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Abstract: In our rapidly digitizing world, data is being collected at a never-before-seen pace from dynamic global sectors like
healthcare, manufacturing, sales, 10T devices, the web, smart gadgets, social media, and organizations on a regular basis. The
properties of this type of data are high dimensionality, large volume, redundant features, and noise. As such, representing and
processing such a large amount of complex, heterogeneous data becomes much more challenging. In many sectors where there
is a lot of data with lots of columns or classes, dimensionality reduction techniques are crucial. One essential method for
evaluating and understanding high-dimensional data is the application of dimensionality reduction techniques.These methods
collect a wealth of interesting data properties, including dynamical structure, correlation between data sets, covariance, and
input-output interactions. This paper reviews several types of algorithms used in dimension reduction in order to provide readers
with a thorough and lucid summary of the field and to give them a sense of how to assess its increasing importance over the past
few years. Since linear dimensionality reduction techniques have straightforward geometric interpretations and generally
appealing computing features, they are fundamental to the analysis of high dimensional data. Principal Component Analysis
(PCA), Singular Value Decomposition (SVD), linear discriminant analysis(LDA), and Independent Component Analysis (ICA)
are the four linear dimensionality reduction approaches that will be examined and compared in this study. The purpose of this
study is to examine and contrast the benefits and drawbacks of dimensionality reduction in several widely applied mathematical
concepts and techniques.

Keywords: Dimensionality reduction, Principal component analysis, Singular value decomposition, linear discriminant analysis,
Independent component analysis.

L. INTRODUCTION

Today, in the digital age, almost every industry—including social media, healthcare, finance, science, user behaviour in social
networks, patient data in the medical field, transaction records in the financial market, posts that go viral on social networking sites
like Facebook, Twitter, and Instagram, mobile phones, multimedia, etc.—is producing an unprecedented amount of data in real time
within fractions of seconds. As a result, data generation is expanding more quickly than it has in the past. High dimensional data is
the term used to describe the enormous volume of big data generated at such a fast rate. Since each form of data also contains a
variety of traits and attributes, high dimensional data has several dimensions. The data science and artificial intelligence fields are
faced with numerous challenges as a result of the rapidly accumulating high-dimensional data[1], but they are also bound to be the
source of new theoretical advancements [2]. The unprocessed raw data is frequently dispersed and sparsely distributed while
working with high-dimensional data, which gives rise to "The Curse of High Dimensionality.” It frequently contains a great deal of
superfluous information, including factors that are related or repeated. Although Machine Learning Algorithms (MLAs) are capable
of processing massive volumes of data [3], their effectiveness decreases with an increase in the dimensionality of the input. This
data is highly heterogeneous, massive, complicated, and multidimensional; it includes structured, unstructured, and semi-structured
data types. The various types of data, including text, numbers, XML, photos, videos, audio files, web pages, and more, cause the
dimensionality of data to be multiple and extremely complex. Thus, managing such enormous datasets becomes extremely
challenging and presents numerous difficulties with regard to data collection, storage, analysis, visualization, and high
dimensionality. A challenge with high-dimensional datasets is that not every variable included is "important” for comprehending the
phenomenon being studied.In order to manage the processing of high-dimensional data, more potent computing power, more
effective algorithms, and more successful data reduction techniques are needed to develop efficient methods for storing and
retrieving data while maintaining the important aspects of the data. Alternatively, noise and redundant data in high-dimensional data
may affect the quality of prediction and decision-making as well as the accuracy of analysis and modelling [4].
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Thus, one of the key areas of focus in the fields of data science and artificial intelligence is the study of effective strategies for
handling high-dimensional data[5].Additionally, passing such a large number of input features through ML algorithms impacts
performance, slows down processing, and increases model complexity—a phenomenon known as the "curse of dimensionality™ [6].
A very effective method called dimensionality reduction can be used to lower the dimensions by transforming high-dimensional
data into a meaningful interpretation of decreased dimensionality. When it comes to reporting the observed qualities of the data, the
smallest number of parameters required is the fundamental dimensionality of the data. [7].

Dimensionality reduction (DR) is a technique that selects and extracts features from the existing feature space of the data that are
pertinent to the application domain[8] and reduces a large number of features or random variables to a small number of features
without losing any data[9] [10][11]. Dimensionality reduction can be advantageous for increasing the analysis's accuracy as well as
its processing efficiency [12]. Benefits of applying dimensionality reduction methods to a dataset.

(i) Minimize the number of dimensions and data storage capacity.

(ii) The computation time is reduced.

(iii) Data that is redundant, irrelevant, and noisy can be removed.

(iv) It is possible to optimize data quality.

(v) increases accuracy and facilitates the smooth operation of an algorithm.

(vi) make data visualization possible

(vii) It boosts performance and makes classification easier[13][14].

The technique of dimension reduction has been utilized for a considerable amount of time in data visualization and low dimensional
feature extraction from larger dimensions [15].

Because dimensionality reduction reduces the high-dimensional features' dimensionality and other undesirable traits, it is crucial in
many different contexts [16], [17].

The paper is structured as follows: A basic introduction to linear dimensionality reduction techniques is given in Section 2. Singular
Value Decomposition, Principal Component Analysis, Linear Discriminant Analysis, and Independent Component Analysis are
covered in Sections 3 through 6, respectively. We examine the benefits and drawbacks of the various dimensionality reduction
techniques in Section 7, and the paper is eventually concluded in Section 8.

1. LINEAR DIMENSIONALITY REDUCTION TECHNIQUES

In the fields of statistics and machine learning, linear dimensionality reduction approaches have been developed for over a century.
These techniques include denoising or compressing data, identifying significant feature spaces, and showing or examining data
structures. Numerous pertinent data features are captured by these methods, including input-output linkages, dynamical structure,
margin between data classes, covariance, and correlation across data sets. These methods, with their attractive computational
capabilities and simple geometric interpretations, are indispensable instruments for the analysis of noisy and high-dimensional data.
When transforming the original high-dimensional data into a low-dimensional linear mapping, these techniques preserve a number
of interesting data properties. This study surveys different linear dimensionality reduction methods while offering a thorough
analysis of the benefits and drawbacks of each method by the authors whose work is being reviewed. Nonetheless, selecting the
right approach for a given set of data is crucial and heavily dependent on the type of data we are working with. Depending on
different characteristics, a number of approaches are examined and contrasted, including Principal Component Analysis (PCA)[18],
Singular Value Decomposition (SVD)[19],Linear Discriminant Analysis (LDA)[20], and Independent Component Analysis
(ICA)[21]. Less computer complexity and time are required with significantly less storage when data dimensions are lower. Less
characteristics also assist in preventing overfitting [22]-[25].

1. PRINCIPAL COMPONENT ANALYSIS(PCA)
A common dimensionality reduction method for condensing big data sets of variables into smaller sets while maintaining important
patterns and trends is principal component analysis. The method accomplishes this by keeping most of the information in the
original set of variables while decreasing its size. Smaller data sets are easier to analyse and visualize, which allows machine
learning algorithms to comprehend data points much more quickly and easily because fewer variables need to be processed. In
conclusion, in order to retain the best degree of informative content, the fundamental idea behind PCA is to reduce the number of
variables in a data collection. The original variables are combined or linearly mixed to form the new variables known as main
components. This kind of variable combination leaves the new variables, or primary components, uncorrelated while condensing or
compressing most of the information from the original variables into the initial components[26].
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A. Literature Survey On PCA

In [27] and [28] the classic texts on PCA in Anglo-Saxon literature are presented. A study of PCA tools and an overview of
significant turning points in the method's evolution can be found in [29]. [30] discusses the threefold character of PCA (algebraic,
geometrical, and statistical).

A recent assessment of PCA and its most recent developments may be found in [31]. Principal component analysis (PCA), which is
based on the variables' covariance matrix, is the most effective linear dimension reduction method in terms of mean-square error
[32]. A different approach to using PCA to reduce a dataset's dimension is proposed in [33]. Instead of considering the PCs as the
new variables, this method uses the data from the PCs to find important variables in the original dataset. As before, determining the
number k of significant variables to retain involves first computing the PCs and then examining the scree plot. After removing the
variable with the biggest (absolute value) coefficient from that vector, the eigenvector corresponding to the least significant
principal component—the one with the smallest eigenvalue—is taken into consideration This process is repeated until k variables
remain. In order to perform dimensionality reduction, principal component analysis [34]-[37], an unsupervised linear approach,
embeds the data into a linear subspace of a decreased dimensionality. By using PCA, as much of the variation as is practical is
captured in a reduced dimension representation of the original data. This can be done by finding the largest variance in the data and
using it to create a linear basis for the data that is reduced in dimensionality and possibly orthogonal. In mathematical words, PCA

seeks to maximize as much of the variance as possible by finding a linear mapping P that optimizes the cost function tr(PT AP),

where A is the zero-mean data sample covariance matrix. In other words, PCA maximizes (PT AP) with regard to P, while

. . 2
ensuring that each column v of P has a norm of 1,i.e. ||V|| =1

In [38], another way to think of PCA is as a probabilistic latent variable model. This model employs a linear Gaussian noise model
in conjunction with a Gaussian prior over the latent space. A potentially more computationally efficient EM-algorithm is produced
by the probabilistic PCA formulation for exceptionally high-dimensional data. Using Gaussian processes, probabilistic PCA can be
utilized to find nonlinear mappings between high- and low-dimensional spaces[39]. Minor components, or the eigenvectors
corresponding to the smallest eigenvalues, are also included in the linear mapping in a subsequent PCA adjustment because they
may be important in classification scenarios[40]. PCA has been effectively used in several fields, such as facial recognition [41]
,coin classification[42], seismological series analysis[43] etc.

In [8],[44] , Principal Component Analysis (PCA), which views dataset A as a collection of points in a multidimensional space as a
m X n matrix where the variables are represented by m rows and the observations by n columns.

G a, an A
a a a A
A — 2,1 2,2 2,n — 2 Eq(l)
_am,l am,z am,n Am

The matrix A must be linearly transformed into the B, matrix usinga Q matrix containing @,,d,, ....q,, as the row vectors

n mxm

and @;,a,,....a, asthe column vectors of the A matrix
4,2, Qg;-a, ... q, -a,

B -Q A= g, -a, Q,-a, ... g, -a, Eq)
Jn @, 0,8, ... 4., - 4,

The dot product ¢ - a; shows the projection of the original dataset A onto the columns of Q.

The principal component directions are represented by the rows of Q, which serve as a new basis.

In [44], PCA is a multivariate statistical technique that enhances computational speed and accuracy by utilizing an orthogonal
transformation. When examining the associations between a set of variables, PCA aims to describe as much variance as feasible
with the fewest available variables and to take the most important information out of the data and present it as a collection of
additional orthogonal variables known as main components.
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In [45],the most popular unsupervised technique for addressing the issue of data dimensionality called Principal Component
Analysis (PCA) is employed. By maximizing the association between the data points, PCA projections are carried out. The low-
dimensional space provided by the projections allows for the accurate reflection of all data points without information loss. Below is
the PCA equation.

N

U = arg max Tr(U TCov(X U ) Eq(3)
Uu'u =1 Eq(4)

where the linear transformation matrix U € R®® is represented by U .

In [46], Apart from the linearity assumptions, principal component analysis (PCA) indicates that a structure of interest is represented
by primary components with higher correlated variances, whereas smaller variances are indicative of noise. PCA is reversible using
Eigen decomposition techniques because it also assumes that the primary components are in orthogonal form.

A new technique was introduced in [47] to produce lower-dimensional word embeddings by efficiently combining the reduction of
PCA-based dimensionality with a previously proposed post-processing algorithm. This approach reduced the dimensionality of the
embedding by 50%, resulting in an equivalent or (more often) superior efficiency than the higher dimension embedding, according
to empirical evaluations on 12 typical word similarity benchmarks.

In [48] a quick and efficient method for learning the low-dimensional key characteristics of hyperspectral images (HSIs) called
super pixels (Super PCA) was proposed . The three data sets demonstrated that the (Super PCA) method was noticeably better at
reducing the dimensions based on PCA for classification than the conventional baselines.In [49] Principal Component Analysis
(PCA) is a commonly employed unsupervised dimensionality reduction technique that addresses the high dimensionality of time-
series data. It is less expensive computationally and uses a linear transformation technique [50]. This method, which is non-iterative,
eliminates correlated features and lessens overfitting issues [51]. In [52], the dimensionality reduction technique PCA successfully
detect outliers, compress the time-series data dimension, and include more information by using the linear transformation of the
Eigen Decomposition It is also possible to use this strategy with non-stationary data. Thus, it is widely believed by researchers that
PCA is suitable for decreasing the number of dimensions in time-series datasets [53], [54], [55], [56].

In [57], first, PCA ascertains a dataset's greatest variance. The covariance matrix, which shows the information about the correlation
of the features, is then computed using the following formula [58]:

S

Cov(g,,9,)= N Eq(5)

where, g; and g are two random features of the input data set, and g, and g, are the mean of g, and g, respectively, N is the

total number of data points.
Projecting the dataset is a crucial component of PCA. Following a reorientation from the original axis to the new axes indicated by
the principal components, the data are then translated into the new subspace.[59].

V. SINGULAR VALUE DECOMPOSITION (SVD)

One powerful mathematical method in the domains of data analytics and machine learning is singular value decomposition (SVD).
SVD is regarded as the computational backbone of numerous data-driven programs and algorithms. SVD can be thought of as a
practical application of principal component analysis. It is a linear algebra technique and among the simplest ways to handle
complicated data. When using principal component analysis (PCA), SVD is utilized to break down high-dimensional data into
statistically significant patterns in lower-dimensional data. More frequently, signal processing, machine learning ,linear algebra,
orthogonal decomposition, dynamic mode decomposition, clustering and classifications [60], noise reduction, information
extraction, and dimensionality reduction are the many different applications where the matrix factorization technique known as
singular value decomposition is employed. With the use of this potent mathematical tool, one can factor a given matrix into three
other matrices: a unitary matrix, a diagonal matrix, and its conjugate transpose. By breaking down a matrix into its most basic
elements, it enables us to manipulate and comprehend the original matrix’s structure and characteristics. Since the SVD makes it
possible to accurately describe any matrix and makes it simple to remove less significant data from a matrix in order to create a low-
dimensional approximation, it can be thought of as a type of dimensionality reduction.
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While minimizing the number of dimensions in the data collection, the goal is to preserve as much information as possible. SVD
helps address the curse of dimensionality, a common problem in machine learning where the number of features decreases
algorithmic effectiveness In addition to reducing the number of dimensions in algorithms, SVD improves their efficacy by
transforming the input data into a more concise and understandable representation.

B. Literature Survey on SVD

In [61], [62], a matrix M is broken down into singular values, left singular vectors, and right singular vectors using the SVD
algorithm. The directions of highest variance are represented by the singular vectors, and the singular values indicate the
significance of each component.

SVD splits am x n matrix M (or a data frame with m rows and n columns) into three matrices:

Let M=Ux*xX* VT where

M represents the real m x n matrix that is being decomposed, U is a column orthonormal matrix of size m x r, X is a diagonal matrix
of size r x r with diagonal entries called the singular values, and V is a row orthonormal matrix of size n x r. The matrix M's rank is
denoted by r.
The singular values of the original matrix M make up the diagonal components of X. The matrix £ can be expressed as follows
where the order of the singular valuesiso; > a,.. =20, >0

r o,

5 o6

o, ]

The primary matrix M is then reconstructed via SVD using the following equation (7) to a lower rank k [63]:
Y =Up *Xpx V,.T Eq(7)

Here, Y being a low dimensional output, the dimensionality of the data can be decreased to k dimensions by choosing only the top k
singular values and vectors where Uy, Xy, VI are truncated versions of U, z , VT.This type of SVD is called Truncated

SVD[64].The computational cost of SVD can be high despite its many advantages. It performs effectively on a user-defined matrix
but poorly in experimental or adaptive processes [65].

For the prediction issue, it is the recommended dimensionality reduction approach [66].

Using Singular Value Decomposition (SVD), Qiao was able to determine the appropriate factorization rank and offer a solid
initialization for Non-Negative Matrix Factorization (NMF) methods in 2015 [67]. In [68],since SVD uses a matrix to move data
from a high-dimensional representation to a low-dimensional form and provides a suitable representation for any chosen matrix in
which a minimal number of significant components may be easily removed, resulting in a reasonably accurate representation with
whatever number of dimensions that is required. Using the Discrete Wavelet Transform, Singular Value Decomposition, and
Huffman coding, Kumar and Manoj published a compression method for encrypted images in 2017 [69]. In smart distribution
systems, De Souza et al.'s [70] lossy data compression method based on SVD was introduced. By using the suggested plan, they
were able to efficiently transport data via communication networks while also decreasing the amount of data in smart grids. After
reconstructing the data, the authors deduced that SVD is a highly competitive data reduction strategy that preserves the originality of
the data. Similarly, to break down smart grid data, the authors in [71] employed a high-order singular value decomposition
(HOSVD) technique. Also authors in [72], [73], and [74] illustrated several techniques for diverse domains based on singular value
decomposition. In [75], [76], [77], and [78] dimensionality reduction for time-series data is commonly achieved by the
unsupervised, linear method of Singular Value Decomposition (SVD) where a real or complex matrix A is broken down into three
matrices, each of which retains its useful properties as the principal matrix. This process is a data-driven, fundamental linear
algebra-based generalization of the Fourier transform [79].
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An ECG signal compression technique was presented by Kumar et al. in 2015 for the massive ambulatory system data. The SVD
and wavelet difference reduction techniques serve as the foundation for their algorithm[80].For the purpose of reducing cloud cyber
data, Feng et al. (2018) introduced the tensor SVD technique [81]. In order to address the issues associated with storing and
calculating huge amounts of historical load curve data, Chen suggested a dimension reduction clustering approach based on the
daily load curve of SVD [82]. In addition to improving load curve clustering accuracy, this method reduced running times. A SVD-
based feature extraction technique was presented by Kang [83] and is used to categorize and locate induction motor problems. The
SVD-based technique has demonstrated good classification accuracy in both noisy and non-noise conditions.In [84] A. Winursito
and R. Hidayat examined the accuracy of the SVD and PCA approaches in Mel Frequency Cepstral Coefficients (MFCC), a well-
liked feature extraction technique used in speech recognition systems.[85] developed the proper orthogonal decomposition for SVD,
which is non-iterative to reduce the impact of outliers on the velocimetry data of particle images. Additionally, a constrained
singular value decomposition (SVD) was suggested in [86] in order to address the orthogonal problem of singular value
decomposition and sparsity. The imputation approach served as the foundation for the multi-level SVD that was suggested by [87] in
order to effectively manage and pre-process datasets gathered from various sources. The technique is found to be effective in a
variety of fields, including education, medicine, and the biological sciences. [88]further suggested FFT-PCA/SVD as a more
reliable and efficient method for recognizing changeable facial expressions than PCA/SVD. Digital image processing [89],
taxonomic classification of biological sequences, bioinformatics, text summarization [90], pattern recognition [91], gene expression
data [92], signal processing [93], are just a few domains in which the researchers have applied SVD.

V. LINEAR DISCRIMINANT ANALYSIS (LDA)

A classification and dimensionality reduction method called linear discriminant analysis (LDA) optimizes the differences between
various classes in a dataset. .Projecting a dataset with many features onto a less-dimensional space with adequate class-separability
is the primary goal of LDA. By reducing the dimensionality of the features, the LDA approach seeks to maximize the ratio of the
within-class variance to the between-class variance. hence ensuring optimal class separability. The approach used in LDA is very
similar to that of PCA. The process of LDA involves identifying a linear feature combination that describes or differentiates between
two or more classes of objects or events. Both LDA and PCA are linear transformation techniques for lowering the dimensionality
or number of features. In supervised learning contexts where the classifications of data points are preset, LDA is especially
common. LDA employs a "supervised" strategy, whereas PCA is regarded as a "unsupervised" technique that ignores class labels in
favour of maximizing dataset variance through the identification of principal components. By computing “linear discriminants,”
LDA finds the directions that act as axes to optimize the separation between different classes. One benefit of LDA is that it can
utilize data from both features to generate a new axis that maximizes the class distance of the variables and minimizes variance.
When the goal is to classify data into predefined groups and dimensionality reduction is desired but relevant information required
for class discrimination needs to be retained, LDA may be helpful. When it is assumed that every class has a normal distribution,
LDA performs effectively. If the task requires dimensionality reduction guided by class labels, LDA is a suitable choice.

A. Literature Survey on LDA

LDA may also be employed as a linear classifier, according to a number of research [94]. As a linear classifier, LDA makes use of a
linear feature combination to extract features and reduce dimensions [95], [96], and [97].Face recognition [98], text recognition [99]
[100], automatic machine operation diagnosis [101], early disease detection [102], person reidentification [103], hand movement
classification [104], motor imagery EEG [105], and ground water redox conditions [106] are some of the applications of LDA. LDA
is also effective in a wide range of classification tasks such as document categorization [107] and speech recognition [108].

In [109], LDA is utilized to lower the higher dimensions mathematically. LDA aims to reduce dimensionality while retaining as
much of the class discriminating information as feasible [110]. It can be viewed as a pre-processing stage for applications involving
pattern categorization and machine learning. The five phases necessary to carry out an LDA are listed in [111]. The authors of [112]
employed PCA to eliminate the null values before using LDA to get around the issue of a small sample size. They put forth an
innovative plan to implement PCA and LDA together. A robust technique for LDA utilizing Bhattacharyya error bound optimization
was proposed by the authors in [113] in a similar scenario. The authors also suggested that sparse LDA is a simple extension of
RLDA. Similarly, in [114], authors looked at the recursive problem of orthogonal least square regressions (SLR) and orthogonal
LDA.
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In [115], LDA tries to linearly identify a combination of characteristics from two different types of objects or occurrences in order
to classify and differentiate them . It determines the equivalent anticipated value or a category label y; for each given n-dimensional
dataset

X= (3. X,

In [116], LDA's strengths lie in its ability to employ the probabilistic algorithm for the model's training in an efficient manner and its
consistent rich internal structure. and it has been observed that the classification accuracy of the LDA is insufficient when employed
alone. With high-dimensional and small sample size data, the conventional LDA model is susceptible to the singularity issue [117]
.Because of this, this technique is frequently used in a hybrid system to solve the singularity problem and provide the best accuracy
scores by combining it with other techniques like PCA.

In [118], Given m as members of the data samples and Ci as the class of data i, to map high dimensional data
Y =[x1,%5,%3,....x,] € R™P into lower dimensional data

Y € R™k DA seeks to discover a linear transformation matrix

W = [w;,wy, Ws,...w, ] € R™*k (k<< p)suchthat Y =WTX

Equation (1) is used to determine the ideal Projection matrix.

Jw) = kel Eq(8)

tr(Sw)
Zhang et al. [119] have presented a strategy for capturing local information called Local Intra-class Geometrical Variation
Preserving LDA (LIPLDA). Using LIPLDA's high performance as well as enhanced precision for both local and global geometric
data were recognized more effectively.
Applying k-Nearest Neighbor (KNN) to local LDA was proposed by Liu et al. [120]. In order to determine how important the
sample structural information is, it uses an affinity matrix to assign weights. LDA is less successful when sample sizes are small and
data are non-Gaussian. These issues have led to the development of Subclass Discriminant Analysis (SDA) [121] and Mixture
Subclass DA (MSDA) [122]. Furthermore, Generalized EDA (GEDA) and Semi-supervised Regularized Discriminant Analysis
(SRDA), respectively, were proposed by Ran et al. [123] and Xin et al. [124] to overcome the problem of small sample sizes.
Ye et al. [125] presented the 2D-LDA technique as a means of implicitly resolving the singularity problem and enhancing
recognition accuracy. Recent advances indicate that 2D-LDA is an effective matrix-based DR method. However, the singularity
problem is outside the scope of 2D-LDA. To solve the singularity problem, Li et al. [126] suggested a Generalized Lp-norm 2D-
LDA (G2D-LDA) framework with regularization. By leveraging the kernel functionality, Baudat and Anouar [127] proposed
Generalized Discriminant Analysis (GDA) to enhance classification. When features are extracted from the samples using global
linear discriminant vectors, the test sample may be incorrectly classified, whereas local linear discriminant vectors may yield
accurate classification.

VI. INDEPENDENT COMPONENT ANALYSIS (ICA)

One significant unsupervised method for extracting individual components from high dimensional data and to examine data from
several channels is independent component analysis [129][130],[131]. The method entails modelling data derived from a linear
combination of separate sources. In order to do a random vector's independent component analysis, a linear transformation that
reduces the statistical dependence between the vector's components must be found. ICA is a dimensionality reduction technique that
works similarly to PCA in that it starts with a set of features and outputs a separate, potentially useful set. In contrast to PCA, which
aims to optimize variance, ICA attempts to extract distinct sources that are mixed within the dataset, based on the assumption that
the features are mixtures of independent sources.
Retrieving independent characteristics from observations that are predicated on other specific data is one of ICA's primary goals. By
decreasing the dissimilarity information, ICA finds the significant relationship between the data and decorrelates the same data
[132]. Whereas PCA, for example, seeks the best data representations, ICA searches for non-Gaussian, statistically independent
features.

A. Literature Survey On ICA
In [133], the initial decomposition of the data X using ICA is
X-2>AS Eq(9)
where the features are as independent as feasible, and the mixing matrix is A, and the basis coefficient is S. In order to produce k
dimensions ICA selects the k most important independent elements in a dataset to produce data Y.
Y=Ay Sk Eq(10)
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The elements are attainable in specific order and scales . Knowing very little regarding the mixing procedure or the source signals,
ICA focuses on separating the original signals from mixed data. In signal processing, ICA is considered a specific instance of the
"blind source separation™ problem [134].The ICA formula is.

(X1, X2, . Xm) " =F(P1,P2,-..P) " Eq(11)

Where f stands for the function of the real m-dimensional vectors and x m for the input features. By using unique independent data
vectors to capture covariance, ICA reduces the linearity between the data pieces. Thus, the established independence is achieved. A
detailed explanation of the steps involved in reducing dimensions utilizing supervised (LDA) and unsupervised (PCA, KPCA, SVD,
and ICA) approaches was put forth by Raji Ramachandran et al. [135].

For the purpose of extracting features from images, an enhanced independent component analysis approach based on the basis
function's sparsity is employed [136]. This technique provides good sparsity and rapid convergence speed since it does not involve
complex optimization of high-order nonlinear comparison functions. By using ICA for face recognition , the literature [137] showed
that ICA has a very wide potential for advancement. Wang proposed an independent component analysis method for dimensionality
reduction [138], which he named ICA-DR. It measures the statistical independency of the data beyond second-order statistics by
using mutual information as a criterion.Mutual information is used to separate these signal sources under their statistically assessed
independence [139]. A number of distinct standards have been developed to assess source independence. However, the source of all
of them was mutual information for calculating the difference between two unanticipated sources [140].

Analyzing electroencephalographic (or brain-derived) data is an intriguing use case for ICA. In neuroimaging, fMRI, and EEG
analysis, ICAis a crucial tool that aids in distinguishing between normal and aberrant signals.

Bayesian detection, blind identification, data analysis, compression, and source localization

are among the fields in which ICA is applied. ICA can extract more relevant components than PCA since it can be used with the
independent optimization condition rather than PCA's variance maximization [141]. Additionally, ICA has the capacity to perhaps
extract more information from the gathered data [142]. The majority of ICA algorithms try to resolve gradient-descent-based
optimization issues, like maximum likelihood estimation [143], mutual information minimization [144], and non-Gaussian of source
S [145].

VII. COMPARISON OF LINEAR DIMENSIONALITY TECHNIQUES
PCA can be used when working with datasets that have a lot of characteristics in order to alleviate the effect of curse of
dimensionality. PCA is useful in capturing shared information and presenting it with fewer components when features exhibit
significant correlation. PCA is useful when high-dimensional data visualization is difficult. Data projection allows for easy
visualization into a lower-dimensional domain. PCA is an appropriate method when there is a high degree of linearity in the
relationships between variables. Also, it can be used in situations where it is essential to capture global patterns and relationships
within the data. However, PCA has the following limitations viz; Since principal components are linear combinations of the original
features , hence there may be a loss of interpretability of the original features in the converted space. Also, the linearity of the
relationships between variables is assumed by PCA, however this may not always be the case. The sensitivity of PCA to feature
scale necessitates the frequent need for normalization. Because PCA aims to capture the maximum variance, which can be
influenced by extreme values, outliers can have a major effect on the results.
SVD can be used when the objective is to lessen the data's dimensionality while maintaining its fundamental structure. SVD
approximates and compresses huge data sets by preserving only the most significant singular values and vectors. SVD enables a
matrix to be represented compactly and facilitates matrix operations computation in an efficient manner. As a result, dealing with
huge matrices requires less computing power and storage. SVD can also be used when the effect of noise has to be minimized in
the data by using only the most significant singular values . SVD is a suitable choice in ill-conditioned systems to provide
numerical stability in solving linear equations. and while addressing missing values or sparse data. SVD is a strong tool for data
analysis and dimensionality reduction. It enables us to determine which elements or characteristics of a dataset are most crucial and
to examine the connections between them. However, SVD has the following limitations viz; It can be costly to compute the whole
SVD for large matrices particularly if the matrix has a high rank since it may require a lot of memory to store the entire matrices U,
summation, and V. This may make employing SVD for large-scale data analysis less feasible. SVD is susceptible to missing values
in the data, necessitating the use of specific methods to handle them.
Another limitation of SVD is that not all data types may be appropriate for SVD. The data matrix must be dense and well-behaved
for SVD to work. Other matrix factorization techniques may be more appropriate for data that is sparse or irregularly organized, in
which case this method may not be suitable.
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LDA is an effective tool for classification tasks because it is developed to optimize the separation between various classes. Similar
to PCA, LDA also has the benefit of taking class information into account while reducing dimensionality. LDA functions well
when it is assumed that each class has a normal distribution. LDA is an appropriate option when the task calls for dimensionality
reduction under the direction of class labels. However, if there aren't enough samples in each class, LDA might not function
properly, since more samples lead to better class parameter estimation. Also, LDA is susceptible to outliers, and their existence may
have an impact on the method's performance.

ICA makes it possible to separate mixed signals without knowing anything about the source signals or the mixing mechanism
beforehand. It is capable of exposing the data’'s underlying structures and hidden sources.

ICA relies on the statistical independence assumption, which is frequently more robust than orthogonality and other assumptions.
This enables ICA to be used in a variety of real-world situations. Informational features can be extracted by using ICA as a
preprocessing step. These characteristics can then be used to enhance the performance and interpretability of machine learning
algorithms. However, ICA has the following limitations viz; The underlying sources are assumed to be non-Gaussian by ICA, albeit
this may not always be the case. In the event that the underlying sources are Gaussian, ICA may not function.
It is assumed by ICA that the sources are blended linearly, albeit this may not always be the case. Nonlinear blending of the sources
may render ICA ineffective. When dealing with large datasets, ICA might be expensive to calculate. Because of this, applying ICA
to real-world problems may prove difficult.

ICA might run into convergence issues, which could keep it from continuously resolving issues. This can be a problem for complex
datasets with plenty of sources. Depending on the particular goals and properties of the data, one can choose between Principal
Component Analysis (PCA), Singular Value Decomposition (SVD), Linear Discriminant Analysis (LDA), and Independent
Component Analysis (ICA).

Table 1: Conceptual Comparison Of Linear Dimensionality Reduction Techniques

Methods Objective and Advantages Limitations Complexity of computation
PCA Increase variance while | Confined to projection | O(d’n + n®)
minimizing noise | thatis linear
sensitivity.
SVD Minimum  construction | Unsuitable for data that | O(d’n + n°)
error is not linear
LDA Optimize the level of | Experience problems | O(d”n), n > d;
class separation with class singularity O(d®),d>n
ICA Increase the degree of | High time required for | O[2di(d +1) n]
statistical independence | training

VIIl.  CONCLUSION

The increasing amount of high-dimensional data makes it necessary to employ dimensionality reduction techniques to make the data
easier to handle. This paper provides a detailed review of the different linear dimensionality reduction techniques that are used,
identifies the various approaches that are used to lower the dimensions in order to increase the accuracy of algorithms, and provides
guidance on how to evaluate the field's recent surge in popularity. It is crucial to display the high dimensions of data in lesser
dimensions without sacrificing the data's uniqueness. But regardless of the type of data we are dealing with, choosing the
appropriate strategy for a particular set of data is essential and greatly influenced by the kind of data we are dealing with. The
benefits and drawbacks of each technique are also explained in this study. Many methodologies such as Principal Component
Analysis (PCA), Singular Value Decomposition (SVD), Linear Discriminant Analysis (LDA), Independent Component Analysis
(ICA) are analysed and compared based on various attributes. Conclusively, all these methods seek to provide the appropriate
information while minimizing complexity. Additionally, this work provides a reasonable starting point for comparing various
dimensional approaches.
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