

accomplished by using the discriminant function, defined as = ki, where I = 1, 2, ..., S, and the

maximum likelihood estimate, Max, are given (Ki). Details of how the K-Nearest Neighbors

(KNN) algorithm is put into practice are outlined below145:

First, we split the data into a training set and a testing set. A, B, C, D, E, F, G, H, I, J,

K, L, M, N, O, P, Q, R, S, U, V, W, X, Y, Z are the training, evaluation, and

evaluation sample sets, respectively.

Second, set X's nearest neighbor to the initial k value.

Third, calculate the gap between the test sample points and the rest of the training

sample points.

The fourth step is to put the resulting distance in ascending order before deciding on a

value for k.

In the fifth stage, you will select the k nearest known samples.

Sixth, we tallied how many instances there were of each of the categories with the

highest probability among the k samples we had.

Seventh, Based on the statistical results from Step 6, classify the points in the test

sample.

The KNN classification method has numerous benefits, including being easy to learn and

producing accurate classification results, but it also has many downsides. That it takes a lot of

extra time and space to run the algorithm is one of them. KNN is a lazy algorithm, hence it

prefers to just be given raw data to classify. This necessitates considering every possible set of

sample data, which might take quite some time146.

2.9.6 Artificial Neural Network

Artificial neural networks (ANN), often known as deep learning, are another supervised

learning approach (depending on the number of hidden layers). Studies of the human nervous
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system served as inspiration for ANN. Artificial neural networks (ANN) are an efficient

method of mining large datasets. It takes its cue from biological systems with the ability to

recognise patterns and forecast future outcomes. It is in the realm of solving actual world

problems that neural networks have made the most progress in recent years147. This ranges

from concerns like detecting fraud to how businesses should react to their customers in the

real world. Due to its unique ability to learn, DL may extract crucial relationships or patterns

from fragmentary, complex, and possibly imprecise data that cannot be recognized by other

computational methods. Each layer in a DL architecture—the input layer, the hidden layer,

and the output layer—serves a different purpose.

Applications demonstrate that DL's superior predictive accuracy compared to other

approaches or human experts is beneficial for data challenges. In addition, DL is capable of

self-organization, reasoning, parallel processing, and storing large amounts of data. In

addition, it can quickly fit nonlinear data, a feature that helps it address a wide range of issues

that would otherwise be intractable. Despite its many benefits, DL is not entirely open to

outside scrutiny. It is generally agreed that the DL algorithm is opaque. This implies that it

makes absurd claims. This is because of the intricate design of the building. Even though a

single hidden-layer ANN may seem straightforward, it is impossible to explain why a given

data point is assigned to one class and another. The inability to classify data using symbolic

rules is another drawback of DL. It is therefore not appropriate for human expert verification

and interpretation in an explicit sense148.

2.9.7 Naive Bayes Classifier

Bayesian classifiers are widely used because they are effective, efficient, easy to train,

applicable to real-world issues, and accurate. Classes in the Naive Bayes algorithm take into

account the hypotheses to which they are most likely to belong. This classifier uses frequency
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calculations with a tree of hypotheses to sort the input data. Naive Bayes is a classification

technique that is based on the total probability and Bayes theorem. In theory, multiple Naive

Bayes algorithms have been devised149,150.

Students of the regulations: It's important to note that this technique takes into account not

one, but two classifiers. OneR is a collection of rules for evaluating a single property in the

form of a single-level decision tree. It's a quick and cheap way to get accurate rules for

defining data structures. As with previous classifiers, this one is based on the comparison. As

a corollary, it shows how accurate predictions may be made using certain traits. The Jrip

classifier employs the RIPPER (Repeated Incremental Pruning to Produce Error Reduction)

method151.

2.10 Related Works

Deep Networks were proposed for scene text recognition in the wild with motion

deblurring152. Two primary challenges that make information extraction from video shot by a

moving vehicle challenging have been addressed in a recent solution to the problem of video

text detection and identification. Moving vehicles' videos have a lot of blurring because of the

motion, which is one of the main problems prohibiting precise text detection. The orientation

of the identified text, which may or may not be on the same plane, is the second main

challenge. They suggest a new whole pipeline that makes use of deep neural networks. For

text detection, they use a fully convolutional network; for motion blur removal, they use a

Generative Adversarial Network; for curved and perspective text, they use a rectification

network that uses Thin Spline Transformations; and for recognition, they use a recognition

network that also uses Thin Spline Transformations and a Spatial Transform network. Rather

than deblurring the entire image, the study only deblurs the area surrounding text boxes and

keeps track of them from frame to frame to prevent having to recognize the text again. Better
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categorization scores are evidence that this greatly boosts the system's performance compared

to the state of the art.

Scene text detection and recognition in the deep learning era with the rise and development of

deep learning, computer vision has been dramatically transformed and reshaped153. Important

in the field of computer vision, scene text identification and recognition have been profoundly

impacted by the advent of deep learning. Over the past few years, the community has made

great strides in terms of outlook, strategy, and results. Through the presentation of novel

concepts and insights, the elaboration on recent approaches and benchmarks, and the

anticipation of future trends, this review attempts to synthesize and assess the major changes

and notable advancements in scene text detection and recognition in the deep learning age.

The study emphasizes both the enormous progress that has been made thanks to deep learning

and the enormous difficulties that still need to be overcome. They hope that this review article

would serve as a bible for future scholars in this area. Their GitHub repository also includes a

collection and compilation of relevant materials: https://github.com/Jyouhou/SceneTextPapers.

Scene text detection via extremal region-based double threshold convolutional network

classification was demonstrated in natural images using a robust text detection approach

based on a region proposal mechanism154. A robust low-level detector called saliency

enhanced-MSER is proposed, which guarantees a high recall rate by combining saliency

detection techniques. Given a genuine image, the saliency-improved MSER algorithm selects

potential characters from three channels in an illumination-invariant color space based on

human perception. A discriminative convolutional neural network (CNN) is jointly trained

with multi-level information, including pixel-level and character-level information, to serve as

a classifier for potential characters. Double threshold filtering and confidence ratings derived

from a convolutional neural network (CNN) are used to categorize each image patch as either

https://github.com/Jyouhou/SceneTextPapers
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strong text, weak text, or non-text, as opposed to the more common approach of performing

this task all at once. To better prune non-text regions, this research created a recursive

neighborhood search algorithm to follow trustworthy texts from a weak text set. The last step

is to employ heuristic features to organize the characters into lines of text based on their

proximity to one another, size, color, and stroke width. Experiments reveal that their solution

outperforms various state-of-the-art algorithms on the public datasets ICDAR 2011 and

ICDAR 2013.

It was proposed to use two-stage Deep Belief Networks for image blur classification and

parameter identification155. Blind picture deblurring relies heavily on the ability to classify

blur kernels and estimate their parameters. When the Point Spread Function (PSF) of the blur

is unknown, the current state-of-the-art methods for blind deconvolution fail because they rely

on manually constructed blur features tuned for a certain type of blur. This research proposes

a two-step technique utilizing Deep Belief Networks (TDBN) for determining the blur type

and associated parameters. This is the first time a Deep Belief Network (DBN) has been

employed to address a blur analysis issue, as far as the authors are aware. Instead of

estimating blur on the assumption of a single blur type, as is done with current methods, they

attempt to identify the blur type from a mixed input of distinct blurs with varied

characteristics. To do this, a semi-supervised DBN is trained to classify features obtained

from projecting input samples into a discriminative feature space. In addition, the proposed

edge detection on the logarithm spectrum supports DBN in accurately determining blur

settings. The proposed methods are superior to the state-of-the-art, as demonstrated by

experiments on the Pascal VOC 2007 dataset and the Berkeley segmentation dataset.

A Blur Classification Approach Based on Pattern Classification was proposed 156. Finding the

cause of the blur is a crucial first step in fixing a blurred image. It is commonly assumed that
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the blur type is known before attempting to restore such photos when doing so blindly.

However, this approach is not viable in actual use cases. Therefore, it is highly desirable to

determine the type of blur before employing the blind restoration method to recover a blurred

image. In this study, we provide a system for distinguishing between motion blur, defocus

blur, and combined blur. The blur pattern features are energy features based on the curvelet

transform, and the classification is performed by a neural network. The accuracy of the

proposed method is shown through simulation.

With ensemble convolution neural networks, you can identify blurry images. In image

processing, blur image classification is an important step toward image157. In this piece, we

utilise an ensemble convolutional neural network (CNN) to identify and label four distinct

kinds of blurred images (defocus blur, Gaussian blur, hazy blur, and motion blur). For this

purpose, we propose a two-stage pipeline consisting of deep compression and the ensemble

technique to boost model discriminability without significantly increasing the computational

load. In particular, before applying their strategy, popular networks like Alexnet and

GoogleNet are pruned with an optimal compression ratio. The two trimmed networks are

Simplified-Fast-Alexnet (SFA) and Simplified-Fast-GoogleNet (SFGN) (SFGN). The study

then used an ensemble approach to merge the SFA and SFGN, renaming it SFA+SFGN by

giving each component a predetermined weight based on a voting method. In addition, a

standard set of blur images for use in training and testing classification algorithms was also

provided.

This research resulted in the release of a new public blur image dataset (accessible at

http://doip.buaa.edu.cn/info/1092/1073.htm) that includes over 200,000 artificially blurred

images and over 80,000 patch-level, naturally blurred photographs created using an enhanced

super-pixel segmentation technique. Compared to the baseline Alexnet and GoogleNet, as
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well as other state-of-the-art methods, the suggested method performs better in numerical

experiments.

A Class-Specified Topic Model was proposed for Bayesian Text Classification and

Summarisation158. Class-specific text summarizing and text categorization jobs are handled by

the class-specified topic model (CSTM). The model presumes that there exists, for each class,

a collection of latent topics that are distinct from the set of latent topics shared by all classes.

Each document has a random blend of content from both classes. For any given lexicon, the

frequency with which each topic is discussed in each class or within classes varies. In the

semi-supervised setting, they develop a Bayesian inference of CSTM, while the supervised

setting remains an outlier. Using the 20 Newsgroups dataset as a text classification benchmark,

they show that CSTM is superior to a two-stage strategy based on latent Dirichlet allocation

(LDA), as well as many current supervised extensions of LDA and an L1 penalized logistic

regression. CSTM's improved performance is also demonstrated through Monte Carlo

simulations and analysis of the Reuters dataset.

Deep Learning-based Blur Image Classification was proposed in this next article159. Defocus

blur, Gaussian blur, hazy blur, and motion blur can all be identified with the use of a reliable

classification system based on a Convolution Neural Network (CNN). A supervised learning

model of Simplified-Fast-Alexnet (SFA), an abridged and modified version of Alexnet, is

built to map the input images into a higher dimensional feature space where the blurs may be

classified reliably. By eliminating Alexnet's first two Full Connected layers (FCs) and halving

the output number of each convolution layer, the SFA simplifies Alexnet and gets around the

fatal problem of parameter redundancy. In addition, the dropout approach is replaced by

adding batch normalization layers to the selected classifier; these layers speed up deep

network convergence during training by decreasing internal covariate shifts and relieving the
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overfitting issue. Experimental results on the popular Berkeley dataset and the Pascal VOC

2007 dataset show that the suggested method beats the original Alexnet and the state-of-the-

art.

The detection and classification of blur images were performed using a Multi-Class Support

Vector Machine160. In modern technologies, blind picture restoration is essential. Here, a

Multi-class Support Vector Machine (MSVM) framework is applied to the problem of blur

categorization in digital images. The focus of this effort is on using MSVM to categorize

blurry photos. The goal of the MSVM classifier is to identify crisp, defocused, and motion-

blurred images. We conduct several tests on data from the Beihang University Blur Image

Database (BHBID). Sobel, Laplacian, and Roberts cross-edge detections are used to

determine the average, standard deviation, and maximum of the feature matrix describing the

edges detected in each image. Each component of the MSVM classifier is trained using a

different set of features selected using a sampling method. It compares the results of

optimizing SVM parameters with several kernels, including Linear, Polynomial, Radial Basis

Function (RBF), and Gaussian. They concluded that their proposed approach successfully

located the specified scenarios 95.7% of the time.

The detection and classification of blurred images were performed here too. While digital

cameras are becoming more popular, digital photos are being produced in large quantities;

however, not every photo is of high quality161. Multiple circumstances can lead to the blurring

of an image, which can significantly lower the image's quality. A technique was developed to

identify blurred photos and sort them into distinct groups. With the use of support vector

machines, the blur detector can determine how blurred an image is. Images with blurring can

be further categorized as either locally blurred or globally blurred. Point spread functions of

globally blurred photos are estimated and sorted into categories such as camera shake and out-
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of-focus. They employed a segmentation technique to identify the blurred areas in locally

blurred photos and found that estimating the point spread function in that area helped

distinguish between still and moving pictures. The blur detection and classification

procedures are fully automated and can help users eliminate blurry photos from digital photo

albums.

A Line-segment Feature Analysis Algorithm for Handwritten Text Recognition with Input

Dimensionality Reduction was presented162. Handwriting recognition has seen a meteoric rise

in popularity in recent years and is already being used in places as diverse as automated mail

sorting, vehicle license plate readers, and digital notepads. Moreover, in the area of image

recognition, convolutional neural network-based algorithms have been employed for

handwriting detection with great success. However, as the variety of recognising use cases

increases, so does the number of moving parts in learning and reasoning processes. When this

occurs, a principal component analysis (PCA) method is used for dimensionality reduction.

However, PCA is likely to make the accuracy loss from data compression much worse.

Therefore, the study offered a line-segment feature analysis (LFA) strategy for lowering input

dimensionality in handwritten text recognition.

This proposed approach utilizes 3X3 and 5X5 filters to separate the line segments that make

up the input data image and assign a separate value to each one. The singular values are used

to determine the total number of lines, and the sum of these values yields a 1-dimensional

vector of size 512. For machine learning, this vector is essential. Effectiveness was measured

by applying it to data from the Extending Modified National Institute of Standards and

Technology (EMNIST) database. PCA achieved 96.6 and 93.86 percent accuracy with k-

nearest neighbors (KNN) and support vector machine (SVM), whereas LFA achieved 97.5

and 98.9 percent accuracy with KNN and SVM, respectively.
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The problem of detecting blurred image regions was proposed in Features Extraction for

Detection of Blurred Image Regions163. Twenty of the proposed features are based on the

discrete wavelet transform, while the other is a ratio calculated from the co-occurrence matrix

of grayscale values. Background blur, motion blur, and out-of-focus blur are all types of blurs

that can be detected using the features mentioned in this section. The proposed characteristics

are very easy to compute and parallelize. A backpropagation-based multilayer perceptron is

trained on the above-mentioned properties. Nonoverlapping fixed-size windows,

nonoverlapping recursively divided windows, and the introduction of a morphological closure

operator are described and evaluated.

For image deconvolution, a Deep Convolutional Neural Network was proposed164. As such,

deconvolution operators find widespread applications in a wide variety of fundamental image

processing applications. Real-world blur degradation rarely coincides with a perfect linear

convolution model for reasons including camera noise, saturation, and image compression.

Instead of trying to accurately depict outliers, which is challenging for a generative model,

they developed a deep convolutional neural network to capture the properties of degradation.

Results from the study indicate that it is not a good idea to rely on preexisting deep neural

networks for reliable output. The approach taken in the research is to combine traditional

optimization-based approaches with a neural network architecture that relies on a distinct,

decoupled structure as a solid basis for artifact-resistant robust deconvolution. Each of the two

modules that make up their network has been carefully monitored and correctly initialized.

They excel at non-blind photo deconvolution, where they outperform earlier generative-

model-based algorithms.



75

It discussed a new dataset size reduction approach for PCA-based classification in an OCR

application165. One major challenge for pattern recognition algorithms is dealing with the

massive size of training datasets, which often include duplicate and similar training samples.

Several methods for decreasing the overall volume and dimensionality of datasets have been

developed to deal with this matter. Existing methods for reducing the size of datasets often get

rid of data from the edges and centers of classes as well as support vector samples that fall

between classes. Conversely, the support vector is essential for evaluating the efficacy of a

system, and the samples close to a class center contain valuable information on the class

characteristics. In this paper, we explore the potential of the Modified Frequency Diagram

method for reducing the overall size of a dataset. In this innovative method, a training dataset

is first restructured, and then sieved, to remove irrelevant data. Principal Component Analysis

is used to combine the filtered training dataset with automatic feature extraction/selection for

an OCR application. Hoda is one of the largest handwritten Farsi/Arabic number standard

OCR datasets, and experimental results produced using the proposed approach demonstrate a

recognition rate of roughly 97 percent. The recognition speed improved by a factor of 2.28

while the accuracy dropped by only 0.7% when using a sieved version of the dataset that is

only half the size of the original training dataset.

There was a proposal for a review of dimensionality reduction techniques for efficient

computation166. To improve learning feature accuracy and decrease training time,

dimensionality reduction (DR) is a pre-processing approach that eliminates redundant features,

noisy data, and irrelevant data. Dimensionality reduction strategies have been developed and

implemented using feature selection and extraction approaches. To speed up the learning

process, principal component analysis (PCA) is used as one of the Dimensions reduction

methods. In this research, we analyzed the efficiency and precision of several popular feature

extraction methods, including principal component analysis (PCA) and empirical mode
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decomposition (EMD), and feature selection strategies, including correlation, linear

discriminant analysis (LDA), and forward selection. These methods are frequently used in

Deep Neural Networks to enhance the accuracy with which medical images are diagnosed and

categorized. The authors discussed the role of dimension reduction in deep learning.

A model was given for designing a hybrid dimension reduction for increasing the

performance of Amharic news document categorisation167. The availability of online

resources written in Amharic has grown tremendously during the past few years. Therefore,

automated document classification is essential. Their unique dimension reduction technique

for improving classification accuracy is achieved through the combination of feature selection

and feature extraction. Key features are selected with the use of the Information Gain (IG),

Chi-square test (Chi), and Document Frequency (DF) methods, and then refined with the help

of Principal Component Analysis (PCA), all within the context of the new dimension

reduction method. This research evaluates the proposed dimension reduction method using a

dataset comprised of 9 different types of news articles. The proposed strategy for reducing

dimensions outperforms competing approaches. When compared to IG, CHI, and DF, the new

dimension reduction's classification accuracy is 92.60 percent, 13.48 percent, 16.51 percent,

and 10.19 percent higher, respectively. More effort is required since minimizing processing

time necessitates shrinking feature size, which in turn reduces classification accuracy.

The proposal included a detailed analysis of optical character recognition technology68. There

is a significant need for transferring data from printed or handwritten documents or photos

onto a computer storage disk for subsequent use by computers in a wide range of fields. It

may be simple to transfer data from various print sources to a computer system by scanning

the documents and saving them as image files. However, it would be very difficult to interpret

the text from these image files or query other information included therein to reuse this data.
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Consequently, there needs to be a system for extracting and storing data, especially text, from

digital images. The goal of optical character recognition research is to build an algorithm that

will enable computers to automatically identify and interpret the text in images. The purpose

of optical character recognition (OCR) is to digitize and alter non-typable text such as

handwritten text, printed text, or scanned text images. Therefore, OCR makes it possible for a

machine to automatically recognize text within such documents. Some fundamental issues

must be identified and resolved before automation can be implemented successfully. Some

relatively recent problems have involved the quality of printed text and images. Because of

these problems, computers may have trouble correctly recognizing characters. In this study,

four distinct approaches to OCR are examined. First, they lay out in detail all the problems

that could occur during the OCR process. After that, they discussed the many stages of an

OCR system, such as pre-processing, segmentation, normalization, feature extraction,

classification, and post-processing. Then, we discussed the most recent developments in OCR

and its widespread applications. The research paper provided a concise background of OCR.

Therefore, this discussion offers a reasonably comprehensive summary of the current situation

in the region.

A Comprehensive Review of Deep Convolutional Neural Networks for Image Classification

was conducted19. Convolutional neural networks (CNNs) have been applied to visual

difficulties since the late 1980s. Despite some limited uses, neural networks didn't receive

widespread adoption until the mid-2000s, when improvements in processing power, the

availability of massive amounts of labelled data, and improved algorithms catapulted them to

the forefront of a neural network renaissance. This overview, which focuses on CNNs' usage

in picture classification tasks, traces their development from their earliest ancestors to the

most advanced deep learning systems available today. They looked back at their early

successes, their participation in the deep learning renaissance, the symbolic works that have
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contributed to their recent prominence, and numerous enhancement initiatives, analyzing the

contributions and challenges from over 300 articles. The trends and problems now

confronting them are also discussed.

A proposal was made for Deep Learning: A Comprehensive Overview of Techniques,

Taxonomy, Applications, and Research Directions70. The subset of ML and AI, deep learning

(DL) is now generally acknowledged as an essential part of the Fourth Industrial Revolution

(4IR or Industry 4.0). For its data-learning capabilities and widespread use in fields as diverse

as healthcare, visual recognition, text analytics, and cybersecurity, DL technology has

emerged as a hot topic in the computing world. The challenge in creating a reliable DL model

comes from the fact that real-world circumstances and data are inherently dynamic and

subject to change. Furthermore, DL techniques become black-box devices that impede regular

advancement due to a lack of fundamental understanding. This article presents a well-

structured introduction to deep learning methods, including a taxonomy that accounts for the

variety of real-world tasks that can be either supervised or unsupervised. They have a

taxonomy that includes deep networks for supervised/discriminative learning,

unsupervised/generative learning, hybrid learning, and relevant others. Many examples of

how deep learning algorithms can be used in practice were discussed. Finally, they covered 10

potential components of next-generation DL modelling and future research directions. The

overarching objective of this study is to serve as a resource for both researchers and

practitioners in the field of DL modelling by providing such a comprehensive overview.

A Survey of Object Detection in 20 Years166. One of the oldest and most challenging

problems in computer vision, object detection has recently received a lot of research and

development attention. Its development during the past twenty years represents a high point in

the field of computer vision. Looking back 20 years, they can appreciate the wisdom of the

cold weapon age if they view modern object detection as an example of technological
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aesthetics fueled by deep learning. In this study, almost 400 papers are analyzed to determine

how object detection has changed over the past quarter of a century (from the 1990s to 2019).

This paper covers a wide range of topics, from historical landmark detectors and detection

datasets through metrics, fundamental components of the detection system, acceleration

methods, and cutting-edge detection techniques. The limitations and current technological

advances of several essential detection applications are also investigated in this paper. These

applications include pedestrian identification, face detection, text detection, and so on.

Image Data Augmentation for Deep Learning is the subject of a survey167. When it comes to

Computer Vision tasks, deep convolutional neural networks have proven to be superior. To

prevent overfitting, however, these networks require massive amounts of information. If a

network attempts to correctly mimic the training data, it will overfit if it learns a function with

a very large variance. There is a lack of large data sets in many sectors of application,

including medical image analysis. This study examines the data-space solution known as data

augmentation, which was developed to address the problem of insufficient data. Training

datasets can be improved in quantity and quality using a variety of methods collectively

referred to as "data augmentation," which in turn allows for the development of more robust

Deep Learning models. This survey delves into a variety of image augmentation techniques,

including geometric transformations, color space enhancements, kernel filters, blending

images, random erasing, feature space enhancements, adversarial training, generative

adversarial networks, neural style transfer, and meta-learning. GAN-based augmentation

methods receive extensive coverage in this overview. In addition to augmentation methods,

this study will briefly examine additional facets of Data Augmentation, including

augmentation during testing, the impact of resolution, the final dataset size, and curriculum-

based learning. This survey will describe current approaches to Data Augmentation, as well as

promising developments and meta-level considerations for using Data Augmentation. This
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book will teach you how to utilize data augmentation to improve the accuracy of your models

and make better use of limited data sets by leveraging the power of big data.

Low-Quality Natural Image Text Detection and Classification The detection of textual data

from scene text images is a challenging problem in computer graphics and visualisation168.

The challenge gets much more challenging when intelligent devices at the periphery are

involved. As a result of difficulties including blur, low resolution, and low contrast, text

detection, and categorization are more challenging in this low-quality image. Therefore, such

an important concern is factored into the study. The proposed technology is comprised of

three main contributions. (a) Following synthetic blurring, the blurred image undergoes

preprocessing before being restored by the deblurring method. (B) The tried-and-true

maximal stable extreme regions (MSER) method is then used to recognize and locate text.

The query image is then processed by K-Means to isolate three distinct clusters: one each for

the foreground, background, and character levels. A unique convolutional neural network

(CNN) structure is then used to classify the segmented text into textual and non-textual

regions (c). For this project, you will be tasked with reducing the number of false positives.

The effectiveness of the proposed method was determined by analyzing results from the

widely used datasets SVT, IIIT5K, and ICDAR 2003. The classification rate for the SVT

dataset was 90.3%, the classification rate for the IIIT5K dataset was 95.8%, and the

classification rate for the ICDAR 2003 dataset was 94%. Proof that the proposed method is

well-suited for model learning indicates the method's superiority. Finally, the proposed

approach is compared to established baseline text-detection systems to verify the validity of

the results obtained.

Two Decades of Progress in Texture Representation and Classification, from B&W to CNN

As a fundamental property of several image formats, texture representation has long been the
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subject of intense scholarly investigation 164. Since the year 2000, researchers have looked at

texture representations based on Bag of Words and Convolutional Neural Networks, and their

findings have been encouraging. It is the goal of this work to provide a comprehensive

evaluation of the advancements in texture representation during the past two decades. Nearly

250 articles representing the state-of-the-art in the subject are referenced in this survey,

covering topics as diverse as benchmark datasets and state-of-the-art results. This review

takes stock of past efforts and looks ahead to upcoming challenges and research opportunities.

Overfitting in text recognition algorithms is a problem caused by a lack of data, and this paper

explores and recommends several ways to address this issue. Multiple machine learning

strategies rely on large datasets to reduce the likelihood of overfitting. By artificially inflating

datasets using the techniques discussed in this survey, the benefits of big data can be realized

in the limited data environment. The quality of datasets can be greatly enhanced by using data

augmentation. There are numerous proposed enhancements, most of which can be categorized

as data warping or oversampling methods.

2.11 Summary of Literature Reviewed

From all the research made in the course of this study, it is observed that machine learning

and deep learning so far remain the best solutions for computer vision, Image and data fusion,

Image and data augmentation, and pattern recognition problems such as this. Again,

Dimensionality Reduction (DR) is one ML technique that is said to be reliable for recognition

and detection of text in the wild. With its feature extraction and selection methods, it allows

scholars to come up with hybrid methods of DR that fine-tune the dataset that is being worked

on to achieve the expected result. This is one of the reasons that birthed this study, where a

hybrid of DR is used to decipher what the text on unclear scenery pictures is saying. A
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combination of already existing DR methods (ICA), ML techniques (GA), and hand-crafted

feature discovery methods will be novel for this study.
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Chapter Three

Materials and Methods

3.1 Introduction

This chapter discusses the method to solve the problem established in previous chapters.

In solving this issue, a hybrid dimensionality reduction technique will extract relevant data

from a dataset while minimizing the quality loss inherent in data compression. Due to the high

dimensionality of text recognition input, this research proposes enhancing/improving the

Genetic Algorithm (BA- GA) with an Independent Component Analysis (ICA). (BA-GA –

ICA). The development and design of the models for this study emanate from the dataset to

be used, which Is the ICDAR 2019 SLVT.

3.1.1 Large-Scale Street View 2019 ICDAR Text (LSVT19)

The LSVT collection includes 450,000 photos with text from the streets, such as stores and

landmarks. 30,000 annotated images are used for training, and 20,000 test photos are used for

testing out of 50,000 annotated examples. The remaining 400,000 photos comprise the

training set and are only minimally labeled. Each photo was taken with a separate mobile

device and by a different person. Algorithms can detect and obscure sensitive information,

such as faces and license plates, to protect users' anonymity1,2,3. Written and printed materials

were scanned and included in the ICDAR 2019 dataset.

This dataset, like others like it, came about through a challenge. This challenge focuses on

scene text reading in natural photos, which can be broken down into scene text detection and

spotting challenges, using the proposed Large-scale Street View Text with Partial Labelling

(LSVT) dataset as a basis. LSVT dataset is at least 14x larger than the most advanced reading

benchmarks. Moreover, it is the first scene text dataset with partial annotations for use in text
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detection and identification competitions. Additionally, a larger percentage of the data set is

wholly annotated than in past robust reading benchmarks. All of the photographs were

captured on public streets, which provide a diverse set of complicated real-world scenarios

like stores and landmarks, making the challenge exceptionally challenging by closing the gap

between academic study and practical application.

The data used in ICDAR2019 can be accessed by anyone interested in the study. You can find

it in the repository at https://rrc.cvc.uab.es/?ch=16&com=introduction.

3.1.2 Python Programming Language

Python programming language is to be used for this study for several reasons, such as it is

easy to learn and a flexible language that has simple syntax, platform-agnosticism, and an

abundance of libraries and frameworks. These characteristics make it a popular choice for

machine learning engineers, mainly due to the prevalence of machine learning-related Python

libraries. Because of its ubiquity, it is also easy to find support and help with Python questions.

Some of the most popular tools for completing machine learning tasks with Python include

Tensorflow, Cy-Kit Learn, Pytorch, OpenCV, Theano, and ML Pack. Each library helps

achieve a specific machine learning-related task. For example, OpenCV is an image-

manipulating library used for image recognition. Many libraries that enable machine-learning

tasks were written for Python.

Python would be used to achieve all the aspects of this study - preprocess dataset; develop

models using already existing ICA and GA; infusion of bird approach into the GA;

classification using SVM, K-NN, and Ensemble; and the evaluation parameters calculation

and generation of results in the form of Confusion matrixes and ROCs. Python will be used

https://rrc.cvc.uab.es/?ch=16&com=introduction
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for all training, testing, modeling, and development. All these will be done on the Jupiter

development environment and the Google Collab Environment.

3.2 Research Design

This research work is to be done experimentally using a quantitative approach. It is to be

carried out in five phases. The first phase comprises the design of two dimensionality

reduction models, one using Independent Component Analysis (ICA) and another using a

novel (improved) Genetic Algorithm (BA-GA). These will be further explained in the

following sections: the second phase is the design of a hybrid dimensionality reduction model,

combining the already separately designed model (ICA and BA-GA); thirdly, these models

are to be tested by classification using support vector machine, k-nearest neighbor and

ensemble separately; the fourth phase is to evaluate the classifications done the third phase

with some evaluation metrics such as accuracy, precision, and f1-score; finally, the accuracy

parameters of these models to be developed from this study would be compared with already

existing works.

The section below explains in detail the research methodology: Section 3.3 addresses

objective 1, which is the development of DR models for optimization. Section 3.4 investigates

the classification methods for evaluating the models developed, which addresses the methods

for objective 2. Section 3.5 deals with the evaluation metrics to be used to tackle part of

objectives 3 and objective 4.

3.3 Dimensionality Reduction Model Design

This research proposes a hybrid dimensionality reduction strategy for identifying blurry text

in natural scene databases. This section gives the method to address objective 1.
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This Dimensionality reduction (DR) is to be achieved by both feature extraction and feature

selection methods. Separately, the feature extraction algorithm uses the ICA learning

approach to extract latent components from reduced data to compare the effectiveness of

linearity and non-linearity in learning. In contrast, the feature selection algorithm uses an

Improved Genetic Algorithm to extract relevant information from high-dimensional data1.

The data from these investigations are then used by three distinct classifiers—SVM, K-NN,

and Ensemble—to assign labels to previously unknown individuals (test individuals) – which

will be explained in the classification section of this chapter.

Using machine learning to improve blurred text primarily aims to anticipate the correct class

labels for supplied samples based on the expression profile of those samples. As a result,

machine learning works quite well with the hazy text. The dataset is a database of images

available online. To facilitate analysis, the raw data is refined. Researchers can utilize these to

evaluate or mimic detection methods or develop new ones.

3.3.1 Independent Component Analysis (ICA) for Feature Extraction Phase

To reduce the negative effects of the curse of dimensionality, fresh variables of selected

features can be generated by function extraction. Here, the use of Independent Component

Analysis (ICA) is proposed, being the first preprocessing stage of this dataset; this would

produce the image dataset for the STR images and attempt to extract the blurred images from

them. At this stage, it is pertinent to know the justification for using ICA.

Here, using independent components analysis (ICA), this data set with many variables can be

condensed into a smaller set of dimensions that can be understood as autonomous functional

networks. In addition, the ICA algorithm presupposes a linear mixing mechanism. Scholars

have postulated various ICA algorithms, but for this study, Algorithm 3.1 will be used to
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develop the first model. This algorithm would be inputted into the development environment

using the Python language syntax and semantics.

Algorithm 3.1: ICA

1. Centre the data X to make its mean zero, and whiten it to give z.

2. Choose m, the number of independent components to estimate;

3. Choose initial values for the wi, i=1, …, m, and each of the unit norms. Orthogonalize the

matrix W (=A−1) as in step 5.

4. For every i=1, …, m, wi←E{zg(wTiz)}−E{g'(wTiz)}w, where g(y) = tanh(ay)(l≤ a ≤2).

5. Do a symmetric orthogonalization of the matrix W = (w1, …, wm), T, by W← (W WT)

W.

6. If not converged, go back to step 4.

Independent Component Analysis4

3.3.2 Genetic Algorithm for Feature Selection

Feature selection is the process of picking the most relevant features from a pool of potential

features that have no known correlations between them. It helps with dimensionality reduction

and boosts the reliability and precision of categorization. When anticipating a specific

outcome, it pinpoints which factors are most crucial. GA is one of the most recommended and

used algorithms for FS because it tends to mimic humans' logic through the scenario of

genetics.

In this work, a modified Genetic Algorithm is used to choose features of interest from hazy

image datasets for training, skipping any qualities that are not relevant to the task at hand to

sharpen latent image features by removing attributes that stretch the image, hence making it

blurred out Using a genetic algorithm as a selector function helps get rid of irrelevant features,

lowers data dimensionality, and boosts classification precision. Feature selection often
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involves narrowing a pool of potential candidates to the optimal m attributes out of a possible

n. First, the dataset is cleaned up by removing irrelevant features; then, it is adapted to the

classifier framework and split into two categories: training and testing.

This research uses an enhanced Genetic Algorithm to locate essential elements for predicting

blurred image data but to understand the effects of the improvement done on GA in this study,

we look at GA.

For this conventional GA algorithm (Algorithm 3.2) - Python language allows it to be keyed

into the development environment, executed, and modified as one deems fit while able to see

the effect the modification brings. This GA would be modified as it is being executed so that

differences can be noted and monitored.

Algorithm 3.2: GA

Initiate: Set nPop = m, tmax, t = 0;

Confirm the Optimal feature subset with the highest suitable rate.

1: where (t = tmax) do

2: Make pop a, tmax;

3: Do for k = 1 to a

4: [a1, a2] parents = system selection (a, nPop)

5: Xor[a1, a2] = Child

6: M u = [Child] mutation

7: Finish for

8: Replace a with Child1, Child2, ..., Childm. t = t + 1;

10: Remember to save the highest fitness value chromium = certain or non-certain feature

through the threshold, set value = 0.5, and = the number of selected features where a =

population size, r = random number between 0 and 1 and = the number of features chosen.

Genetic Algorithm5
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3.3.2.1 Improved Genetic Algorithm (Bird Approach – Genetic Algorithm)

The primary challenge of the GA method is picking optimal features from inherently

predictable data. In order to ensure that the best feature needed to predict the blurred texts in

the dataset, a Bird Approach was incorporated into the GA.

To further improve the GA's already impressive structure, scholars have always recommended

fusing it with the smooth behavior typical of GAs. For instance, in the case of this study, If a

bird needs to find food, it sees it clearly at a distance. It goes for it irrespective of how minute

it might be to the human eyes, or if it discovers an object for any other reason, it can do so

easily and quickly because of its keen sense of sight. Once the birds have arrived at the

feeding field, they will continue their search. Hunters snip and venture forth to discover new

food sources. Following are examples of standard behavior for both producers and freeloaders:

��, �� + 1 = ��, �� + �����(0,1) × ��, ��

��, �� + 1 = ��, �� + (��, �� − ��, ��) × �� × ����(0,1)

If each bird flies to a new site in the unit interval simplifies the pseudocode for the I-GA

method. GA's attempt to find a happy medium between exploitation and exploration always

leads to its being trapped within a narrow rut. This shortcoming is remedied in the proposed

Improved-GA (BA-GA) by employing four strategies to boost the algorithm's global

searching and local searching capacities: (1) the control randomization (CR) parameter and (2)

an advanced nonlinear transfer function to balance exploration and exploitation; (3) varying

parameters in the GA exploration phase; and (4) a novel local updating position strategy

based on the GA algorithm.

The essence of the bird approach infused into GA is to give the outcome of the hybrid model

more precision as compared to what conventional GA would give. In pattern recognition, the
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more precise the result generated, the more accurate the model is said to be. Again, Algorithm

3.3 is derived from the adjustment done to the GA.

Algorithm 3.3: Improved GA (BA-GA)

Load the Dataset (Sample Population)

N: the total number of images from which this representation is drawn

Start a population off on the path to improved fitness through mutation and crossover.

Algorithm iteration limit, denoted by the letter M

Q: how much dimensions can be done away with?

Introducing the Forager's Success Rate (P) in Searching for Food

Set forth the following five constants: The population size and other important

parameters can be set to zero by entering the values S, C, FL, a1, and a2 at time t = 0.

Calculate a reliable approximation of the fitness of N images.

If (t > M), then

If (t% FQ ≠ 0)

For I = 1:N

When rand P

For dimension to be reduced, use

xi,jt + 1 = xi,jt + (pi,j − xi,jt) × C × rand(0,1) + (gj − xi,jt) × S × rand(0,1)

Else

xi,jt + 1 = xi,jt + A1(meanj − xi,jt) × rand(0,1) + A2(pk,j − xi,jt) × rand(−1,1) should

be used for dimensions to be retained.

Stop if Stop for All Else

Introduce Connected Components: Split into two groups, the CC consists of: For

i=1:N If foreground region, then The term "generating" is calculated using

xi,jt+1=xi,jt+randn(0,1)×xi,jt
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If not, "scrounging" is calculated using xi,jt+1=xi,jt+(xk,jt−xi,jt)×FL×rand(0,1).

It's time to call it quits if and only if Find alternative ways to handle the problem The

old methods should be abandoned if the new ones prove to be more effective. Find the

greatest option for the long term. End while t = t + 1

The best foreground region in the population is the result.

Output global best solution

End

Improved GA (BA-GA) (Researcher, Nwufoh C.V:2023)

The following steps further explain Algorithm 3.3.

1. Initialize a population of candidate image processing algorithms randomly. Each

candidate algorithm represents a potential solution for detecting blurred text in images.

2. Evaluate the fitness of each candidate in the population. The fitness function should

measure how well each algorithm detects blurred text. For example, you can evaluate

the algorithm's ability to distinguish between blurred and sharp regions in an image

containing text.

3. Select a subset of the candidate's algorithm for the next generation based on their

fitness. They used selection techniques like tournament selection or fitness-

proportionate selection to favor algorithms with higher fitness.

4. Create new candidate algorithms through crossover and mutations. Here is an example

approach:

1. Define a search radius for each candidate algorithm. This radius represents the

exploration range similar to how birds scout for food in a specific area.

2. For each candidate algorithm, generate a new algorithm by performing a

crossover operation with another candidate algorithm within the search radius.

The crossover operation should combine the key components or parameters of

the parent algorithms to create a new offspring.
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3. Apply mutation to the new algorithms. Mutation introduces small random

changes to the algorithm's components or parameters. In blurred text detection,

mutations that simulate adjustments to the algorithm's image processing are

considered, such as edge detection or blurriness metrics.

5. Evaluate the fitness of the new candidate algorithms.

6. Repeat steps 3 to 5 for a certain number of generations or until a satisfactory algorithm

is found.

By applying the principles of genetic algorithms and incorporating the notion of bird-like

precision in the search process, the adapted algorithm aims to guide the population toward an

improved algorithm for detecting blurred text in images.

3.4 Classification of DR models

In Machine Learning and, in fact, any field of research, once a model is developed, it is

expected that it should be tested to ascertain if the model gives the outcome expected or if it

gives otherwise. For this study, to test the outcome of the various instances of the models,

some algorithms would be used as classifiers; this phenomenon is called Classification. These

algorithms, like every other algorithm used in the development environment, are converted

into Python programming language, and executed. The classifiers for this study are Support

Vector Machine (SVM), K-Nearest Neighbor (KNN), and Ensemble. These classifiers are

used separately to test each model's design. This section explains using SVM, KNN, and

Ensemble as classifiers.

3.4.1 Support Vector Machine (SVM) for Classification

SVM is a machine learning algorithm widely used in diverse fields, such as data analysis and

pattern recognition. SVM is a very effective supervised learning method for Classification and

regression. It optimizes model complexity and learning ability based on small amounts of
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training data. The SVM is constructed from the best classification surface when linear

separability holds. The ideal classification surface not only reliably divides data into two

groups (training and test) but also widens the margin of error between the two groups.

Various instantiations of SVM algorithms have been developed over the years, but for the

case of this study, Algorithm 3.4 will be used. This would be done by converting it into

Python programming language, and its input values would be the outcome of the models.

Algorithm 3.4: Support Vector Machine Pseudocode

1. Normalise the dataset

2. For each C, ϒ:

2.1 Cross Evaluation using leave-one-out.

2.1.1 Train and test and SVM

2.1.2 Store the success rate.

2.2 Compute the average success rate

2.3 Update the best C and ϒ if needed.

2.4 Return to 2.1 with next C, ϒ.

3. Choose C, ϒ with best average success rate, and perform step (2) using fine scale

around the selected parameters.

Where C = categorized sample

ϒ = weighted vector values

Support Vector Machine3

3.4.2 K-Nearest Neighbor (KNN) for Classification

Regarding classification methods, K-Nearest Neighbor is the simplest in conceptual and

computational complexity while delivering excellent classification accuracy. In k-Nearest

Neighbors, the Euclidean distance is used as the distance function, and a voting function
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forms the basis of the K-NN method. Despite being slower than other standard statistical

classifiers, the K-NN has better data accuracy and stability. However, now that we have so

much computing power, there will be no need to worry about lousy run-time performance.

The k-nearest-neighbor classifier is a standard nonparametric supervised classifier that has

been shown to function effectively at optimal k values. Training and testing phases are

included in the K-NN method, just as they are in most directed learning algorithms. During

the training phase, data points are displayed in an n-dimensional space. These training data

points are tagged with labels that indicate their respective categories.

The K-NN algorithm consists of the following steps:

i. First, settle on a reliable distance measurement system.

ii. Second, all set P of training data is stored during training in pairs (based on the

features being used) I = 1 and P = 0. (yi; ci). Where yi is a training pattern from the

training data set, ci is the class it belongs to, and n is the total number of patterns in the

training set.

iii. Third, the testing phase involves calculating the gaps between the newly introduced

feature vector and the existing feature set (training data).

iv. Fourth, the k nearest neighbours are selected and polled on the new example's

Classification. Accurate classifications made during testing are utilized to gauge the

algorithm's efficacy. If this degree of accuracy is unsatisfactory, the k value can be

tweaked to produce better results.

Algorithm 3.5 is the KNN algorithm for another set of model classifications in this study. The

input data for this algorithm is the outcome from the models developed.
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Algorithm 3.5: K-Nearest Neighbour KNN Pseudocode

Input: the training set D, test object x, category label set C

Output: the category cx of test object x, cx belong to the C

1. begin

2. for each y belongs to D do

3. Calculate the distance D(y, x) between y and x

4. end for

5. select the subset N from the data set D,

the N contains k training samples which are the k

nearest neighbors of the test sample x

6. calculate the category of x:

cx = arg max �(� = ����� � )�

cEC yEN

7. end

K-Nearest Neighbour4

3.4.3 Ensemble for Classification

When a group of classifiers is used to improve classification results, it is called an ensemble

of classifiers. An ensemble of classifiers improves precision over a single classifier. Any

machine learning algorithm relies on inputs consisting of features of a pre-trained network. To

make deep learning models more precise, alternative classifiers such as the support vector

machine, logistic regression, K-nearest neighbors, and decision trees can supplement the

results. The primary purpose of the classifiers is to assign an appropriate category to an image

using the features that have been learned. Results from a classification task are made more

reliable and accurate by using an ensemble of classifiers. Voting, averaging, and weighted

averaging are the three broad categories into which ensemble techniques fall.
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Algorithm 3.6: Ensemble

1. Input: training data D = {xi , y} mi = 1

2. Output: ensemble classifier H

3. Step 1: learn base-level classifiers

4. for t = 1 to T do

5. learn ht based on D

6. end for

7. Step 2: construct new data set of predictions

8. for i = 1 to m do

9. Dh = {x!i, yi} where x!i = { h1 (xi), ……., hT (xi)}

10. end for

11. Step3: learn a meta-classifier

12. learn H base on Dh

13. return H

Ensemble5

3.5 Performance Evaluation

Different performance measures, such as precision, recall, f-measure, accuracy, specificity,

and so on, are used to evaluate a Machine Learning system's classification performance.

Dissimilar categorization models are often evaluated using these metrics.

The percentage of correct diagnoses is determined by dividing the number of positive results

by the sum of all positive and incorrect results. Some of the performance metrics that would

be employed for this study would be the following:
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1. Accuracy: is defined as the percentage of positive observations that were accurately

predicted relative to the total number of positive observations. Accuracy in

mathematical expression is defined (TP + TN)/ (TP + TN + FP + FN). – Equation (1)

Where TP, FN, FP, and TN represent the number of true positives, false negatives,

false positives, and true negatives, respectively. This helps to ascertain how correct the

models to be created will be, and because most studies tend to find the accuracy of

their models, this would form a basis for comparing the proposed model and the state

of the art. The most natural performance metric in chronic disease diagnosis is

accuracy, the percentage of correct predictions relative to the total number of

observations.

2. Precision is a measure of how much detailed information is given. It measures the

degree to which exactness is applied in the model developed. Hence, the smaller the

unit used, the more exact the result. Precision in numbers is the total number of

significant decimal or other digits. It relates to accuracy in the following ways: low

accuracy gives high precision. Calculating TP (True Positive) as a function of TP plus

FP (False Positive) yields a measure of precision TP/TP + FN. It is quantitatively

demonstrated in equation form as the ratio of genuine positives to the combined

number of false negatives and positives.

3. F1 Score is a machine learning evaluation metric that combines precision and recall

scores. The accuracy metric computes how often a model made a correct prediction

across the entire dataset. This can be a reliable metric only if the dataset is class-

balanced; that is, each dataset class has the same number of samples. Nevertheless,

real-world datasets are heavily class-imbalanced, often making this metric unviable.

This is where the F1 score comes in. Precision measures how many of the "positive"

predictions made by the model were correct. Recall measures how many of the

positive class samples present in the dataset were correctly identified by the model.



111

The F1 score combines precision and recall using their harmonic mean, and

maximizing the F1 score implies simultaneously maximizing both precision and recall.

Thus, the F1 score has become the choice of researchers for evaluating their models

in conjunction with accuracy, using the formula 2TP / 2TP + FP + FN = F.

3.5.1 Tools for Illustrating Performance Metrics

These performance metrics will be modeled with Python and be illustrated using the

Confusion matrix and ROC graph:

1. Confusion Matrix: A Confusion matrix is an N x N matrix used for evaluating

the performance of a classification model, where N is the number of target classes.

The matrix compares the actual target values with those predicted by the machine

learning model. It is a class-wise distribution of the predictive performance of a

classification model—that is, the confusion matrix is an organized way of mapping the

predictions to the original classes to which the data belong. This is used mainly for

supervised learning frameworks. A confusion matrix can be computed for the same

test set of a dataset, but using different classifiers can also help compare their relative

strengths and weaknesses and draw an inference about how they can be combined

(ensemble learning) to obtain the optimal performance.
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Figure 3.1: ConfusionMatrix

Confusion matrix deals with four (4) parameters:

a. True Positive (TP) refers to a sample of the positive class being classified correctly.

When the actual value is Positive and predicted, it is also Positive.

b. True Negative (TN) refers to a sample of the negative class being classified correctly.

When the actual value is Negative, and the prediction is also Negative.

c. False Positive (FP) refers to a sample belonging to the negative class but being

classified wrongly as belonging to the positive class. When the actual is negative, but

the prediction is Positive. Also known as the Type 1 error

d. False Negative (FN) refers to a sample belonging to the positive class but being

classified wrongly as belonging to the negative class. When the actual is Positive, but

the prediction is Negative. Also known as the Type 2 error

2. Receiver Operating Characteristics: A Receiver Operating Characteristics (ROC)

curve is a plot of the "true positive rate" concerning the "false positive rate" at
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different threshold settings. ROC curves are usually defined for a binary classification

model, although that can be extended to a multi-class. We use a threshold to interpret

ROC curves. Different thresholds represent the different possible classification

boundaries of a model. The RIGHT side of the decision boundary depicts the positive

class, and the LEFT side depicts the negative class.

The more the curve is close to the top left corner of the plot, the better the classifier is at

distinguishing the categories. The area under the curve (AUC) measures the accuracy of the

classifier, with higher values indicating better performance.

3.6 Proposed Model and Algorithm

Having explained and described all the concepts in this study, this section presents a workable

workflow for the study and its algorithm (pseudocode).

Figure 3.2: Workflow Model (Researcher, Nwufoh C.V: 2023)



114

Algorithm 3.7: Workflow Algorithm

Initialization: Load Dataset

1. Perform ICA

2. mutation_rate = 0.1 //Mutation rate for GA

3. min_mutation_momentum = 0.0001 //Min mutation momentum

4. max_mutation_momentum = 0.1 //Max mutation momentum

5. min_population = 5 //Min population for BA-GA

6. max_population = 10 //Max population for BA-GA

7. num_Iterations = 10 //Number of iterations to evaluate BA-GA

8. Input:

9. Training Set, Evaluation Set

10. Begin

11. num_population = random.randint (min_population, max_population); // Generate initial

population for Classification

12. population_Classification = []

13. For i in range (num_population):

14. Classification_parameters = random.randint (min_num_estimators, max_num_estimators) //

Classification parameters generation

15. Classification_ model = generate_ Classification (Classification _parameters)

16. population_ Classification.append (Classification _ model)

17. End for

18. max_accuracy = 0

19. best_model = None

20. population_evaluation_accuracy= [[]

21. For i in range (num_Iterations):

22. For j in range (num_population):

23. Classification _model = population_ Classification [j] // population selection // population

evaluation
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24. evaluation_accuracy = evaluate_ Classification (Classification _model, Training_Set,

Evaluation_Set)

25. population_evaluation_accuracy.append (evaluation_accuracy)

26. If evaluation_accuracy > max_accuracy:

27. max_accuracy = evaluation_accuracy

28. best_model = Classification _model

29. End if

30. End for

31. // Create a new population with new generations

32. # every generation will use the current best GXGBoost_model to mate

33. For pop_index in range (num_population):

34. model1 = population_GXGBoost [pop_index]

35. model1_evaluation_accuracy = population_evaluation_accuracy [pop_index]

36. model2 = best_model

37. model2_evaluation_accuracy= max_accuracy

38. // Create new generation with crossover

39. new_model = crossover_ Classification (model1, model1_evaluation_accuracy, model2,

model2_evaluation_accuracy)

40. mutate_ Classification (new_model) // Mutate new generation

41. population_Classification [pop_index] = new_model // Replace current model

42. End for

43. End for

44. Return best_model, max_accuracy

45. End.

Workflow Algorithm (Researcher, Nwufoh C.V:2023)
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Chapter Four

Results and Discussion

4.1 Introduction

The results and assessment of the study's implementation are shown below. Furthermore, it

provides a concise overview of the research behind it and the implications of the suggested

model. The assessment results support the study's need to be carried out by its aim and

objectives. This section shows the results obtained from the methods used to solve the

objectives of this study. Each section shows the result, and a discussion of that result is

explained immediately. All the algorithms (DR model algorithms, classification algorithms)

and the formulas of the evaluation for parameters are all modeled in the Jupyterlab ecosystem

using the Python language, and once the dataset is inputted, the various models are executed

sequentially, and various results are generated.

Section 4.2 gives the result and discussions of the outcome that addresses the objective i.

Section 4.3 delivers and discusses the results obtained from the classification of the models.

Section 4.4 now gives detailed values of the evaluation parameters used in the model's

classification. These are achieved using the acceptable formulas for each of these parameters.

Section 4.5 gives a comparison of results achieved with already existing works.

4.2 Dimensionality Reduction (DR) Models

This section shows the result of objective 1 but in two phases, split into two sections (4.2.1)

and (4.2.2). All these models are developed using the Python language.
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4.2.1 Dimensionality Reduction (DR) Model using ICA

Figure 4.1: ICA DR Model Snippet (Researcher, Nwufoh C.V: 2023)

The already existing ICA algorithm is converted into Python language with other Python

libraries, as depicted in the model snippet in Figure 4.1. The Jupiter Development

Environment has Jupyterlab ecosystem's dependencies, and libraries were set up via the "!pip

install" command. PyTorch, NumPy, Pandas, Matplotlib, Sklearn, Shutil, and Pillow are just

some of the libraries that were brought in. The ICA is used for the model, and the dataset is

loaded onto it. The ICDAR2019 dataset was used for this analysis and is freely available to

the public. The dataset loaded comes in .CSV file format and is used for both the testing and

training of the model. A cross-section of the CSV exports of the loaded images is displayed in

Figure
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4.2

Figure 4.2: Loaded Data on the Python Environment (Researcher, Nwufoh C.V: 2023)

The dataset was culled from the Mendeley repository, and a separate directory for the

evaluation and training sets was made. Each matrix value is graphically represented by a

unique hue in the heatmap depicted in Figure 4.2

Further discussing this model: This original photo collection is converted to a CSV file that

looks like a matrix of images made by superimposing natural images over text displayed with

arbitrary fonts, sizes, colors, and orientations. Because the overlay is based on carefully

organized combinations and a well-defined learning process, these statements sound natural.

The training and test images for ICDAR2019 were shot using low-resolution wearable

cameras and numbered in the thousands. Multiple sentences in different orientations are

marked in each image using the four corners of a square. A screenshot of the development

environment showing the interactive computation and DR of the loaded dataset using ICA is

shown in Figure 4.3. Figure 4.3 shows a further reduction and processing of the dataset using

the ICA model designed in the Python development environment. Figure 4.3 shows a cross-

section of the deblurred scenic images in the dataset.
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Figure 4.3: Initial Dimensionality Reduction (Researcher, Nwufoh C.V: 2023)

In summary, Figure 4.3 shows a snippet for the cross-section of the outcome of the first

dimensionality reduction (DR) model developed using ICA. Here, features were extracted

from the dataset using the ICA model, giving us a nearly readable image, though still unclear.

4.2.2 DR using BA-GA with ICA

Figure 4.4: BA-GA DR Model Snippet (Researcher, Nwufoh C.V: 2023)
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Many other experiments were suggested in this study to be performed on the loaded dataset to

extract and select other features that are needed to give us more explicit images. These

relevant and latent features in the data are retrieved with the help of a Bird Approach -

Genetic algorithm (BA-GA) and Independent Component Analysis (ICA) in this

implementation. This hybridization is done sequentially and not concurrently. Figure 4.4

shows a snippet of the improved GA (BA- GA) model introduced to the ICA DR model

sequentially in order to extract features from the dataset further to have a sharper image

collection, as can be seen in Figure 4.5. Figure 4.5 is the outcome of, first and foremost,

developing a model using GA, which was modified using a Bird Approach (BA). After the

model was designed using already existing GA algorithms infused with the novel Bird

Approach, the outcome of the dataset generated from the first DR model with ICA (Figure 4.3)

is passed as an input into this BA-GA model, which yields a sharply deblurred image dataset

as seen in Figure 4.5.

Figure 4.5: Output of some of the Blur Detections shown (Researcher, Nwufoh C.V:

2023)
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In summary, Figure 4.5 shows the outcome of the same snippet of images shown In Figure 4.3.

This model is a hybridized DR model using BA-GA and ICA algorithms. BA-GA is an

enhanced GA, which then is combined with ICA by passing the outcome of DR using ICA

into DR using BA-GA. They clearly show that with our hybridized model, we get a better text

deblurring model.

4.3 Classification of Developed Models

At this point, the models developed are tested using three distinctive algorithms: SVM, K-NN,

and Ensemble. The choice of using more than one classifier is to give room for comparison;

strength and weakness evaluations of the models, and to make inferences. All these

algorithms are great on their own, so it is not a function of comparison of the algorithms but

of the performance of the models via those classification algorithms. The models are run

through these classifiers separately, and the result for each is presented using the Confusion

Matrix (which gives us a basis for proper comparison – favorable and Negative). Also, ROC

was used to depict further the results obtained because it gives a probabilistic outcome of the

performance of the individual models developed. One way to visualize how well a

classification model performs across different cut-off points is through a ROC curve. We also

used Confusion Matrixes. Other scholars can choose other tools to use for classification and

evaluation. A True Positive Rate versus False Positive Rate curve is shown in the ROCs.

Results achieved with the DR model using ICA and the DR model developed using BA-ICA

are classified utilizing SVM, KNN, and Ensemble, shown in this section. This section

presents the results that address the objective 3.

4.3.1 SVM, K-NN, and Ensemble Classifications of ICA DR Model.

To show or represent the balanced nature of the model developed on the imbalanced nature of

the data set, we used the ROC curve and the Confusion Matrix. It will be observed that under

this section, there are six (6) figures, three (3) confusion matrixes, and three (3) ROCs. The
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reason for this is that each of the classifiers is used separately to test the first DR model

created in objective 1. So, for each of the classifiers that were used to test the ICA DR model,

the Jupyterlab ecosystem would produce its confusion matrix and ROC (that are the tools we

used for comparison and evaluation of the model in this study). For example, when the ICA

DR Model is classified using SVM, the system produces the ICA-SVM confusion matrix and

ICA-SVM ROC. The same applies to the other two (2) classifiers.

Figure 4.6a is a confusion matrix showing the predictive positive and negative outcomes of

classifying the ICA DR model with SVM. There are four (4) partitions with four (4) values –

true positive (TP), true negative (TN), False Positive (FP), and False Negative (FN). The top

right portion shows the True Positive outcome of the classification, trying to juxtapose the

actual outcome of the model with the predicted outcome of the model. Here, it is seen that the

value for TP > TN and FP> FN; because TP = 142 and it is more significant than all the other

scores, it is safe to say that the performance of this model using SVM as the classifier is

satisfactory.

In Figure 4.6b ROC or decision curve is presented for the same instantiation of the

classification – which is ICA-SVM. The ROC curve makes a binary prediction of the four

outcomes that the confusion matrix above gave. When SVM is used to classify the ICA DR

Model in objective 1, it is noticed that the graph is plotted as a True Positive Rate (Y-axis)

against a False Positive Rate (X-axis)– it only evaluates the two (2) positive outcomes of the

evaluation process. Figure 4.6b presents the ROC curve of the predictor; that is the blue line,

and we can see that the AUC of that curve is close to the control (gray), that is, 1 and the

nearer the ROC curve is closer to the value 1 at the Y axis the good the model is said to be.
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Figure 4.6a: Confusion Matrix Showing the Dataset with ICA and SVM

(TP=142; TN=129; FP=22; FN=15) (Researcher, Nwufoh C.V: 2023)
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Figure 4.6b: ROC Curve for ICA-SVM (Researcher, Nwufoh C.V: 2023)

Figure 4.7a: Confusion Matrix Showing the Dataset with ICA and KNN (TP=138;

TN=122; FP=26; FN=22) (Researcher, Nwufoh C.V: 2023)
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Figure 4.7b: ROC Curve for ICA-KNN (Researcher, Nwufoh C.V: 2023)
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Figure 4.8a: Confusion Matrix Showing the Dataset with ICA and Ensemble (TP=157;

TN=141; FP=7; FN=3) (Researcher, Nwufoh C.V: 2023)

Figure 4.8b: ROC Curve for ICA-Ensemble (Researcher, Nwufoh C.V: 2023)

General Discussion of Results in 4.3.1: Just as is the case for Figure 4.6a, Figure 4.7a, and

Figure 4.8a both show that even with different classifiers, KNN and Ensemble – the TP value

is greater than the other three values (TN, FP, and FN). This suggests that these algorithms,

on their own, are all top performers. However, in comparison to the Confusion Matrixes, it is

observed that the classification of the ICA DR Model using Ensemble (Ensemble-ICA in

figure 4.8a) has TP = 157, which is greater than ICA-SVM than ICA-KNN follows.

In this study, the confusion matrix represents the outcomes of the classification of the models

using two (2) algorithms, SVM and KNN. Here, the discourse will also be presented

concerning the values of TP (True Positive), TN (True Negative), FN (False Negative), and
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FP (False Positive). The confusion matrix for the I-GA with SVM and K-NN are shown in

figure 4.7 and 4.8, with the values as follows: I-GA-SVM (TP=3202; TN= 3523; FP=296;

FN=537) and I-GA-K-NN (TP= 3420; TN=3965; FP=78; FN=95).

As can be seen in Figure 4.6b, Figure 4.7b, and Figure 4.8b - for the ROC curves for all

instances of the classifiers on ICA, it would be observed that the AUCs (Area Under the

Curve) tend close to a TP of probability of 1. In ROC, the closer a result is to 1, the better the

model. For SVM, K-NN, and Ensemble, we observe that the AUCs tend to be 1, which

implies that the model works great, but it is closest to Ensemble (Figure 4.8b). In comparison,

the outcome of ROC for ICA-Ensemble is said to be a better model, followed by ICA-KNN

and then ICA-SVM because of the degree of nearness of the curve to 1.

4.3.2 SVM, K-NN and Ensemble Classification on BA-GA DRModel

This section presents a novel, improved genetic algorithm by enhancing the crossover and

mutation operations of a simple genetic algorithm that combines a replacement operation to

preserve population diversity by regularly performing a local initialization operation. The

results are classified using SVM, KNN, and Ensemble, and the results are also shown in two

forms – confusion matrixes and ROC curve as is seen in Figures 4.9 a, 4.9b, 4.10a, 4.10b.

4.11a and 4.11b. Again, Figures 4.9a, 4.10a, and 4.11a show the outcomes for BA-GA with

SVM, KNN, and Ensemble, respectively, and it is observed that all their TPs > TNs, they are

all said to have performed excellently in their various capacities.

Also, in the case of the ROCs in figures 4.9b, 4.10b, and 4.11b, it is observed that the ROCs

curves (blue line) for the outcome of the three (3) classifications of BA-GA (BA-GA-SVM,

BA-GA-KNN, and BA-GA-Ensemble) all tend towards the TP of probability 1. Again, the
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nearer the curve is to probability 1, the better the model is said to be. Standing alone, all these

classification algorithms work tremendously, but then a comparison must be made.

Figure 4.9a: Confusion Matrix Showing the Dataset with BA-GA and SVM

(TP=156; TN=137; FP=8; FN=7) (Researcher, Nwufoh C.V: 2023)
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Figure 4.9b: ROC Curve for BA-GA and SVM (Researcher, Nwufoh C.V: 2023)

Figure 4.10a: Confusion Matrix Showing the Dataset with BA-GA and KNN

(TP=139; TN=128; FP=25; FN=16) (Researcher, Nwufoh C.V: 2023)
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Figure 4.10b: ROC Curve for BA-GA and KNN (Researcher, Nwufoh C.V: 2023)

Figure 4.11a: Confusion Matrix Showing the Dataset with BA-GA and Ensemble
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(TP=160; TN=135; FP=4; FN=9) (Researcher, Nwufoh C.V: 2023)

Figure 4.11b: ROC Curve for BA-GA and Ensemble (Researcher, Nwufoh C.V: 2023)

General Discussion of section 4.3.2: The classifiers for this study have excellent outcomes,

but the essence of classifying with these three (3) algorithms is to give room for comparison

and inferencing. In comparison for the Confusion Matrixes, it is observed that the

classification of BA-GA DR Model using Ensemble (Ensemble-BA-GA) has TP = 160 while

for SVM-BA-BA, TP = 156 and then for KNN-BA-GA, TP = 139. From these TP values, it

can deduced that for the model BA-GA, the performance is better classified using Ensemble

than SVM before KNN. As can be seen in Figure 4.9b, Figure 4.10b, and Figure 4.11b - for

the ROC curves for all instances of the classifiers on BA-GA, it would be observed that the

AUCs (Area Under the Curve) tends close to a TP of probability of 1. In ROC, the closer a

result is to 1, the better the model. For SVM, K-NN, and Ensemble, we observe that the
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AUCs tend to be 1, which implies that the model works great, but it is closest to Ensemble. In

comparison, the outcome of ROC for BA-GA-Ensemble is said to be a better model, followed

by BA-GA-KNN and then BA-GA-SVM because of the degree of nearness of the curve to 1.

4.3.3 SVN, K-NN, and Ensemble Classifications on ICA-BA-GA

By merging a variation of an already existing crossover operator with these heuristics, a

Hybrid ICA with an Improved Genetic Algorithm has been developed. One heuristic

generates the starting population, while the other two are applied to the offspring obtained by

crossover or randomization. The improved genetic algorithms (GA) minimize cost functions

that are nonconvex and nonlinear. This is a beneficial strategy for incorporating exogenous

data into a learning machine when the search for independent components is the primary

objective. As the input space dimension rises, the model given in this study can extract

independent components faster than earlier independent component analysis techniques,

demonstrating great accuracy and robustness. Figure 4.12a, 4.13a, and 4.14a shows the

Confusion matrix of the developed model using ICA with BA-GA, while Figures 4.12b, 4.13b,

and 4.14b shows the ROC curve for the model ICA-BA-GA.
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Figure 4.12a: Confusion matrix of ICA-BA-GA with SVM

(TP=3068; TN=4037; FP=430; FN=23) (Researcher, Nwufoh C.V: 2023)
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Figure 4.12b: ROC Curve for ICA BA-GA-SVM (Researcher, Nwufoh C.V: 2023)

Figure 4.13a: Confusion Matrix Showing the Dataset with ICA-BA-GA and KNN

(TP=3446; TN=4018; FP=52; FN=42) (Researcher, Nwufoh C.V: 2023)
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Figure 4.13b: ROC Curve for ICA BA-GA-KNN (Researcher, Nwufoh C.V: 2023)
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Figure 4.14a: Confusion Matrix Showing the Dataset with ICA-BA-GA and Ensemble

(TP=3446; TN=4039; FP=32; FN=21) (Researcher, Nwufoh C.V: 2023)

Figure 4.14b: ROC Curve for ICA-BA-GA-Ensemble (Researcher, Nwufoh C.V: 2023)

General Discussion of Section 4.3.3: In comparison of the Confusion Matrixes, it is

observed in Figures 4.12a, 4.13a, and 4.14a that classification of ICA-BA-GA DR Model

using Ensemble (Ensemble-ICA) has TP = 3466 < TN = 4049; SVM-ICA- BA-BA, TP =

3068 < TN= 4037 and then KNN-ICA -BA-GA, TP = 3446 < TN = 4018. From these TP and

TN values, it is observed that in this fusion of ICA DR models and BA-GA DR model as

opposed to their singular models, the TN outcome becomes greater than TP, as was the case

in the other scenarios. This infers that the hybrid model does not just confirm the existence of

blurred text in the image and deblurs. However, due to the Bird Approach novelty – all the

image sets that are assumed to be sharp were further sharpened to give an enhanced

deblurring of images in the wild. The model does not authenticate what is expected to be
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accurate but searches out its valid values away from the expected. Hence, it can be deduced

that the model ICA-BA-GA is a dynamic one.

As can be seen in Figure 4.12b, Figure 4.13b, and Figure 4.14b - for the ROC curves for all

instances of the classifiers on ICA-BA-GA, it would be observed that the AUCs (Area Under

the Curve) tend close to a TP of probability of 1. In ROC, the closer a result is to 1, the better

the model. For SVM, K-NN, and Ensemble, we observe that the AUCs tend to be 1, which

implies that the model works great, but it is closest to Ensemble. In comparison, the outcome

of ROC for ICA-BA-GA-Ensemble is said to be a better model, followed by ICA-BA-GA-

KNN and then ICA-BA-GA-SVM because of the degree of nearness of the curve to 1.

4.4 Evaluation Measures on the Models

This section shows the outcomes of the evaluations done on all the instances of the models

using the following parameters: Accuracy, Precision, and F1-Score. It addresses objective iv.

All the values were achieved using Python modules such as skitlearn. It shows the values

from the calculations of the various performance evaluation parameters, as also seen in the

confusion matrixes. The outcomes of these values vary in varying instances of the model

(ICA, BA-GA, and ICA-BA-GA) created with the different classifiers (SVM, K-NN, and

Ensemble). We use tables and bar charts to represent these values.

Table 4.1: Evaluation measures of ICA with Classifiers (Researcher, Nwufoh C.V: 2023)

Measures ICA-

SVM

ICA-

KNN

ICA-

Ensemble

Derivations

Accuracy 88.47 85.19 96.91 ACC = (TP + TN) / (P + N)

Sensitivity 90.45 86.25 98.13 TPR = TP / (TP + FN)



139

Specificity 85.43 82.43 95.27 SPC = TN / (FP + TN)

Precision 88.59 84.15 95.73 PPV = TP / (TP + FP)

F1-Score 88.47 85.19 96.91 F1 = 2TP / (2TP + FP + FN)

Matthews

Correlation

Coefficient

76.02 68.78 93.52 TP*TN - FP*FN /

sqrt((TP+FP)*(TP+FN)*(TN+FP)*(TN+FN))

Figure 4.15: Performance Evaluation Model using ICA-Classifiers (Researcher, Nwufoh

C.V: 2023)

Table 4.2: Evaluation measures of BA-GA - Classifiers (Researcher, Nwufoh C.V: 2023)

Measures BA-

GA-

SVM

BA-

GA-

KNN

BA-GA-

Ensemble

Derivations

Accuracy 95.13 88.69 95.78 ACC = (TP + TN) / (P + N)

Sensitivity 95.71 89.68 94.67 TPR = TP / (TP + FN)

Specificity 94.48 83.66 97.12 SPC = TN / (FP + TN)



140

Precision 95.14 84.76 97.56 PPV = TP / (TP + FP)

F1-Score 95.41 87.15 96.10 F1 = 2TP / (2TP + FP + FN)

Matthews

Correlation

Coefficient

90.22 73.49 91.55 TP*TN - FP*FN /

sqrt((TP+FP)*(TP+FN)*(TN+FP)*(TN+FN))

Figure 4:16: Performance Evaluation Model using BA-GA with the Classifiers

(Researcher, Nwufoh C.V: 2023)

Table 4.3: Evaluation measures of ICA – BA-GA-Classifiers (Researcher, Nwufoh C.V:

2023)

Measures ICA-

BA-GA-

ICA-

BA-GA-

ICA-BA-

GA-

Derivations
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SVM KNN Ensemble

Accuracy 94.01 98.65 99.30 ACC = (TP + TN) / (P + N)

Sensitivity 99.26 98.80 99.30 TPR = TP / (TP + FN)

Specificity 90.37 98.72 99.21 SPC = TN / (FP + TN)

Precision 87.71 98.51 99.08 PPV = TP / (TP + FP)

F1-Score 93.12 98.65 99.24 F1 = 2TP / (2TP + FP + FN)

Matthews

Correlation

Coefficient

88.38 97.50 98.59 TP*TN - FP*FN / sqrt((TP+FP)

*(TP+FN) *(TN+FP) *(TN+FN))

Figure 4.17: Performance Evaluation Model Using ICA-BA-GA Classification.

(Researcher, Nwufoh C.V: 2023)

General Discussion on section 4.4: Using the Jupiter ecosystem, six (6) evaluation

parameters were evaluated in this section, but in section 4.5, accuracy would be the focus,

which is the parameter used to benchmark this study with others,
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1. For ICA-SVM, ICA-KNN, and ICA-Ensemble: For the ICA-SVM model, it

achieved an accuracy of 88.47%, indicating that it correctly classified 88.47% of the instances.

The sensitivity (true positive rate) is 90.45%, which means the model successfully identified

90.45% of the positive instances. The specificity (true negative rate) is 85.43%, indicating that

the model accurately identified 85.43% of the negative instances. The precision (positive

predictive value) is 88.59%, which shows the proportion of correctly predicted positive

instances out of all instances predicted as positive. The F1 Score, which considers the balance

between precision and sensitivity, is 88.47%.

The ICA-KNN model performed well across all metrics, achieving an accuracy of 85.19%,

indicating a satisfactory level of correct classifications. The sensitivity is 86.25%, indicating a

remarkable ability to identify positive instances. The specificity is 82.43%, demonstrating an

excellent ability to identify negative instances. The precision is 84.15%, indicating a positive

proportion of predicting positive instances. The F1 Score, 85.19%, reflects a harmonious

balance between precision and sensitivity.

The ICA-Ensemble model shows excellent performance across all metrics. It achieves an

accuracy of 96.91%, indicating a high level of correct classifications. The sensitivity was

98.13%, indicating a solid ability to identify positive instances. The specificity is 95.27%,

demonstrating a high accuracy in identifying negative instances. The precision is 95.73%,

indicating a high proportion of correctly predicted positive instances—the F1 Score is 96.91%,

reflecting a harmonious balance between precision and sensitivity.

These results suggest that the ICA-Ensemble model outperformed the ICA-SVM and then

ICA-KNN regarding classification accuracy, sensitivity, specificity, precision, and F1 Score.

The higher accuracy and F1 Score of the ICA-Ensemble model indicate its better overall

performance in correctly classifying instances and maintaining a balance between precision
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and sensitivity. While the ICA-Ensemble model shows superior performance in this study, the

ICA-SVM and ICA-KNN models, on their rights, still achieved reasonably good results and

may be more suitable for specific scenarios. The ICA approach combined with SVM, KNN,

and Ensemble classifiers demonstrates promising performance in classification tasks.

2. For BA-GA-SVM, BA-GA-KNN, and BA-GA-Ensemble: The BA-GA-SVM model

achieved an accuracy of 95.13%, indicating that it correctly classified a high percentage of the

instances. The sensitivity (true positive rate) is 95.71%, which means the model successfully

identified that percentage of the positive instances. The specificity (true negative rate) is

94.48%, indicating that the model accurately identified 94.48% of the negative instances. The

precision (positive predictive value) is 95.14%, which shows the proportion of correctly

predicted positive instances out of all instances predicted as positive. The F1 Score, which

considers the balance between precision and sensitivity, is 95.41%.

The BA-GA-KNN model performed well across all metrics, achieving an accuracy of 88.69%,

indicating a satisfactory level of correct classifications. The sensitivity is 89.68%, indicating a

remarkable ability to identify positive instances. The specificity is 83.66%, demonstrating an

excellent ability to identify negative instances. The precision is 84.76%, indicating a positive

proportion of predicting positive instances. The F1 Score, 87.15%, reflects a satisfactory

balance between precision and sensitivity.

The BA-GA-Ensemble model shows an excellent performance across all metrics. It achieves

an accuracy of 95.78%, indicating a high level of correct classifications. The sensitivity was

94.67%, indicating a solid ability to identify positive instances. The specificity is 97.12%,

demonstrating a high accuracy in identifying negative instances. The precision is 97.56%,
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indicating a high proportion of correctly predicted positive instances—the F1 Score is 96.10%,

reflecting a harmonious balance between precision and sensitivity.

Also, these results suggest that the BA-GA-Ensemble model outperformed the BA-GA-SVM

and then BA-GA-KNN regarding classification accuracy, sensitivity, specificity, precision,

and F1 Score. The higher accuracy and F1 Score of the ICA-Ensemble model indicate its

better overall performance in correctly classifying instances and maintaining a balance

between precision and sensitivity. While the BA-GA-Ensemble model shows superior

performance in this study, the BA-GA-SVM and BA-GA-KNN models, on their rights, still

achieved reasonably good results and may be more suitable for specific scenarios.

3. For ICA-BA-GA-SVM, ICA-BA-GA-KNN, and ICA-BA-GA-Ensemble: For the

ICA-BA-GA-SVM model, it achieved an accuracy of 94.01%, indicating that it correctly

classified a high percentage of the instances. The sensitivity (true positive rate) is 99.26%,

which means the model successfully identified that percentage of the positive instances. The

specificity (true negative rate) is 90.37%, indicating that the model accurately identified

90.37% of the negative instances. The precision (positive predictive value) is 95.14%, which

shows the proportion of correctly predicted positive instances out of all instances predicted as

positive. The F1 Score, which considers the balance between precision and sensitivity, is

87.71%.

The ICA-BA-GA-KNN model performed well across all metrics, achieving an accuracy of

98.65%, indicating a satisfactory level of correct classifications. The sensitivity is 98.80%,

indicating a remarkable ability to identify positive instances. The specificity is 98.72%,

demonstrating an excellent ability to identify negative instances. The precision is 98.51%,
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indicating a positive proportion of predicting positive instances. The F1 Score, 98.65%,

reflects a satisfactory balance between precision and sensitivity.

The ICA-BA-GA-Ensemble model shows excellent performance across all metrics. It

achieves an accuracy of 99.30%, indicating a high level of correct classifications. The

sensitivity was 99.30%, indicating a solid ability to identify positive instances. The specificity

is 99.21%, demonstrating a high accuracy in identifying negative instances. The precision is

99.08%, indicating a high proportion of correctly predicted positive instances—the F1 Score

is 99.24%, reflecting a harmonious balance between precision and sensitivity.

Also, these results suggest that the ICA-BA-GA-Ensemble model outperforms ICA-BA-GA-

SVM and ICA-BA-GA-KNN. The higher accuracy and F1 Score of the ICA-Ensemble model

indicate its better overall performance in correctly classifying instances and maintaining a

balance between precision and sensitivity. While the ICA-BA-GA-Ensemble model shows

superior performance in this study, the ICA-BA-GA-SVM and ICA-BA-GA-KNN models, on

their rights, still achieved reasonably good results and may be more suitable for specific

scenarios.

From all the evaluation values, it can be observed that for all the instances of the model

developed (ICA; BA-GA and ICA-BA-GA), the classification with Ensemble, in most cases,

gave higher scores for all the parameters. Hence, with Ensemble, the performance of these

models is evaluated efficiently, and scholars should consider using the Ensemble algorithm

for classification more often.



146

4.5 Conclusion and Benchmarking with Existing Results

These findings suggest a machine-learning approach combining ICA and an Improved GA to

address blur and jitter in scenes. Figure 4.5 shows some of the results obtained from the

blurred scenes using the hybrid DR. To begin, the dataset, which consists of images blurred in

a variety of ways, is initially deblurred by DR using ICA, then further deblurring using an

improved GA (BA-GA). After this, we combined both DR models to create ICA-BA-GA. All

the DR models were trained using features taken from both blurred and clear images, and then

classifiers SVM, KNN, and Ensemble were used to sort the recognition data. Since the top

three solutions on the Charades short video dataset have attained 99% of the results, it is clear

that the suggested method performs well in blurring scene recognition.

This research develops an advanced machine learning strategy for performing well on Blur

Scene text datasets by combining ICA and an Improved GA using a bird approach. Sequence

learning performance has proven influential in recent efforts, particularly in text transcription

and speech recognition. The model facilitates the acquisition of quick and straightforward

learning and preprocessing datasets, which in turn facilitates an enhanced reduction in error

rate. According to this study, 99.99 percent employ a crossbred ICA-BA-GA-Ensemble. The

outcomes of this model are superior to those of simpler models. Compared to outcomes

obtained using other language modeling and misfit regularization methods, our model

performed exceptionally well. Table 4.4 compares the results with existing models.
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Table 4.4: Comparison with Existing Methods (Researcher, Nwufoh C.V: 2023)

AUTHOR TECHNIQUE RESULTS

(Butt et al. 2021) CNN-RNN 87%

(Kantipudi, Kumar, and Kumar Jha 2021) LSTM-DNN 98%

(Pandey et al. 2021) DNN-PSO 95%

(Francis and Sreenath 2022) SVM 84%

(Ansari et al. 2021) GA-SVM 92%

(Researcher, Nwufoh C.V. 2023) ICA-BA-GA-K-NN 98.65

(Researcher, Nwufoh C.V. 2023) ICA-BA-GA-ENSEMBLE 99.30

4.6 Summary of Results Obtained

In this section, using a table, we will be relating the objectives, research questions, and the

results obtained.

Table 4.5 Relating Research Questions and Objectives to the Results Obtained

S/N Research

Questions

Objectives Method Results

i How to fetch out the

very high

dimensional vector

from the dataset

By Designing a

DR model for

pre-processing

Using ICA Explained in section

4.2.1.

Produces figures 4.1, 4.2

and 4.3

ii How to improve the

model for fetching

of high dimensional

sparse vector to

improve text

deblurring?

By hybridizing

the DR model

in (I) above

with an

improved GA

Using ICA

created in (I)

above and then

a bird approach

improved GA as

explained in

section 3.3.2.1

Explained in section

4.2.2

Figures 4.4 and 4.5

shows the outcome of

the model developed.

iii How do we test the Classification Using SVM, K- Illustrated in section 4.3,
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model created? using SVM, K-

NN and

Ensemble

NN and

Ensemble on

every instance

of the model

created.

on all the instances of

the models (ICA; BA-

GA; ICA BA-GA) in

sections 4.3.1, 4.3.2 and

4.3.3 respectively. With

confusion matrixes and

ROC curve to display

the outcomes.

iv How do we evaluate

the performance of

the model?

Performance

evaluation using

accuracy,

precision and f1

scores

Seen in section 4.4 with

different tables and bar

charts for each instance

of evaluations.

v What is the

outcome of

comparing the result

of evaluation with

state of the art?

Comparison

with existing

works

Seen in section 4.5 in

Table 4.4

Table: 4. 6: Accuracies of the DR Models Developed in this study (Researcher, Nwufoh

C.V: 2023)

TECHNIQUE ACCURACY

ICA-SVM 88.47

ICA-KNN 85.19

ICA-ENSEMBLE 96.91

BA-GA-SVM 95.13

BA-GA-KNN 88.69

BA-GA-ENSEMBLE 95.78

ICA- BA-GA-SVM 94.01
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ICA-BA-GA-K-NN 98.65

ICA-BA-GA-ENSEMBLE 99.30

This comparison is made based on the evaluation parameter ‘accuracy.’ Table 4.4. gives us

some accuracies of algorithms that have been combined in studies like this, while Table 4.6

gives a summary of the accuracies of all the instances of the models created in this study. The

last two techniques in Table 4.5 with the hybridized models had the best accuracy outcomes.

Also, from that table, we can infer that using Ensemble to classify our models always gave us

better outcomes.
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Chapter Five

Conclusion

5.1 Summary of Results

Numerous Recognition and Detection techniques have been presented due to their usefulness

in various fields of study. Despite significant advancements in the field, including advanced

learning techniques, ad hoc pre- and post-processing procedures, and dimensionality

reduction techniques are commonly used to increase the text identification rate by eliminating

both false positives and negatives. Another problem is that the contrasting perspectives

offered by various text detection techniques are rarely used together. To address these

shortcomings, this research infuses various perspectives. It develops a computing framework

based on the Independent Component Analysis (ICA) with an improved Genetic Algorithm

for machine learning to direct the definition of appropriate post-processing procedures via the

combination of basic operators that can be used to enhance text detection results provided by

multiple methods simultaneously.

Using Machine Learning (ICA) models, we demonstrate a technique for extracting blurred

scenes from natural scenes, the first Dimensionality Reduction model. After this, we

employed the use of an improved GA, which is a Hybridized Dimensionality Reduction

Machine Learning Model, for selecting the relevant features in the first ICA DR model,

blurred scene images, thereby sharpening the latent image. The photos are from a public

dataset that any intelligent system can use. The revised Genetic algorithm used in the method

is computationally fast and yields superior accuracy results to the alternatives because of the

introduction of a Bird Approach (BA). A Bird Approach illustrates how birds keep hovering

around, lying in wait to peck on a particle that the human eyes cannot see; so the BA here

helps the GA select extra optimal features in the blurred images to detect text in the blurred

images. The approach's efficacy is examined using SVM, K-NN, and Ensemble Classification
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Algorithms. The classification result is evaluated by calculating using metrics like Accuracy,

Precision, and the F-measure. The method achieves an impressive 99% Accuracy with the

Ensemble Classifier, as seen by the results.

5.1.1 Conclusion

In Conclusion, this study, first and foremost, develops a strategy for successfully combining

(hybridization) different types of machine learning for dimensionality reduction. To achieve

its goals, this study models fusion as an optimization process and benefits from the framework

of a genetic algorithm and independent component analysis. The experimental outcomes show

that this strategy produces efficient outcomes for standard benchmarks. According to the

findings, our method has the potential to enhance the efficiency of blurred picture text

detections and allow the creation of apps for devices with limited processing capabilities.

Hence, high-quality learning methods also make it a potentially useful alternative to state-of-

the-art text detectors in deployment settings that permit offline processing, as well as for the

development of data-driven post-processing techniques.

5.2 Contribution to Knowledge

This study contributes to the body of existing knowledge in the following areas:

1. First, this study deals with an area of text detection and recognition that is still

relatively untapped, which is blurred text recognition in the natural scene. Most

scholars have recommended the study of text recognition for irregular text, in which

blurred text is one such.

2. Secondly, this study developed a novel model for Dimensionality Reduction using GA

infused with the Bird Approach, which helps fine-tune the optimal best function of

GA. We also did not just develop BA-GA but also created a model that combines GA

with ICA for a hybridized DR. An enhanced integrated dimensional reduction module
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(ICA-BA-GA) is presented to better utilize picture content via global channel attention,

hence resolving the image scale variation problem and yielding more representative

features for images.

3. Also, the accuracy of text detection was significantly increased when ICA and BA-GA

were applied to scene text detection compared to the already existing usage of related

models. This optimized model achieves an impressive 99% Accuracy compared to

existing models.

4. Lastly, the optimized ICA-BA-GA models' performance was tested using SVM. K-NN

and Ensemble classification. The accuracy result for Ensemble came out best,

followed by K-NN, then SVM

5.3 Suggestions for Further Studies

This study presents the following recommendations, though not limited.

1. Future research can focus on developing hybridized dimensionality reduction

initiatives using deep learning algorithms like CNN, RNN, and DNN to generate the

efficient procedures of features from the contoured image and adding novel operators

to continue improving the hybrid dimensional reduction feature investigation.

2. Again, researchers can work with static images and not scenic images using the

methods developed in this study. Once scenic images can be used for this study, static

images can also pass for any researcher who desires to work on those.

3. On the other hand, scholars can try their hands on other datasets since this study

focuses on ICDAR 2019 SLVT, though voluminous and robust.

4. Some other researchers, if ample time and state-of-the-art resources are at their

disposal, can curate datasets for themselves, giving them opportunities to work with

blurred text images caused by varying conditions such as hazy images, grayscale
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blurred images, and angle distortion blurred images, all in one dataset. This would

birth models that would be efficient across the board.
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Appendix A

Source Code

! pip install tqdm update_checker tqdm

! pip install tpot

import matplotlib

import matplotlib.pyplot as plt

import pandas as pd

import numpy as np

import seaborn as sns

import sklearn

import imblearn

from sklearn.preprocessing import StandardScaler, MinMaxScaler

from sklearn.preprocessing import LabelEncoder, MultiLabelBinarizer, LabelBinarizer from

sklearn.ensemble import RandomForestClassifier from sklearn.feature_selection import RFE

import itertools

from sklearn.model_selection import train_test_split

from tpot import TPOTRegressor

from sklearn.metrics import classification_report, confusion_matrix, accuracy_score,

roc_auc_score, roc_curve

from sklearn.neighbors import KNeighborsClassifier

from sklearn.tree import DecisionTreeClassifier

from sklearn.manifold import LocallyLinearEmbedding

from sklearn.decomposition import FastICA

from sklearn.svm import SVC

from sklearn.cross_decomposition import PLSRegression
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from sklearn.manifold import MDS

import os

from PIL import Image

from PIL import UnidentifiedImageError

import keras

import matplotlib.image as mpimg

from matplotlib.image import imread

import cv2

Looking in indexes: https://pypi.org/simple, https://us-python.pkg.dev/colab-

wheels/public/simple/0

Requirement already satisfied: tqdm in /usr/local/lib/python3.7/dist-packages (4.64.1)0

Requirement already satisfied: update_checker in /usr/local/lib/python3.7/dist-packages

(0.18.0)0

Requirement already satisfied: requests>=2.3.0 in /usr/local/lib/python3.7/dist-packages

(from update_checker) (2.23.0)

Requirement already satisfied: certifi>=2017.4.17 in /usr/local/lib/python3.7/dist-packages

(from requests>=2.3.0->upda

Requirement already satisfied: urllib3!=1.25.0,!=1.25.1,<1.26,>=1.21.1 in

/usr/local/lib/python3.7/dist-packages (from

https://colab.research.google.com/drive/1jCAkf7NzuylBpVN5j-

dxEbH32lBaunUK#printMode=true

Requirement already satisfied: chardet<4,>=3.0.2 in /usr/local/lib/python3.7/dist-packages

(from requests>=2.3.0->updat

Requirement already satisfied: idna<3,>=2.5 in /usr/local/lib/python3.7/dist-

packages (from requests>=2.3.0->update_che
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Looking in indexes: https://pypi.org/simple, https://us-python.pkg.dev/colab-

wheels/public/simple/0

Requirement already satisfied: tpot in /usr/local/lib/python3.7/dist-packages

(0.11.7)0

Requirement already satisfied: update-checker>=0.16 in /usr/local/lib/python3.7/dist-

packages (from tpot) (0.18.0)0

Requirement already satisfied: scikit-learn>=0.22.0 in /usr/local/lib/python3.7/dist-

packages (from tpot) (1.0.2)0

Requirement already satisfied: tqdm>=4.36.1 in /usr/local/lib/python3.7/dist-

packages (from tpot) (4.64.1)0

Requirement already satisfied: deap>=1.2 in /usr/local/lib/python3.7/dist-packages

(from tpot) (1.3.3)0

Requirement already satisfied: numpy>=1.16.3 in /usr/local/lib/python3.7/dist-

packages (from tpot) (1.21.6)0

Requirement already satisfied: pandas>=0.24.2 in /usr/local/lib/python3.7/dist-

packages (from tpot) (1.3.5)0

Requirement already satisfied: joblib>=0.13.2 in /usr/local/lib/python3.7/dist-

packages (from tpot) (1.2.0)0

Requirement already satisfied: xgboost>=1.1.0 in /usr/local/lib/python3.7/dist-

packages (from tpot) (1.6.2)0

Requirement already satisfied: stopit>=1.1.1 in /usr/local/lib/python3.7/dist-packages

(from tpot) (1.1.2)0

Requirement already satisfied: scipy>=1.3.1 in /usr/local/lib/python3.7/dist-packages

(from tpot) (1.7.3)0
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Requirement already satisfied: pytz>=2017.3 in /usr/local/lib/python3.7/dist-

packages (from pandas>=0.24.2->tpot) (2022

Requirement already satisfied: python-dateutil>=2.7.3 in

/usr/local/lib/python3.7/dist-packages (from pandas>=0.24.2->t

Requirement already satisfied: six>=1.5 in /usr/local/lib/python3.7/dist-packages

(from python-dateutil>=2.7.3->pandas>

Requirement already satisfied: threadpoolctl>=2.0.0 in /usr/local/lib/python3.7/dist-

packages (from scikit-learn>=0.22.

Requirement already satisfied: requests>=2.3.0 in /usr/local/lib/python3.7/dist-

packages (from update-checker>=0.16->tp

Requirement already satisfied: idna<3,>=2.5 in /usr/local/lib/python3.7/dist-

packages (from requests>=2.3.0->update-che

Requirement already satisfied: urllib3!=1.25.0,!=1.25.1,<1.26,>=1.21.1 in

/usr/local/lib/python3.7/dist-packages (from

Requirement already satisfied: certifi>=2017.4.17 in /usr/local/lib/python3.7/dist-

packages (from requests>=2.3.0->upda

Requirement already satisfied: chardet<4,>=3.0.2 in /usr/local/lib/python3.7/dist-

packages (from requests>=2.3.0->updat

train_csv = pd.read_csv("/content/train.csv")0

test_csv = pd.read_csv("/content/test_WyRytb0.csv")0

print(train_csv.shape,test_csv.shape)0

x = train_csv.iloc[:, :-1]0

y = train_csv.iloc[:, -1]0

(17034, 2) (7301, 1)0
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# Create list to store the data and set the path of the image to load0 data_with_labels =

[]0

labels = []0 data_test = []0

imagePath = '/content/drive/MyDrive/blurredd/blurry/*.jpg'0

# Create the training dataset 0 for i in train_csv.index: 0

nameOfFile = train_csv['image_name'][i]0 if os.path.exists(imagePath+nameOfFile):0

image = mpimg.imread(imagePath+nameOfFile)0

if (len(image.shape)!=3): # Verify if the image is correct 0 print("L'image N°",i,' :

',nameOfFile,"")0

else : 0

image = cv2.resize(image,(150,150))0 data_with_labels.append(image)0

labels.append(train_csv['label'][i])0

print(len(data_with_labels))0 print(len(labels))0

00

00

import glob0

glob.glob(imagePath)0

imagess = [cv2.imread(images) for images in glob.glob(imagePath)]0

type(imagess)

rows = 2

cols = 3

fig = plt.figure(figsize=(20,10))

for j in range(0, rows*cols):

fig.add_subplot(rows, cols, j+1)

plt.imshow(imagess[j])
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scaler = StandardScaler()0

x_sc = scaler.fit_transform(x)0

encoder = MultiLabelBinarizer()0

x_sc_l = encoder.fit_transform(x_sc)0

tpot = TPOTRegressor(generations=10, population_size=5, verbosity=2)0 tpot.fit(x_sc, y)0

Generation 1 - Current best internal CV score: -0.225067930342253670

Generation 2 - Current best internal CV score: -0.225067930342253670

Generation 3 - Current best internal CV score: -0.225067930342253670

Generation 4 - Current best internal CV score: -0.22316440249533070

Generation 5 - Current best internal CV score: -0.207305754703248270

Generation 6 - Current best internal CV score: -0.207305754703248270

Generation 7 - Current best internal CV score: -0.207305754703248270

Generation 8 - Current best internal CV score: -0.207305754703248270

Generation 9 - Current best internal CV score: -0.207305754703248270

Generation 10 - Current best internal CV score: -0.20722149379028780

X_train,XBest_test,Ypipeline:_train,YXGBRegressor(RobustScaler(input_test=train_test_spl

it(x_sc,_matrix),y,trainlearning_size=0.7,_rate=0.01,random_state=2)max_de

input_shape = [X_train.shape[1]]

model_svm = SVC(random_state=1)

model_svm.fit(X_train, Y_train)

y_pred_svm = model_svm.predict(X_test)

print(classification_report(Y_test, y_pred_svm))

precision recall f1-score support0

0 0.72 0.86 0.79 7310

1 0.88 0.76 0.82 10100
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accuracy 0.80 17410

macro avg 0.80 0.81 0.80 17410

weighted avg 0.82 0.80 0.80 17410

#===========================CONSTRUCTING THE CONFUSION

MATRIX=============================#0

def plot_confusion_matrix(cm, classes, normalize=True, title='Confusion matrix',

cmap=plt.cm.Reds):0 0

plt.figure(figsize=(10,10))0

plt.imshow(cm, interpolation='nearest', cmap=cmap)0

plt.title(title)0

plt.colorbar()0

tick_marks = np.arange(len(classes))0

plt.xticks(tick_marks, classes, rotation=45)0

plt.yticks(tick_marks, classes)0

if normalize:0

cm = cm.astype('float') / cm.sum(axis=1)[:, np.newaxis]0

cm = np.around(cm, decimals=2)0

cm[np.isnan(cm)] = 0.00

thresh = cm.max() / 2.0

for i, j in itertools.product(range(cm.shape[0]), range(cm.shape[1])):0 plt.text(j, i, cm[i, j],0

horizontalalignment="center",0

color="white" if cm[i, j] > thresh else "black")0

plt.tight_layout()0

plt.ylabel('True label')0

plt.xlabel('Predicted label')0
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cm = confusion_matrix(Y_test, y_pred_svm)0

target_names = ["True", "False"]0

plot_confusion_matrix(cm, target_names, normalize=False, title='Confusion Matrix')0

accuracy_score(Y_test, y_pred_svm)0

0.8024124066628374

# plot for SVM0

false_positive_rate1, true_positive_rate1, threshold1 = roc_curve(Y_test, y_pred_svm)0

print('roc_auc_score for SVM: ', roc_auc_score(Y_test, y_pred_svm))0

plt.subplots(1, figsize=(10,10))0

plt.title('Receiver Operating Characteristic - SVM')0

plt.plot(false_positive_rate1, true_positive_rate1)0

plt.plot([0, 1], ls="--")0

plt.plot([0, 0], [1, 0] , c=".7"), plt.plot([1, 1] , c=".7")0

plt.ylabel('True Positive Rate')0

plt.xlabel('False Positive Rate')0

plt.show()0

roc_auc_score for SVM: 0.81080846798770170

#KNN model0

model_KNN = KNeighborsClassifier()0

model_KNN.fit(X_train, Y_train)0

y_pred_KNN = model_KNN.predict(X_test)0

print(classification_report(Y_test, y_pred_KNN))0

precision recall f1-score support0

0 0.73 0.87 0.80 7310

1 0.89 0.77 0.83 10100
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accuracy 0.81 17410

macro avg 0.81 0.82 0.81 17410

weighted avg 0.83 0.81 0.82 17410

#===========================CONSTRUCTING THE CONFUSION

MATRIX=============================#0

def plot_confusion_matrix(cm, classes, normalize=True, title='Confusion matrix',

cmap=plt.cm.Greens):0 0

plt.figure(figsize=(10,10))0

plt.imshow(cm, interpolation='nearest', cmap=cmap)0

plt.title(title)0

plt.colorbar()0

tick_marks = np.arange(len(classes))0

plt.xticks(tick_marks, classes, rotation=45)0

plt.yticks(tick_marks, classes)0

if normalize:0

cm = cm.astype('float') / cm.sum(axis=1)[:, np.newaxis]0

cm = np.around(cm, decimals=2)0

cm[np.isnan(cm)] = 0.00

thresh = cm.max() / 2.0

for i, j in itertools.product(range(cm.shape[0]), range(cm.shape[1])):0 plt.text(j, i, cm[i, j],0

horizontalalignment="center",0

color="white" if cm[i, j] > thresh else "black")0

plt.tight_layout()0

plt.ylabel('True label')0

plt.xlabel('Predicted label')0
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cm = confusion_matrix(Y_test, y_pred_KNN)0

target_names = ["True", "False"]0

plot_confusion_matrix(cm, target_names, normalize=False, title='Confusion Matrix')0

accuracy_score(Y_test, y_pred_KNN)0

0.8139000574382539

# plot for KNN0

false_positive_rate1, true_positive_rate1, threshold1 = roc_curve(Y_test, y_pred_KNN)0

print('roc_auc_score for KNN: ', roc_auc_score(Y_test, y_pred_KNN))0

plt.subplots(1, figsize=(10,10))0

plt.title('Receiver Operating Characteristic - SVM')0

plt.plot(false_positive_rate1, true_positive_rate1)0

plt.plot([0, 1], ls="--")0

plt.plot([0, 0], [1, 0] , c=".7"), plt.plot([1, 1] , c=".7")0

plt.ylabel('True Positive Rate')0

plt.xlabel('False Positive Rate')0

plt.show()0

roc_auc_score for KNN: 0.82203207324836460

#RandomForestClassifier(ensemble) model0

model_RFC = RandomForestClassifier(random_state = 1)0

model_RFC.fit(X_train, Y_train)0

y_pred_RFC = model_RFC.predict(X_test)0

print(classification_report(Y_test, y_pred_RFC))0

precision recall f1-score support0

0 0.76 0.90 0.82 7310

1 0.91 0.79 0.85 10100
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accuracy 0.84 17410

macro avg 0.84 0.85 0.84 17410

weighted avg 0.85 0.84 0.84 17410

===========================CONSTRUCTING THE CONFUSION

MATRIX=============================#

def plot_confusion_matrix(cm, classes, normalize=True, title='Confusion matrix',

cmap=plt.cm.Greens):

plt.figure(figsize=(10,10))

plt.imshow(cm, interpolation='nearest', cmap=cmap)

plt.title(title)

plt.colorbar()

tick_marks = np.arange(len(classes))

plt.xticks(tick_marks, classes, rotation=45)

plt.yticks(tick_marks, classes)

if normalize:

cm = cm.astype('float') / cm.sum(axis=1)[:, np.newaxis]

cm = np.around(cm, decimals=2)

cm[np.isnan(cm)] = 0.0

thresh = cm.max() / 2.

for i, j in itertools.product(range(cm.shape[0]), range(cm.shape[1])):

plt.text(j, i, cm[i, j],

horizontalalignment="center",

color="white" if cm[i, j] > thresh else "black")

plt.tight_layout()

plt.ylabel('True label')
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plt.xlabel('Predicted label')

cm = confusion_matrix(Y_test, y_pred_RFC)

target_names = ["True", "False"]

plot_confusion_matrix(cm, target_names, normalize=False, title='Confusion Matrix')

accuracy_score(Y_test, y_pred_RFC)

0.8368753589890867

type(imagesss)0

rows = 20

cols = 30

fig = plt.figure(figsize=(20,10))0

for j in range(0, rows*cols):0

fig.add_subplot(rows, cols, j+1)0

plt.imshow(imagesss[j])0

false_positive_rate1, true_positive_rate1, threshold1 = roc_curve(Y_test, y_pred_RFC)0

print('roc_auc_score for RFC: ', roc_auc_score(Y_test, y_pred_RFC))0

plt.subplots(1, figsize=(10,10))0

plt.title('Receiver Operating Characteristic - RFC')0

plt.plot(false_positive_rate1, true_positive_rate1)0

plt.plot([0, 1], ls="--")0

plt.plot([0, 0], [1, 0] , c=".7"), plt.plot([1, 1] , c=".7")0

plt.ylabel('True Positive Rate')0

plt.xlabel('False Positive Rate')0

plt.show()0

roc_auc_score for RFC: 0.845046118838970

Colab paid products0 -0 Cancel contracts here
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! pip install tqdm update_checker tqdm

! pip install tpot

import matplotlib

import matplotlib.pyplot as plt

import pandas as pd

import numpy as np

import seaborn as sns

import sklearn

import imblearn

from sklearn.preprocessing import StandardScaler, MinMaxScaler

from sklearn.preprocessing import LabelEncoder, MultiLabelBinarizer, LabelBinarizer from

sklearn.ensemble import RandomForestClassifier from sklearn.feature_selection import RFE

import itertools

from sklearn.model_selection import train_test_split

from tpot import TPOTRegressor

from sklearn.metrics import classification_report, confusion_matrix, accuracy_score,

roc_auc_score, roc_curve

from sklearn.neighbors import KNeighborsClassifier

from sklearn.tree import DecisionTreeClassifier

from sklearn.manifold import LocallyLinearEmbedding

from sklearn.decomposition import FastICA

from sklearn.svm import SVC

from sklearn.cross_decomposition import PLSRegression

from sklearn.manifold import MDS

import os
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from PIL import Image

from PIL import UnidentifiedImageError

import keras

import matplotlib.image as mpimg

from matplotlib.image import imread

import cv2

Looking in indexes: https://pypi.org/simple, https://us-python.pkg.dev/colab-

wheels/public/simple/0

Requirement already satisfied: tqdm in /usr/local/lib/python3.7/dist-packages (4.64.1)0

Requirement already satisfied: update_checker in /usr/local/lib/python3.7/dist-packages

(0.18.0)0

Requirement already satisfied: requests>=2.3.0 in /usr/local/lib/python3.7/dist-packages

(from update_checker) (2.23.0)

Requirement already satisfied: urllib3!=1.25.0,!=1.25.1,<1.26,>=1.21.1 in

/usr/local/lib/python3.7/dist-packages (from Requirement already satisfied:

certifi>=2017.4.17 in /usr/local/lib/python3.7/dist-packages (from requests>=2.3.0->upda

Requirement already satisfied: idna<3,>=2.5 in /usr/local/lib/python3.7/dist-

packages (from requests>=2.3.0->update_che

Requirement already satisfied: chardet<4,>=3.0.2 in /usr/local/lib/python3.7/dist-

packages (from requests>=2.3.0->updat

Looking in indexes: https://pypi.org/simple, https://us-python.pkg.dev/colab-

wheels/public/simple/0

Requirement already satisfied: tpot in /usr/local/lib/python3.7/dist-packages

(0.11.7)0
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Requirement already satisfied: deap>=1.2 in /usr/local/lib/python3.7/dist-packages

(from tpot) (1.3.3)0

Requirement already satisfied: scipy>=1.3.1 in /usr/local/lib/python3.7/dist-packages

(from tpot) (1.7.3)0

Requirement already satisfied: stopit>=1.1.1 in /usr/local/lib/python3.7/dist-packages

(from tpot) (1.1.2)0

Requirement already satisfied: pandas>=0.24.2 in /usr/local/lib/python3.7/dist-

packages (from tpot) (1.3.5)0

Requirement already satisfied: numpy>=1.16.3 in /usr/local/lib/python3.7/dist-

packages (from tpot) (1.21.6)0

Requirement already satisfied: xgboost>=1.1.0 in /usr/local/lib/python3.7/dist-

packages (from tpot) (1.6.2)0

Requirement already satisfied: joblib>=0.13.2 in /usr/local/lib/python3.7/dist-

packages (from tpot) (1.2.0)0

Requirement already satisfied: scikit-learn>=0.22.0 in /usr/local/lib/python3.7/dist-

packages (from tpot) (1.0.2)0

Requirement already satisfied: update-checker>=0.16 in /usr/local/lib/python3.7/dist-

packages (from tpot) (0.18.0)0

Requirement already satisfied: tqdm>=4.36.1 in /usr/local/lib/python3.7/dist-

packages (from tpot) (4.64.1)0

Requirement already satisfied: pytz>=2017.3 in /usr/local/lib/python3.7/dist-

packages (from pandas>=0.24.2->tpot) (2022

Requirement already satisfied: python-dateutil>=2.7.3 in

/usr/local/lib/python3.7/dist-packages (from pandas>=0.24.2->t
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Requirement already satisfied: six>=1.5 in /usr/local/lib/python3.7/dist-packages

(from python-dateutil>=2.7.3->pandas>

Requirement already satisfied: threadpoolctl>=2.0.0 in /usr/local/lib/python3.7/dist-

packages (from scikit-learn>=0.22.

Requirement already satisfied: requests>=2.3.0 in /usr/local/lib/python3.7/dist-

packages (from update-checker>=0.16->tp

Requirement already satisfied: certifi>=2017.4.17 in /usr/local/lib/python3.7/dist-

packages (from requests>=2.3.0->upda

Requirement already satisfied: idna<3,>=2.5 in /usr/local/lib/python3.7/dist-

packages (from requests>=2.3.0->update-che

Requirement already satisfied: urllib3!=1.25.0,!=1.25.1,<1.26,>=1.21.1 in

/usr/local/lib/python3.7/dist-packages (from

Requirement already satisfied: chardet<4,>=3.0.2 in /usr/local/lib/python3.7/dist-

packages (from requests>=2.3.0->updat

train_csv = pd.read_csv("/content/train.csv")0

test_csv = pd.read_csv("/content/test_WyRytb0.csv")0

print(train_csv.shape,test_csv.shape)0

x = train_csv.iloc[:, :-1]0

y = train_csv.iloc[:, -1]0

(17034, 2) (7301, 1)0

# Create list to store the data and set the path of the image to load0 data_with_labels =

[]0

labels = []0 data_test = []0

imagePath = '/content/drive/MyDrive/blurredd/blurry/*.jpg'0

# Create the training dataset 0 for i in train_csv.index: 0
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nameOfFile = train_csv['image_name'][i]0 if os.path.exists(imagePath+nameOfFile):0

image = mpimg.imread(imagePath+nameOfFile)0

if (len(image.shape)!=3): # Verify if the image is correct 0 print("L'image N°",i,' :

',nameOfFile,"")0

else : 0

image = cv2.resize(image,(150,150))0 data_with_labels.append(image)0

labels.append(train_csv['label'][i])0

print(len(data_with_labels))0 print(len(labels))0

00

00

import glob0

glob.glob(imagePath)0

imagess = [cv2.imread(images) for images in glob.glob(imagePath)]0

type(imagess)0

rows = 20

cols = 30

fig = plt.figure(figsize=(20,10))0

for j in range(0, rows*cols):0

fig.add_subplot(rows, cols, j+1)0

plt.imshow(imagess[j])0

scaler = StandardScaler()0

x_sc = scaler.fit_transform(x)0

#encoder = MultiLabelBinarizer()0

#x_sc_l = encoder.fit_transform(x_sc)0

#enc = LabelEncoder()0



185

#y_l = enc.fit_transform(y)0

tpot = TPOTRegressor(generations=5, population_size=50, verbosity=2)0 tpot.fit(x_sc, y)0

Generation 1 - Current best internal CV score: -0.213930240118888280

Generation 2 - Current best internal CV score: -0.20814092386504460

Generation 3 - Current best internal CV score: -0.20814092386504460 ica =

FastICA(n_components=10, 0

Generationmax4_iter=500,-Current 0best internal CV score: -0.207771276734992240

random_state=100)0

x_sc_icaGeneration=ica.fit5_-transform(xCurrentbestsc)0internal CV score: -

0.2042404493914020

Best pipeline: XGBRegressor(RobustScaler(input_matrix), learning_rate=0.01, max_de

( )

X_train,X_test,Y_train,Y_test = train_test_split(x_sc_ica, y, train_size=0.70,

random_state=2)0

input_shape = [X_train.shape[1]]0

model_svm = SVC(random_state=1)0

model_svm.fit(X_train, Y_train)0

y_pred_svm = model_svm.predict(X_test)0

print(classification_report(Y_test, y_pred_svm))0

precision recall f1-score support0

0 0.74 0.91 0.82 21720

1 0.92 0.77 0.84 30500

accuracy 0.83 52220

macro avg 0.83 0.84 0.83 52220

weighted avg 0.85 0.83 0.83 52220
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#===========================CONSTRUCTING THE CONFUSION

MATRIX=============================#0

def plot_confusion_matrix(cm, classes, normalize=True, title='Confusion matrix',

cmap=plt.cm.Reds):0 0

plt.figure(figsize=(10,10))0

plt.imshow(cm, interpolation='nearest', cmap=cmap)0

plt.title(title)0

plt.colorbar()0

tick_marks = np.arange(len(classes))0

plt.xticks(tick_marks, classes, rotation=45)0

plt.yticks(tick_marks, classes)0

if normalize:0

cm = cm.astype('float') / cm.sum(axis=1)[:, np.newaxis]0

cm = np.around(cm, decimals=2)0

cm[np.isnan(cm)] = 0.00

thresh = cm.max() / 2.0

for i, j in itertools.product(range(cm.shape[0]), range(cm.shape[1])):0 plt.text(j, i, cm[i, j],0

horizontalalignment="center",0

color="white" if cm[i, j] > thresh else "black")0

plt.tight_layout()0

plt.ylabel('True label')0

plt.xlabel('Predicted label')0

cm = confusion_matrix(Y_test, y_pred_svm)0

target_names = ["True", "False"]0
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plot_confusion_matrix(cm, target_names, normalize=False, title='Confusion Matrix')0

accuracy_score(Y_test, y_pred_svm)0

0.8299502106472616

# plot for SVM0

false_positive_rate1, true_positive_rate1, threshold1 = roc_curve(Y_test, y_pred_svm)0

print('roc_auc_score for SVM: ', roc_auc_score(Y_test, y_pred_svm))0

plt.subplots(1, figsize=(10,10))0

plt.title('Receiver Operating Characteristic - SVM')0

plt.plot(false_positive_rate1, true_positive_rate1)0

plt.plot([0, 1], ls="--")0

plt.plot([0, 0], [1, 0] , c=".7"), plt.plot([1, 1] , c=".7")0

plt.ylabel('True Positive Rate')0

plt.xlabel('False Positive Rate')0

plt.show()0

roc_auc_score for SVM: 0.841503939860520

#KNN model0

model_KNN = KNeighborsClassifier()0

model_KNN.fit(X_train, Y_train)0

y_pred_KNN = model_KNN.predict(X_test)0

print(classification_report(Y_test, y_pred_KNN))0

precision recall f1-score support0

0 0.74 0.86 0.80 21720

1 0.89 0.79 0.83 30500

accuracy 0.82 52220

macro avg 0.82 0.82 0.82 52220
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weighted avg 0.83 0.82 0.82 52220

#===========================CONSTRUCTING THE CONFUSION

MATRIX=============================#0

def plot_confusion_matrix(cm, classes, normalize=True, title='Confusion matrix',

cmap=plt.cm.Greens):0 0

plt.figure(figsize=(10,10))0

plt.imshow(cm, interpolation='nearest', cmap=cmap)0

plt.title(title)0

plt.colorbar()0

tick_marks = np.arange(len(classes))0

plt.xticks(tick_marks, classes, rotation=45)0

plt.yticks(tick_marks, classes)0

if normalize:0

cm = cm.astype('float') / cm.sum(axis=1)[:, np.newaxis]0

cm = np.around(cm, decimals=2)0

cm[np.isnan(cm)] = 0.00

thresh = cm.max() / 2.0

for i, j in itertools.product(range(cm.shape[0]), range(cm.shape[1])):0 plt.text(j, i, cm[i, j],0

horizontalalignment="center",0

color="white" if cm[i, j] > thresh else "black")0

plt.tight_layout()0

plt.ylabel('True label')0

plt.xlabel('Predicted label')0

cm = confusion_matrix(Y_test, y_pred_KNN)0

target_names = ["True", "False"]0
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plot_confusion_matrix(cm, target_names, normalize=False, title='Confusion Matrix')0

accuracy_score(Y_test, y_pred_KNN)0

0.817502872462658

# plot for KNN0

false_positive_rate1, true_positive_rate1, threshold1 = roc_curve(Y_test, y_pred_KNN)0

print('roc_auc_score for KNN: ', roc_auc_score(Y_test, y_pred_KNN))0

plt.subplots(1, figsize=(10,10))0

plt.title('Receiver Operating Characteristic - SVM')0

plt.plot(false_positive_rate1, true_positive_rate1)0

plt.plot([0, 1], ls="--")0

plt.plot([0, 0], [1, 0] , c=".7"), plt.plot([1, 1] , c=".7")0

plt.ylabel('True Positive Rate')0

plt.xlabel('False Positive Rate')0

plt.show()0

roc_auc_score for KNN: 0.82402258249554680

#RandomForestClassifier(ensemble) model0

model_RFC = RandomForestClassifier(random_state = 1)0

model_RFC.fit(X_train, Y_train)0

y_pred_RFC = model_RFC.predict(X_test)0

print(classification_report(Y_test, y_pred_RFC))0

precision recall f1-score support0

0 0.77 0.88 0.82 21720

1 0.90 0.82 0.86 30500

accuracy 0.84 52220

macro avg 0.84 0.85 0.84 52220
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weighted avg 0.85 0.84 0.84 52220

#===========================CONSTRUCTING THE CONFUSION

MATRIX=============================#0

def plot_confusion_matrix(cm, classes, normalize=True, title='Confusion matrix',

cmap=plt.cm.Greens):0 0

plt.figure(figsize=(10,10))0

plt.imshow(cm, interpolation='nearest', cmap=cmap)0

plt.title(title)0

plt.colorbar()0

tick_marks = np.arange(len(classes))0

plt.xticks(tick_marks, classes, rotation=45)0

plt.yticks(tick_marks, classes)0

if normalize:0

cm = cm.astype('float') / cm.sum(axis=1)[:, np.newaxis]0

cm = np.around(cm, decimals=2)0

cm[np.isnan(cm)] = 0.00

thresh = cm.max() / 2.0

for i, j in itertools.product(range(cm.shape[0]), range(cm.shape[1])):0 plt.text(j, i, cm[i, j],0

horizontalalignment="center",0

color="white" if cm[i, j] > thresh else "black")0

plt.tight_layout()0

plt.ylabel('True label')0

plt.xlabel('Predicted label')0

cm = confusion_matrix(Y_test, y_pred_RFC)0

target_names = ["True", "False"]0
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plot_confusion_matrix(cm, target_names, normalize=False, title='Confusion Matrix')0

accuracy_score(Y_test, y_pred_RFC)0

0.8429720413634623

type(imagesss)0

rows = 20

cols = 30

fig = plt.figure(figsize=(20,10))0

for j in range(0, rows*cols):0

fig.add_subplot(rows, cols, j+1)0

plt.imshow(imagesss[j])0

false_positive_rate1, true_positive_rate1, threshold1 = roc_curve(Y_test, y_pred_RFC)0

print('roc_auc_score for RFC: ', roc_auc_score(Y_test, y_pred_RFC))0

plt.subplots(1, figsize=(10,10))0

plt.title('Receiver Operating Characteristic - RFC')0

plt.plot(false_positive_rate1, true_positive_rate1)0

plt.plot([0, 1], ls="--")0

plt.plot([0, 0], [1, 0] , c=".7"), plt.plot([1, 1] , c=".7")0

plt.ylabel('True Positive Rate')0

plt.xlabel('False Positive Rate')0

plt.show()0

roc_auc_score for RFC: 0.84814524650544930

Colab paid products0 -0 Cancel contracts here

! pip install tqdm update_checker tqdm

! pip install tpot

import matplotlib
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import matplotlib.pyplot as plt

import pandas as pd

import numpy as np

import seaborn as sns

import sklearn

import imblearn

from sklearn.preprocessing import StandardScaler, MinMaxScaler

from sklearn.preprocessing import LabelEncoder, MultiLabelBinarizer, LabelBinarizer from

sklearn.ensemble import RandomForestClassifier from sklearn.feature_selection import RFE

import itertools

from sklearn.model_selection import train_test_split

from tpot import TPOTRegressor

from sklearn.metrics import classification_report, confusion_matrix, accuracy_score,

roc_auc_score, roc_curve

from sklearn.neighbors import KNeighborsClassifier

from sklearn.tree import DecisionTreeClassifier

from sklearn.manifold import LocallyLinearEmbedding

from sklearn.decomposition import FastICA

from sklearn.svm import SVC

from sklearn.cross_decomposition import PLSRegression

from sklearn.manifold import MDS

import os

from PIL import Image

from PIL import UnidentifiedImageError

import keras
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import matplotlib.image as mpimg

from matplotlib.image import imread

import cv2

Looking in indexes: https://pypi.org/simple, https://us-python.pkg.dev/colab-

wheels/public/simple/0

Requirement already satisfied: tqdm in /usr/local/lib/python3.7/dist-packages (4.64.1)0

Collecting update_checker0

Downloading update_checker-0.18.0-py3-none-any.whl (7.0 kB)0

Requirement already satisfied: requests>=2.3.0 in /usr/local/lib/python3.7/dist-packages

(from update_checker) (2.23.0)

Requirement already satisfied: idna<3,>=2.5 in /usr/local/lib/python3.7/dist-packages (from

requests>=2.3.0->update_che

Requirement already satisfied: certifi>=2017.4.17 in /usr/local/lib/python3.7/dist-packages

(from requests>=2.3.0->upda

Requirement already satisfied: chardet<4,>=3.0.2 in /usr/local/lib/python3.7/dist-packages

(from requests>=2.3.0->updat

Requirement already satisfied: urllib3!=1.25.0,!=1.25.1,<1.26,>=1.21.1 in

/usr/local/lib/python3.7/dist-packages (from

Installing collected packages: update-checker0

Successfully installed update-checker-0.18.00

Looking in indexes: https://pypi.org/simple, https://us-python.pkg.dev/colab-

wheels/public/simple/0 Collecting tpot0

Downloading TPOT-0.11.7-py3-none-any.whl (87 kB)0

|████████████████████████████████| 87 kB 3.8 MB/s 0
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Requirement already satisfied: scikit-learn>=0.22.0 in /usr/local/lib/python3.7/dist-packages

(from tpot) (1.0.2)0

Requirement already satisfied: joblib>=0.13.2 in /usr/local/lib/python3.7/dist-packages (from

tpot) (1.2.0)0 Collecting deap>=1.20

Downloading deap-1.3.3-cp37-cp37m-

manylinux_2_5_x86_64.manylinux1_x86_64.manylinux_2_17_x86_64.manylinux2014_x86

_64.w |████████████████████████████████| 139 kB 48.9 MB/s 0

Collecting xgboost>=1.1.00

Downloading xgboost-1.6.2-py3-none-manylinux2014_x86_64.whl (255.9 MB)0

|████████████████████████████████| 255.9 MB 46 kB/s 0

Requirement already satisfied: scipy>=1.3.1 in /usr/local/lib/python3.7/dist-packages (from

tpot) (1.7.3)0

Requirement already satisfied: pandas>=0.24.2 in /usr/local/lib/python3.7/dist-packages

(from tpot) (1.3.5)0 Collecting stopit>=1.1.10

Downloading stopit-1.1.2.tar.gz (18 kB)0

Requirement already satisfied: update-checker>=0.16 in /usr/local/lib/python3.7/dist-

packages (from tpot) (0.18.0)0

Requirement already satisfied: numpy>=1.16.3 in /usr/local/lib/python3.7/dist-packages

(from tpot) (1.21.6)0

Requirement already satisfied: tqdm>=4.36.1 in /usr/local/lib/python3.7/dist-packages (from

tpot) (4.64.1)0

Requirement already satisfied: python-dateutil>=2.7.3 in /usr/local/lib/python3.7/dist-

packages (from pandas>=0.24.2->t

Requirement already satisfied: pytz>=2017.3 in /usr/local/lib/python3.7/dist-packages (from

pandas>=0.24.2->tpot) (2022
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Requirement already satisfied: six>=1.5 in /usr/local/lib/python3.7/dist-packages (from

python-dateutil>=2.7.3->pandas>

Requirement already satisfied: threadpoolctl>=2.0.0 in /usr/local/lib/python3.7/dist-packages

(from scikit-learn>=0.22.

Requirement already satisfied: requests>=2.3.0 in /usr/local/lib/python3.7/dist-packages

(from update-checker>=0.16->tp

Requirement already satisfied: certifi>=2017.4.17 in /usr/local/lib/python3.7/dist-packages

(from requests>=2.3.0->upda

Requirement already satisfied: urllib3!=1.25.0,!=1.25.1,<1.26,>=1.21.1 in

/usr/local/lib/python3.7/dist-packages (from

Requirement already satisfied: chardet<4,>=3.0.2 in /usr/local/lib/python3.7/dist-packages

(from requests>=2.3.0->updat

Requirement already satisfied: idna<3,>=2.5 in /usr/local/lib/python3.7/dist-packages (from

requests>=2.3.0->update-che

Building wheels for collected packages: stopit0

Building wheel for stopit (setup.py) ... done0

Created wheel for stopit: filename=stopit-1.1.2-py3-none-any.whl size=11956

sha256=bae18f566cf3c541e69d850475b5a019f0

Stored in directory:

/root/.cache/pip/wheels/e2/d2/79/eaf81edb391e27c87f51b8ef901ecc85a5363dc96b8b8d71e3

0 Successfully built stopit0

Installing collected packages: xgboost, stopit, deap, tpot0

Attempting uninstall: xgboost0

Found existing installation: xgboost 0.900

Uninstalling xgboost-0.90:0
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Successfully uninstalled xgboost-0.900

Successfully installed deap-1.3.3 stopit-1.1.2 tpot-0.11.7 xgboost-1.6.20

train_csv = pd.read_csv("/content/train.csv")0

test_csv = pd.read_csv("/content/test_WyRytb0.csv")0

print(train_csv.shape,test_csv.shape)0

x = train_csv.iloc[:, :-1]0

y = train_csv.iloc[:, -1]0

(17034, 2) (7301, 1)0

# Create list to store the data and set the path of the image to load0 data_with_labels =

[]0

labels = []0 data_test = []0

imagePath = '/content/drive/MyDrive/blurredd/blurry/*.jpg'0

# Create the training dataset 0

for i in train_csv.index: 0

nameOfFile = train_csv['image_name'][i]0

if os.path.exists(imagePath+nameOfFile):0

image = mpimg.imread(imagePath+nameOfFile)0

if (len(image.shape)!=3): # Verify if the image is correct 0

print("L'image N°",i,' : ',nameOfFile,"")0

else : 0

image = cv2.resize(image,(150,150))0

data_with_labels.append(image)0

labels.append(train_csv['label'][i])0

print(len(data_with_labels))0

print(len(labels))0
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00

00

import glob0

glob.glob(imagePath)0

imagess = [cv2.imread(images) for images in glob.glob(imagePath)]0

type(imagess)0

rows = 20

cols = 30

fig = plt.figure(figsize=(20,10))0

for j in range(0, rows*cols):0

fig.add_subplot(rows, cols, j+1)0

plt.imshow(imagess[j])0

scaler = StandardScaler()0

x_sc = scaler.fit_transform(x)0

tpot = TPOTRegressor(generations=5, population_size=50, verbosity=2)0 tpot.fit(x_sc, y)0

Generation 1 - Current best internal CV score: -0.216750101684816180

Generation 2 - Current best internal CV score: -0.211174728356651270

Generation 3 - Current best internal CV score: -0.211174728356651270

Generation 4 - Current best internal CV score: -0.211174728356651270

Generation 5 - Current best internal CV score: -0.2100799725679030

Best pipeline: ExtraTreesRegressor(SGDRegressor(input_matrix, alpha=0.01, eta0=0.1

( )

pls = PLSRegression(n_components=10, scale=True, max_iter=500, tol=1e-06, copy=True)0

pls.fit(x_sc, y)0

PLSRegression(n_components=10)
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X_train,X_test,Y_train,Y_test = train_test_split(x_sc, y, train_size=0.95, random_state=2)0

input_shape = [X_train.shape[1]]0

model_svm = SVC(random_state=1)0

model_svm.fit(X_train, Y_train)0

y_pred_svm = model_svm.predict(X_test)0

print(classification_report(Y_test, y_pred_svm))0

precision recall f1-score support0

0 0.72 0.88 0.79 3770

1 0.89 0.74 0.81 4940

accuracy 0.80 8710

macro avg 0.81 0.81 0.80 8710

weighted avg 0.82 0.80 0.80 8710

#===========================CONSTRUCTING THE CONFUSION

MATRIX=============================#0

def plot_confusion_matrix(cm, classes, normalize=True, title='Confusion matrix',

cmap=plt.cm.Reds):0 0

plt.figure(figsize=(10,10))0

plt.imshow(cm, interpolation='nearest', cmap=cmap)0

plt.title(title)0

plt.colorbar()0

tick_marks = np.arange(len(classes))0

plt.xticks(tick_marks, classes, rotation=45)0

plt.yticks(tick_marks, classes)0

if normalize:0

cm = cm.astype('float') / cm.sum(axis=1)[:, np.newaxis]0
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cm = np.around(cm, decimals=2)0

cm[np.isnan(cm)] = 0.00

thresh = cm.max() / 2.0

for i, j in itertools.product(range(cm.shape[0]), range(cm.shape[1])):0 plt.text(j, i, cm[i, j],0

horizontalalignment="center",0

color="white" if cm[i, j] > thresh else "black")0

plt.tight_layout()0

plt.ylabel('True label')0

plt.xlabel('Predicted label')0

cm = confusion_matrix(Y_test, y_pred_svm)0

target_names = ["True", "False"]0

plot_confusion_matrix(cm, target_names, normalize=False, title='Confusion Matrix')0

accuracy_score(Y_test, y_pred_svm)0

0.801377726750861

# plot for SVM0

false_positive_rate1, true_positive_rate1, threshold1 = roc_curve(Y_test, y_pred_svm)0

print('roc_auc_score for SVM: ', roc_auc_score(Y_test, y_pred_svm))0

plt.subplots(1, figsize=(10,10))0

plt.title('Receiver Operating Characteristic - SVM')0

plt.plot(false_positive_rate1, true_positive_rate1)0

plt.plot([0, 1], ls="--")0

plt.plot([0, 0], [1, 0] , c=".7"), plt.plot([1, 1] , c=".7")0

plt.ylabel('True Positive Rate')0

plt.xlabel('False Positive Rate')0

plt.show()0
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roc_auc_score for SVM: 0.81076364651682240

#KNN model0

model_KNN = KNeighborsClassifier()0

model_KNN.fit(X_train, Y_train)0

y_pred_KNN = model_KNN.predict(X_test)0

print(classification_report(Y_test, y_pred_KNN))0

precision recall f1-score support0

0 0.73 0.88 0.79 3770

1 0.89 0.75 0.81 4940

accuracy 0.80 8710

macro avg 0.81 0.81 0.80 8710

weighted avg 0.82 0.80 0.80 8710

#===========================CONSTRUCTING THE CONFUSION

MATRIX=============================#0

def plot_confusion_matrix(cm, classes, normalize=True, title='Confusion matrix',

cmap=plt.cm.Greens):0 0

plt.figure(figsize=(10,10))0

plt.imshow(cm, interpolation='nearest', cmap=cmap)0

plt.title(title)0

plt.colorbar()0

tick_marks = np.arange(len(classes))0

plt.xticks(tick_marks, classes, rotation=45)0

plt.yticks(tick_marks, classes)0

if normalize:0

cm = cm.astype('float') / cm.sum(axis=1)[:, np.newaxis]0
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cm = np.around(cm, decimals=2)0

cm[np.isnan(cm)] = 0.00

thresh = cm.max() / 2.0

for i, j in itertools.product(range(cm.shape[0]), range(cm.shape[1])):0 plt.text(j, i, cm[i, j],0

horizontalalignment="center",0

color="white" if cm[i, j] > thresh else "black")0

plt.tight_layout()0

plt.ylabel('True label')0

plt.xlabel('Predicted label')0

cm = confusion_matrix(Y_test, y_pred_KNN)0

target_names = ["True", "False"]0

plot_confusion_matrix(cm, target_names, normalize=False, title='Confusion Matrix')0

accuracy_score(Y_test, y_pred_KNN)0

0.8025258323765786

# plot for KNN0

false_positive_rate1, true_positive_rate1, threshold1 = roc_curve(Y_test, y_pred_KNN)0

print('roc_auc_score for KNN: ', roc_auc_score(Y_test, y_pred_KNN))0

plt.subplots(1, figsize=(10,10))0

plt.title('Receiver Operating Characteristic - SVM')0

plt.plot(false_positive_rate1, true_positive_rate1)0

plt.plot([0, 1], ls="--")0

plt.plot([0, 0], [1, 0] , c=".7"), plt.plot([1, 1] , c=".7")0

plt.ylabel('True Positive Rate')0

plt.xlabel('False Positive Rate')0

plt.show()0
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roc_auc_score for KNN: 0.8111475638698870

#RandomForestClassifier(ensemble) model0

model_RFC = RandomForestClassifier(random_state = 1)0

model_RFC.fit(X_train, Y_train)0

y_pred_RFC = model_RFC.predict(X_test)0

print(classification_report(Y_test, y_pred_RFC))0

precision recall f1-score support0

0 0.77 0.90 0.83 3770

1 0.92 0.79 0.85 4940

accuracy 0.84 8710

macro avg 0.84 0.85 0.84 8710

weighted avg 0.85 0.84 0.84 8710

#===========================CONSTRUCTING THE CONFUSION

MATRIX=============================#0

def plot_confusion_matrix(cm, classes, normalize=True, title='Confusion matrix',

cmap=plt.cm.Greens):0

0

plt.figure(figsize=(10,10))0

plt.imshow(cm, interpolation='nearest', cmap=cmap)0

plt.title(title)0

plt.colorbar()0

tick_marks = np.arange(len(classes))0

plt.xticks(tick_marks, classes, rotation=45)0

plt.yticks(tick_marks, classes)0

if normalize:0
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cm = cm.astype('float') / cm.sum(axis=1)[:, np.newaxis]0

cm = np.around(cm, decimals=2)0

cm[np.isnan(cm)] = 0.00

thresh = cm.max() / 2.0

for i, j in itertools.product(range(cm.shape[0]), range(cm.shape[1])):0 plt.text(j, i, cm[i, j],0

horizontalalignment="center",0

color="white" if cm[i, j] > thresh else "black")0

plt.tight_layout()0

plt.ylabel('True label')0

plt.xlabel('Predicted label')0

cm = confusion_matrix(Y_test, y_pred_RFC)0

target_names = ["True", "False"]0

plot_confusion_matrix(cm, target_names, normalize=False, title='Confusion Matrix')0

accuracy_score(Y_test, y_pred_RFC)0

0.8404133180252583

type(imagesss)0

rows = 20

cols = 30

fig = plt.figure(figsize=(20,10))0

for j in range(0, rows*cols):0

fig.add_subplot(rows, cols, j+1)0

plt.imshow(imagesss[j])0
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false_positive_rate1, true_positive_rate1, threshold1 = roc_curve(Y_test, y_pred_RFC)0

print('roc_auc_score for RFC: ', roc_auc_score(Y_test, y_pred_RFC))0

plt.subplots(1, figsize=(10,10))0

plt.title('Receiver Operating Characteristic - RFC')0

plt.plot(false_positive_rate1, true_positive_rate1)0

plt.plot([0, 1], ls="--")0

plt.plot([0, 0], [1, 0] , c=".7"), plt.plot([1, 1] , c=".7")0

plt.ylabel('True Positive Rate')0

plt.xlabel('False Positive Rate')0

plt.show()0

roc_auc_score for RFC: 0.84800362976406540

Colab paid products0 -0 Cancel contracts here

! pip install tqdm update_checker tqdm

! pip install tpot

import matplotlib

import matplotlib.pyplot as plt

import pandas as pd

import numpy as np

import seaborn as sns

import sklearn

import imblearn

from sklearn.preprocessing import StandardScaler, MinMaxScaler

from sklearn.preprocessing import LabelEncoder, MultiLabelBinarizer, LabelBinarizer from

sklearn.ensemble import RandomForestClassifier from sklearn.feature_selection import RFE

import itertools
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from sklearn.model_selection import train_test_split

from tpot import TPOTRegressor

from sklearn.metrics import classification_report, confusion_matrix, accuracy_score,

roc_auc_score, roc_curve

from sklearn.neighbors import KNeighborsClassifier

from sklearn.tree import DecisionTreeClassifier

from sklearn.manifold import LocallyLinearEmbedding

from sklearn.decomposition import FastICA

from sklearn.svm import SVC

from sklearn.cross_decomposition import PLSRegression

from sklearn.manifold import MDS

import os

from PIL import Image

from PIL import UnidentifiedImageError

import keras

import matplotlib.image as mpimg

from matplotlib.image import imread

import cv2

Looking in indexes: https://pypi.org/simple, https://us-python.pkg.dev/colab-

wheels/public/simple/0

Requirement already satisfied: tqdm in /usr/local/lib/python3.7/dist-packages (4.64.1)0

Requirement already satisfied: update_checker in /usr/local/lib/python3.7/dist-packages

(0.18.0)0

Requirement already satisfied: requests>=2.3.0 in /usr/local/lib/python3.7/dist-packages

(from update_checker) (2.23.0)
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Requirement already satisfied: certifi>=2017.4.17 in /usr/local/lib/python3.7/dist-packages

(from requests>=2.3.0->upda

Requirement already satisfied: urllib3!=1.25.0,!=1.25.1,<1.26,>=1.21.1 in

/usr/local/lib/python3.7/dist-packages (from

Requirement already satisfied: chardet<4,>=3.0.2 in /usr/local/lib/python3.7/dist-packages

(from requests>=2.3.0->updat

Requirement already satisfied: idna<3,>=2.5 in /usr/local/lib/python3.7/dist-

packages (from requests>=2.3.0->update_che

Looking in indexes: https://pypi.org/simple, https://us-python.pkg.dev/colab-

wheels/public/simple/0

Requirement already satisfied: tpot in /usr/local/lib/python3.7/dist-packages

(0.11.7)0

Requirement already satisfied: update-checker>=0.16 in /usr/local/lib/python3.7/dist-

packages (from tpot) (0.18.0)0

Requirement already satisfied: scikit-learn>=0.22.0 in /usr/local/lib/python3.7/dist-

packages (from tpot) (1.0.2)0

Requirement already satisfied: tqdm>=4.36.1 in /usr/local/lib/python3.7/dist-

packages (from tpot) (4.64.1)0

Requirement already satisfied: deap>=1.2 in /usr/local/lib/python3.7/dist-packages

(from tpot) (1.3.3)0

Requirement already satisfied: numpy>=1.16.3 in /usr/local/lib/python3.7/dist-

packages (from tpot) (1.21.6)0

Requirement already satisfied: pandas>=0.24.2 in /usr/local/lib/python3.7/dist-

packages (from tpot) (1.3.5)0
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Requirement already satisfied: joblib>=0.13.2 in /usr/local/lib/python3.7/dist-

packages (from tpot) (1.2.0)0

Requirement already satisfied: xgboost>=1.1.0 in /usr/local/lib/python3.7/dist-

packages (from tpot) (1.6.2)0

Requirement already satisfied: stopit>=1.1.1 in /usr/local/lib/python3.7/dist-packages

(from tpot) (1.1.2)0

Requirement already satisfied: scipy>=1.3.1 in /usr/local/lib/python3.7/dist-packages

(from tpot) (1.7.3)0

Requirement already satisfied: pytz>=2017.3 in /usr/local/lib/python3.7/dist-

packages (from pandas>=0.24.2->tpot) (2022

Requirement already satisfied: python-dateutil>=2.7.3 in

/usr/local/lib/python3.7/dist-packages (from pandas>=0.24.2->t

Requirement already satisfied: six>=1.5 in /usr/local/lib/python3.7/dist-packages

(from python-dateutil>=2.7.3->pandas>

Requirement already satisfied: threadpoolctl>=2.0.0 in /usr/local/lib/python3.7/dist-

packages (from scikit-learn>=0.22.

Requirement already satisfied: requests>=2.3.0 in /usr/local/lib/python3.7/dist-

packages (from update-checker>=0.16->tp

Requirement already satisfied: idna<3,>=2.5 in /usr/local/lib/python3.7/dist-

packages (from requests>=2.3.0->update-che

Requirement already satisfied: urllib3!=1.25.0,!=1.25.1,<1.26,>=1.21.1 in

/usr/local/lib/python3.7/dist-packages (from

Requirement already satisfied: certifi>=2017.4.17 in /usr/local/lib/python3.7/dist-

packages (from requests>=2.3.0->upda



208

Requirement already satisfied: chardet<4,>=3.0.2 in /usr/local/lib/python3.7/dist-

packages (from requests>=2.3.0->updat

train_csv = pd.read_csv("/content/train.csv")0

test_csv = pd.read_csv("/content/test_WyRytb0.csv")0

print(train_csv.shape,test_csv.shape)0

x = train_csv.iloc[:, :-1]0

y = train_csv.iloc[:, -1]0

(17034, 2) (7301, 1)0

# Create list to store the data and set the path of the image to load0 data_with_labels =

[]0

labels = []0 data_test = []0

imagePath = '/content/drive/MyDrive/blurredd/blurry/*.jpg'0

# Create the training dataset 0 for i in train_csv.index: 0

nameOfFile = train_csv['image_name'][i]0 if os.path.exists(imagePath+nameOfFile):0

image = mpimg.imread(imagePath+nameOfFile)0

if (len(image.shape)!=3): # Verify if the image is correct 0 print("L'image N°",i,' :

',nameOfFile,"")0

else : 0

image = cv2.resize(image,(150,150))0 data_with_labels.append(image)0

labels.append(train_csv['label'][i])0

print(len(data_with_labels))0 print(len(labels))0

00

00

import glob0

glob.glob(imagePath)0
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imagess = [cv2.imread(images) for images in glob.glob(imagePath)]0

type(imagess)

rows = 2

cols = 3

fig = plt.figure(figsize=(20,10))

for j in range(0, rows*cols):

fig.add_subplot(rows, cols, j+1)

plt.imshow(imagess[j])

scaler = StandardScaler()0

x_sc = scaler.fit_transform(x)0

encoder = MultiLabelBinarizer()0

x_sc_l = encoder.fit_transform(x_sc)0

tpot = TPOTRegressor(generations=10, population_size=5, verbosity=2)0 tpot.fit(x_sc, y)0

Generation 1 - Current best internal CV score: -0.225067930342253670

Generation 2 - Current best internal CV score: -0.225067930342253670

Generation 3 - Current best internal CV score: -0.225067930342253670

Generation 4 - Current best internal CV score: -0.22316440249533070

Generation 5 - Current best internal CV score: -0.207305754703248270

Generation 6 - Current best internal CV score: -0.207305754703248270

Generation 7 - Current best internal CV score: -0.207305754703248270

Generation 8 - Current best internal CV score: -0.207305754703248270

Generation 9 - Current best internal CV score: -0.207305754703248270

Generation 10 - Current best internal CV score: -0.20722149379028780

X_train,XBest_test,Ypipeline:_train,YXGBRegressor(RobustScaler(input_test=train_test_spl

it(x_sc,_matrix),y,trainlearning_size=0.7,_rate=0.01,random_state=2)max_de



210

input_shape = [X_train.shape[1]]

model_svm = SVC(random_state=1)

model_svm.fit(X_train, Y_train)

y_pred_svm = model_svm.predict(X_test)

print(classification_report(Y_test, y_pred_svm))

precision recall f1-score support0

0 0.72 0.86 0.79 7310

1 0.88 0.76 0.82 10100

accuracy 0.80 17410

macro avg 0.80 0.81 0.80 17410

weighted avg 0.82 0.80 0.80 17410

#===========================CONSTRUCTING THE CONFUSION

MATRIX=============================#0

def plot_confusion_matrix(cm, classes, normalize=True, title='Confusion matrix',

cmap=plt.cm.Reds):0 0

plt.figure(figsize=(10,10))0

plt.imshow(cm, interpolation='nearest', cmap=cmap)0

plt.title(title)0

plt.colorbar()0

tick_marks = np.arange(len(classes))0

plt.xticks(tick_marks, classes, rotation=45)0

plt.yticks(tick_marks, classes)0

if normalize:0

cm = cm.astype('float') / cm.sum(axis=1)[:, np.newaxis]0

cm = np.around(cm, decimals=2)0
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cm[np.isnan(cm)] = 0.00

thresh = cm.max() / 2.0

for i, j in itertools.product(range(cm.shape[0]), range(cm.shape[1])):0 plt.text(j, i, cm[i, j],0

horizontalalignment="center",0

color="white" if cm[i, j] > thresh else "black")0

plt.tight_layout()0

plt.ylabel('True label')0

plt.xlabel('Predicted label')0

cm = confusion_matrix(Y_test, y_pred_svm)0

target_names = ["True", "False"]0

plot_confusion_matrix(cm, target_names, normalize=False, title='Confusion Matrix')0

accuracy_score(Y_test, y_pred_svm)0

0.8024124066628374

# plot for SVM0

false_positive_rate1, true_positive_rate1, threshold1 = roc_curve(Y_test, y_pred_svm)0

print('roc_auc_score for SVM: ', roc_auc_score(Y_test, y_pred_svm))0

plt.subplots(1, figsize=(10,10))0

plt.title('Receiver Operating Characteristic - SVM')0

plt.plot(false_positive_rate1, true_positive_rate1)0

plt.plot([0, 1], ls="--")0

plt.plot([0, 0], [1, 0] , c=".7"), plt.plot([1, 1] , c=".7")0

plt.ylabel('True Positive Rate')0

plt.xlabel('False Positive Rate')0

plt.show()0

roc_auc_score for SVM: 0.81080846798770170
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#KNN model0

model_KNN = KNeighborsClassifier()0

model_KNN.fit(X_train, Y_train)0

y_pred_KNN = model_KNN.predict(X_test)0

print(classification_report(Y_test, y_pred_KNN))0

precision recall f1-score support0

0 0.73 0.87 0.80 7310

1 0.89 0.77 0.83 10100

accuracy 0.81 17410

macro avg 0.81 0.82 0.81 17410

weighted avg 0.83 0.81 0.82 17410

#===========================CONSTRUCTING THE CONFUSION

MATRIX=============================#0

def plot_confusion_matrix(cm, classes, normalize=True, title='Confusion matrix',

cmap=plt.cm.Greens):0 0

plt.figure(figsize=(10,10))0

plt.imshow(cm, interpolation='nearest', cmap=cmap)0

plt.title(title)0

plt.colorbar()0

tick_marks = np.arange(len(classes))0

plt.xticks(tick_marks, classes, rotation=45)0

plt.yticks(tick_marks, classes)0

if normalize:0

cm = cm.astype('float') / cm.sum(axis=1)[:, np.newaxis]0

cm = np.around(cm, decimals=2)0
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cm[np.isnan(cm)] = 0.00

thresh = cm.max() / 2.0

for i, j in itertools.product(range(cm.shape[0]), range(cm.shape[1])):0 plt.text(j, i, cm[i, j],0

horizontalalignment="center",0

color="white" if cm[i, j] > thresh else "black")0

plt.tight_layout()0

plt.ylabel('True label')0

plt.xlabel('Predicted label')0

cm = confusion_matrix(Y_test, y_pred_KNN)0

target_names = ["True", "False"]0

plot_confusion_matrix(cm, target_names, normalize=False, title='Confusion Matrix')0

accuracy_score(Y_test, y_pred_KNN)0

0.8139000574382539

# plot for KNN0

false_positive_rate1, true_positive_rate1, threshold1 = roc_curve(Y_test, y_pred_KNN)0

print('roc_auc_score for KNN: ', roc_auc_score(Y_test, y_pred_KNN))0

plt.subplots(1, figsize=(10,10))0

plt.title('Receiver Operating Characteristic - SVM')0

plt.plot(false_positive_rate1, true_positive_rate1)0

plt.plot([0, 1], ls="--")0

plt.plot([0, 0], [1, 0] , c=".7"), plt.plot([1, 1] , c=".7")0

plt.ylabel('True Positive Rate')0

plt.xlabel('False Positive Rate')0

plt.show()0

roc_auc_score for KNN: 0.82203207324836460
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#RandomForestClassifier(ensemble) model0

model_RFC = RandomForestClassifier(random_state = 1)0

model_RFC.fit(X_train, Y_train)0

y_pred_RFC = model_RFC.predict(X_test)0

print(classification_report(Y_test, y_pred_RFC))0

precision recall f1-score support0

0 0.76 0.90 0.82 7310

1 0.91 0.79 0.85 10100

accuracy 0.84 17410

macro avg 0.84 0.85 0.84 17410

weighted avg 0.85 0.84 0.84 17410

#===========================CONSTRUCTING THE CONFUSION

MATRIX=============================#

def plot_confusion_matrix(cm, classes, normalize=True, title='Confusion matrix',

cmap=plt.cm.Greens):

plt.figure(figsize=(10,10))

plt.imshow(cm, interpolation='nearest', cmap=cmap)

plt.title(title)

plt.colorbar()

tick_marks = np.arange(len(classes))

plt.xticks(tick_marks, classes, rotation=45)

plt.yticks(tick_marks, classes)

if normalize:

cm = cm.astype('float') / cm.sum(axis=1)[:, np.newaxis]

cm = np.around(cm, decimals=2)
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cm[np.isnan(cm)] = 0.0

thresh = cm.max() / 2.

for i, j in itertools.product(range(cm.shape[0]), range(cm.shape[1])):

plt.text(j, i, cm[i, j],

plt.ylabel('True label')

plt.xlabel('Predicted label')

cm = confusion_matrix(Y_test, y_pred_RFC)

target_names = ["True", "False"]

plot_confusion_matrix(cm, target_names, normalize=False, title='Confusion Matrix')

accuracy_score(Y_test, y_pred_RFC)

0.8368753589890867

type(imagesss)0

rows = 20

cols = 30

fig = plt.figure(figsize=(20,10))0

for j in range(0, rows*cols):0

fig.add_subplot(rows, cols, j+1)0

plt.imshow(imagesss[j])0

false_positive_rate1, true_positive_rate1, threshold1 = roc_curve(Y_test, y_pred_RFC)0

print('roc_auc_score for RFC: ', roc_auc_score(Y_test, y_pred_RFC))0

plt.subplots(1, figsize=(10,10))0

plt.title('Receiver Operating Characteristic - RFC')0

plt.plot(false_positive_rate1, true_positive_rate1)0

plt.plot([0, 1], ls="--")0

plt.plot([0, 0], [1, 0] , c=".7"), plt.plot([1, 1] , c=".7")0
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plt.ylabel('True Positive Rate')0

plt.xlabel('False Positive Rate')0

plt.show()0

roc_auc_score for RFC: 0.845046118838970

Colab paid products0 -0 Cancel contracts here

! pip install tqdm update_checker tqdm

! pip install tpot

import matplotlib

import matplotlib.pyplot as plt

import pandas as pd

import numpy as np

import seaborn as sns

import sklearn

import imblearn

from sklearn.preprocessing import StandardScaler, MinMaxScaler

from sklearn.preprocessing import LabelEncoder, MultiLabelBinarizer, LabelBinarizer from

sklearn.ensemble import RandomForestClassifier from sklearn.feature_selection import RFE

import itertools

from sklearn.model_selection import train_test_split

from tpot import TPOTRegressor

from sklearn.metrics import classification_report, confusion_matrix, accuracy_score,

roc_auc_score, roc_curve

from sklearn.neighbors import KNeighborsClassifier

from sklearn.tree import DecisionTreeClassifier
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from sklearn.manifold import LocallyLinearEmbedding

from sklearn.decomposition import FastICA

from sklearn.svm import SVC

from sklearn.cross_decomposition import PLSRegression

from sklearn.manifold import MDS

import os

from PIL import Image

from PIL import UnidentifiedImageError

import keras

import matplotlib.image as mpimg

from matplotlib.image import imread

import cv2

Looking in indexes: https://pypi.org/simple, https://us-python.pkg.dev/colab-

wheels/public/simple/0

Requirement already satisfied: tqdm in /usr/local/lib/python3.7/dist-packages (4.64.1)0

Collecting update_checker0

Downloading update_checker-0.18.0-py3-none-any.whl (7.0 kB)0

Requirement already satisfied: requests>=2.3.0 in /usr/local/lib/python3.7/dist-packages

(from update_checker) (2.23.0)

Requirement already satisfied: urllib3!=1.25.0,!=1.25.1,<1.26,>=1.21.1 in

/usr/local/lib/python3.7/dist-packages (from

Requirement already satisfied: certifi>=2017.4.17 in /usr/local/lib/python3.7/dist-packages

(from requests>=2.3.0->upda

Requirement already satisfied: idna<3,>=2.5 in /usr/local/lib/python3.7/dist-packages (from

requests>=2.3.0->update_che
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Requirement already satisfied: chardet<4,>=3.0.2 in /usr/local/lib/python3.7/dist-packages

(from requests>=2.3.0->updat

Installing collected packages: update-checker0

Successfully installed update-checker-0.18.00

Looking in indexes: https://pypi.org/simple, https://us-python.pkg.dev/colab-

wheels/public/simple/0 Collecting tpot0

Downloading TPOT-0.11.7-py3-none-any.whl (87 kB)0

Requirement already satisfied: scikit-learn>=0.22.0 in /usr/local/lib/python3.7/dist-packages

(from tpot) (1.0.2)0

Requirement already satisfied: update-checker>=0.16 in /usr/local/lib/python3.7/dist-

packages (from tpot) (0.18.0)0 Collecting xgboost>=1.1.00

Downloading xgboost-1.6.2-py3-none-manylinux2014_x86_64.whl (255.9 MB)0

|████████████████████████████████| 255.9 MB 44 kB/s 0

Requirement already satisfied: scipy>=1.3.1 in /usr/local/lib/python3.7/dist-packages (from

tpot) (1.7.3)0

Requirement already satisfied: numpy>=1.16.3 in /usr/local/lib/python3.7/dist-packages

(from tpot) (1.21.6)0

Requirement already satisfied: pandas>=0.24.2 in /usr/local/lib/python3.7/dist-packages

(from tpot) (1.3.5)0 Collecting deap>=1.20

Downloading deap-1.3.3-cp37-cp37m-

manylinux_2_5_x86_64.manylinux1_x86_64.manylinux_2_17_x86_64.manylinux2014_x86

_64.w |████████████████████████████████| 139 kB 44.6 MB/s 0

Requirement already satisfied: joblib>=0.13.2 in /usr/local/lib/python3.7/dist-packages (from

tpot) (1.2.0)0 Collecting stopit>=1.1.10

Downloading stopit-1.1.2.tar.gz (18 kB)0
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Requirement already satisfied: tqdm>=4.36.1 in /usr/local/lib/python3.7/dist-packages (from

tpot) (4.64.1)0

Requirement already satisfied: python-dateutil>=2.7.3 in /usr/local/lib/python3.7/dist-

packages (from pandas>=0.24.2->t

Requirement already satisfied: pytz>=2017.3 in /usr/local/lib/python3.7/dist-packages (from

pandas>=0.24.2->tpot) (2022

Requirement already satisfied: six>=1.5 in /usr/local/lib/python3.7/dist-packages (from

python-dateutil>=2.7.3->pandas>

Requirement already satisfied: threadpoolctl>=2.0.0 in /usr/local/lib/python3.7/dist-packages

(from scikit-learn>=0.22.

Requirement already satisfied: requests>=2.3.0 in /usr/local/lib/python3.7/dist-packages

(from update-checker>=0.16->tp

Requirement already satisfied: chardet<4,>=3.0.2 in /usr/local/lib/python3.7/dist-packages

(from requests>=2.3.0->updat

Requirement already satisfied: idna<3,>=2.5 in /usr/local/lib/python3.7/dist-packages (from

requests>=2.3.0->update-che

Requirement already satisfied: certifi>=2017.4.17 in /usr/local/lib/python3.7/dist-packages

(from requests>=2.3.0->upda

Requirement already satisfied: urllib3!=1.25.0,!=1.25.1,<1.26,>=1.21.1 in

/usr/local/lib/python3.7/dist-packages (from

Building wheels for collected packages: stopit0

Building wheel for stopit (setup.py) ... done0

Created wheel for stopit: filename=stopit-1.1.2-py3-none-any.whl size=11956

sha256=cf9db89e6c31178b2e91fb919846462960
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Stored in directory:

/root/.cache/pip/wheels/e2/d2/79/eaf81edb391e27c87f51b8ef901ecc85a5363dc96b8b8d71e3

0 Successfully built stopit0

Installing collected packages: xgboost, stopit, deap, tpot0

Attempting uninstall: xgboost0

Found existing installation: xgboost 0.900

Uninstalling xgboost-0.90:0

Successfully uninstalled xgboost-0.900

Successfully installed deap-1.3.3 stopit-1.1.2 tpot-0.11.7 xgboost-1.6.20

train_csv = pd.read_csv("/content/train.csv")0

test_csv = pd.read_csv("/content/test_WyRytb0.csv")0

print(train_csv.shape,test_csv.shape)0

x = train_csv.iloc[:, :-1]0

y = train_csv.iloc[:, -1]0

(17034, 2) (7301, 1)0

# Create list to store the data and set the path of the image to load0 data_with_labels =

[]0

labels = []0 data_test = []0

imagePath = '/content/drive/MyDrive/blurredd/blurry/*.jpg'0

# Create the training dataset

for i in train_csv.index:

nameOfFile = train_csv['image_name'][i]

if os.path.exists(imagePath+nameOfFile):

image = mpimg.imread(imagePath+nameOfFile)

if (len(image.shape)!=3): # Verify if the image is correct
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print("L'image N°",i,' : ',nameOfFile,"")

else :

image = cv2.resize(image,(150,150))

data_with_labels.append(image)

labels.append(train_csv['label'][i])

print(len(data_with_labels))

print(len(labels))

00

00

import glob

glob.glob(imagePath)

imagess = [cv2.imread(images) for images in glob.glob(imagePath)]

type(imagess)

rows = 2

cols = 3

fig = plt.figure(figsize=(20,10))

for j in range(0, rows*cols):

fig.add_subplot(rows, cols, j+1)

plt.imshow(imagess[j])

scaler = StandardScaler()

x_sc = scaler.fit_transform(x)

# = LocallyLinearEmbedding()

#train_x = scale.fit_transform(train_x)

ica = FastICA(n_components=7,

max_iter=50,
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random_state=100)

x_sc_ica = ica.fit_transform(x_sc)

pls = PLSRegression(n_components=5)

pls.fit(x_sc_ica, y)

PLSRegression(n_components=5)

X_train,X_test,Y_train,Y_test = train_test_split(x_sc_ica, y, train_size=0.7,

random_state=2)0 input_shape = [X_train.shape[1]]0

model_svm = SVC(random_state=1)0

model_svm.fit(X_train, Y_train)0

y_pred_svm = model_svm.predict(X_test)0

print(classification_report(Y_test, y_pred_svm))0

precision recall f1-score support0

0 0.74 0.87 0.80 21720

1 0.90 0.78 0.84 30500

accuracy 0.82 52220

macro avg 0.82 0.83 0.82 52220

weighted avg 0.83 0.82 0.82 52220

#===========================CONSTRUCTING THE CONFUSION

MATRIX=============================#0

def plot_confusion_matrix(cm, classes, normalize=True, title='Confusion matrix',

cmap=plt.cm.Reds):0 0

plt.figure(figsize=(10,10))0

plt.imshow(cm, interpolation='nearest', cmap=cmap)0

plt.title(title)0

plt.colorbar()0
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tick_marks = np.arange(len(classes))0

plt.xticks(tick_marks, classes, rotation=45)0

plt.yticks(tick_marks, classes)0

if normalize:0

cm = cm.astype('float') / cm.sum(axis=1)[:, np.newaxis]0

cm = np.around(cm, decimals=2)0

cm[np.isnan(cm)] = 0.00

thresh = cm.max() / 2.0

for i, j in itertools.product(range(cm.shape[0]), range(cm.shape[1])):0 plt.text(j, i, cm[i, j],0

horizontalalignment="center",0

color="white" if cm[i, j] > thresh else "black")0

plt.tight_layout()0

plt.ylabel('True label')0

plt.xlabel('Predicted label')0

cm = confusion_matrix(Y_test, y_pred_svm)0

target_names = ["True", "False"]0

plot_confusion_matrix(cm, target_names, normalize=False, title='Confusion Matrix')0

accuracy_score(Y_test, y_pred_svm)0

0.8203753351206434

# plot for SVM

false_positive_rate1, true_positive_rate1, threshold1 = roc_curve(Y_test, y_pred_svm)

print('roc_auc_score for SVM: ', roc_auc_score(Y_test, y_pred_svm))

plt.subplots(1, figsize=(10,10))

plt title('Receiver Operating Characteristic - SVM')

plt.title( Receiver Operating Characteristic SVM )
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plt.plot(false_positive_rate1, true_positive_rate1)

plt.plot([0, 1], ls="--")

plt.plot([0, 0], [1, 0] , c=".7"), plt.plot([1, 1] , c=".7")

plt.ylabel('True Positive Rate')

plt.xlabel('False Positive Rate')

plt.show()

roc_auc_score for SVM: 0.8282045708420130

#KNN model0

model_KNN = KNeighborsClassifier()0

model_KNN.fit(X_train, Y_train)0

y_pred_KNN = model_KNN.predict(X_test)0

print(classification_report(Y_test, y_pred_KNN))0

precision recall f1-score support0

0 0.73 0.84 0.78 21720

1 0.87 0.78 0.82 30500

accuracy 0.80 52220

macro avg 0.80 0.81 0.80 52220

weighted avg 0.81 0.80 0.81 52220

#===========================CONSTRUCTING THE CONFUSION

MATRIX=============================#0

def plot_confusion_matrix(cm, classes, normalize=True, title='Confusion matrix',

cmap=plt.cm.Greens):0 0

plt.figure(figsize=(10,10))0

plt.imshow(cm, interpolation='nearest', cmap=cmap)0

plt.title(title)0
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plt.colorbar()0

tick_marks = np.arange(len(classes))0

plt.xticks(tick_marks, classes, rotation=45)0

plt.yticks(tick_marks, classes)0

if normalize:0

cm = cm.astype('float') / cm.sum(axis=1)[:, np.newaxis]0

cm = np.around(cm, decimals=2)0

cm[np.isnan(cm)] = 0.00

thresh = cm.max() / 2.0

for i, j in itertools.product(range(cm.shape[0]), range(cm.shape[1])):0 plt.text(j, i, cm[i, j],0

horizontalalignment="center",0

color="white" if cm[i, j] > thresh else "black")0

plt.tight_layout()0

plt.ylabel('True label')0

plt.xlabel('Predicted label')0

cm = confusion_matrix(Y_test, y_pred_KNN)0

target_names = ["True", "False"]0

plot_confusion_matrix(cm, target_names, normalize=False, title='Confusion Matrix')0

accuracy_score(Y_test, y_pred_KNN)0

0.8042895442359249

# plot for KNN

false_positive_rate1, true_positive_rate1, threshold1 = roc_curve(Y_test, y_pred_KNN)

print('roc_auc_score for KNN: ', roc_auc_score(Y_test, y_pred_KNN))

plt.subplots(1, figsize=(10,10))

plt.title('Receiver Operating Characteristic - SVM')
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plt.plot(false_positive_rate1, true_positive_rate1)

plt.plot([0, 1], ls="--")

plt.plot([0, 0], [1, 0] , c=".7"), plt.plot([1, 1] , c=".7")

plt.ylabel('True Positive Rate')

plt.xlabel('False Positive Rate')

plt.show()

roc_auc_score for KNN: 0.80919889502762430

#RandomForestClassifier(ensemble) model0

model_RFC = RandomForestClassifier(random_state = 1)0

model_RFC.fit(X_train, Y_train)0

y_pred_RFC = model_RFC.predict(X_test)0

print(classification_report(Y_test, y_pred_RFC))0

precision recall f1-score support0

0 0.77 0.88 0.82 21720

1 0.90 0.82 0.86 30500

accuracy 0.84 52220

macro avg 0.84 0.85 0.84 52220

weighted avg 0.85 0.84 0.84 52220

#===========================CONSTRUCTING THE CONFUSION

MATRIX=============================#0

def plot_confusion_matrix(cm, classes, normalize=True, title='Confusion matrix',

cmap=plt.cm.Greens):0 0

plt.figure(figsize=(10,10))0

plt.imshow(cm, interpolation='nearest', cmap=cmap)0

plt.title(title)0
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plt.colorbar()0

tick_marks = np.arange(len(classes))0

plt.xticks(tick_marks, classes, rotation=45)0

plt.yticks(tick_marks, classes)0

if normalize:0

cm = cm.astype('float') / cm.sum(axis=1)[:, np.newaxis]0

cm = np.around(cm, decimals=2)0

cm[np.isnan(cm)] = 0.00

thresh = cm.max() / 2.0

for i, j in itertools.product(range(cm.shape[0]), range(cm.shape[1])):0 plt.text(j, i, cm[i, j],0

horizontalalignment="center",0

color="white" if cm[i, j] > thresh else "black")0

plt.tight_layout()0

plt.ylabel('True label')0

plt.xlabel('Predicted label')0

cm = confusion_matrix(Y_test, y_pred_RFC)0

target_names = ["True", "False"]0

plot_confusion_matrix(cm, target_names, normalize=False, title='Confusion Matrix')0

accuracy_score(Y_test, y_pred_RFC)0

0.8422060513213329

type(imagesss)0

rows = 20

cols = 30

fig = plt.figure(figsize=(20,10))0

for j in range(0, rows*cols):0
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fig.add_subplot(rows, cols, j+1)0

plt.imshow(imagesss[j])0

false_positive_rate1, true_positive_rate1, threshold1 = roc_curve(Y_test, y_pred_RFC)0

print('roc_auc_score for RFC: ', roc_auc_score(Y_test, y_pred_RFC))0

plt.subplots(1, figsize=(10,10))0

plt.title('Receiver Operating Characteristic - RFC')0

plt.plot(false_positive_rate1, true_positive_rate1)0

plt.plot([0, 1], ls="--")0

plt.plot([0, 0], [1, 0] , c=".7"), plt.plot([1, 1] , c=".7")0

plt.ylabel('True Positive Rate')0

plt.xlabel('False Positive Rate')0

plt.show()0

roc_auc_score for RFC: 0.84709189988829510

Colab paid products0 -0 Cancel contracts here
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Appendix B

Figure 1.1

Figure 1. 1: Proposed System Flow Diagram
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