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Abstract. Feature selection plays a crucial role in facial image classi-

fication by reducing dimensionality and improving robustness to varia-

tions in expression, pose, and lighting. However, researchers face chal-
lenges when selecting features from high-dimensional, unlabeled data due

to the nonlinear manifold structure of facial images. To address this,

this paper proposes UFSOLPP, a novel unsupervised feature selection
method that consists of three main stages. First, the method employs

Orthogonal Locality Preserving Projections (OLPP) for feature extrac-

tion, aiming to preserve local data structures and enforce orthogonality
without dimensionality reduction. Unlike conventional OLPP, which uses

heat kernel to measure similarity, this paper replaces it with cosine dis-
tance to better capture angular relationships that are for facial image

discrimination. Second, it measures the similarity between the original

and orthogonal features using the Pearson correlation distance. Third, it
models both feature sets as vertices in a weighted bipartite graph. The

edge weights are computed using the Pearson correlation similarity, and

the method uses the Hungarian algorithm to compute maximum match-
ing. The method selects the original features involved in the maximum

matching as the final subset. This strategy removes noisy, correlated,

and redundant features effectively, while preserving interpretability and
discriminative power. Experiments demonstrate that UFSOLPP outper-

forms eight state-of-the-art methods. It achieves 96.00% accuracy and

98.00% NMI on Jaffe, 68.66% accuracy and 75.32% NMI on ORL, and
82.33% accuracy and 85.57% NMI on the high-dimensional Pixraw10P

dataset. These results highlight the practical value of UFSOLPP and its
ability to handle high-dimensional data efficiently in unsupervised facial

image analysis.
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1. Introduction

High-dimensional data are common in a wide range of applications, includ-
ing object recognition, image restoration, information retrieval, and computer
vision. Although these datasets provide richer information, they also lead to
substantial increases in computational and storage costs [1]. To address these
challenges, dimensionality reduction has become a crucial preprocessing step in
machine learning and data mining workflows. Dimensionality reduction tech-
niques generally fall into two main categories: feature selection and feature ex-
traction. Feature extraction methods aim to map high-dimensional data into
a lower-dimensional space through algebraic transformations [2], and can be
further classified into linear and nonlinear approaches. Linear methods assume
that data lie in a linear subspace, whereas nonlinear methods are designed to
capture complex structures on nonlinear manifolds [3]. Among nonlinear meth-
ods, manifold learning techniques are particularly notable, as they assume that
data points reside on a low-dimensional manifold embedded within a higher-
dimensional space. By preserving the intrinsic geometry of the data, manifold
learning helps alleviate the curse of dimensionality [4].

However, while linear methods show promise, they often fail to adequately
address the challenge of maintaining local structures in high-dimensional
spaces, particularly when dealing with subtle variations in the data. For in-
stance, in face image recognition, changes in facial expressions lead to nonlinear
variations that are not easily captured by traditional linear methods. This lim-
itation in existing techniques has motivated the development of more effective
methods, specifically tailored to preserve these local structures and model the
nonlinear variations effectively.

On the other hand, feature selection aims to eliminate redundant features,
retaining only those most relevant to the target task. This process not only en-
hances the performance of classifiers but also helps reduce overfitting. Feature
selection proves to be especially valuable across various fields, including in-
dustrial applications, bioinformatics, image processing, and text mining [5–8].
Feature selection methods are generally categorized into three main strategies:
filter, wrapper, and embedded methods. Unlike wrapper and embedded meth-
ods, filter methods do not rely on learning algorithms. Instead, they assess
feature relevance based on intrinsic properties of the data. Filter methods
are particularly favored for high-dimensional datasets due to their computa-
tional efficiency. These methods can be further classified into univariate and
multivariate approaches, with the latter accounting for correlations between
features [9–11]. Wrapper methods, in contrast, determine feature importance
by utilizing a classifier during the learning process [11]. Although wrapper
methods are accurate, they are computationally expensive and susceptible to
overfitting, especially when the number of features exceeds the number of sam-
ples [9]. Embedded methods incorporate feature selection directly into the
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learning process by using cost functions that consider feature relevance, often
involving sparse regularization [9, 13].

Moreover, feature selection can also be classified based on the availabil-
ity of class labels into three categories: supervised, unsupervised, and semi-
supervised [9]. In semi-supervised feature selection, some data points are la-
beled, and this label information is used to improve the performance of unsu-
pervised feature selection methods [13]. In supervised feature selection, labeled
data allow for the identification of relevant features based on their relationship
with class labels. In contrast, unsupervised feature selection faces challenges
due to the lack of labeled data, where feature relevance is inferred from intrinsic
data characteristics, such as variance [14,15].

In the task of feature selection for face images, the primary challenge stems
from the inherent complexity of the data and the nonlinear variations in facial
features, such as changes in facial expressions. These features are typically lo-
cated on a nonlinear manifold, which complicates the identification of the most
relevant and effective features. For example, variations in facial expressions,
such as the transition from a neutral expression to a smile, involve complex
changes in the curvature and shape of the lips, as well as the position of the
eyebrows. In high-dimensional space, these variations form a curved manifold
rather than a flat surface. Many existing methods struggle to accurately model
these nonlinear manifolds and preserve the local structures of the data, which
is essential for selecting meaningful features.

To address these challenges, recent approaches have focused on preserving
local structures and reducing feature redundancy by leveraging pseudo-labels,
adaptive graph learning, and hypergraph models [16]. However, in unsuper-
vised feature selection, the absence of class labels remains a major challenge,
especially when dealing with facial features that are geometrically and struc-
turally similar but exhibit subtle variations, such as those caused by changes in
facial expressions. To overcome these limitations, this paper proposes an unsu-
pervised feature selection method based on the Orthogonal Locality Preserving
Projections (OLPP) algorithm. This approach preserves the local structures of
the data, facilitating the extraction of features that more effectively model the
nonlinear variations in face images. The OLPP algorithm extracts orthogonal
features, reduces feature correlations, thereby identifying the most distinct and
informative features. Furthermore, OLPP mitigates the impact of noise and
outliers by focusing on preserving local structures, filtering out irrelevant data
points, and enhancing the quality of the extracted features. This ultimately
leads to more accurate classification results, despite the inherent challenges
posed by high-dimensional and nonlinear data.

The primary contributions of this paper are summarized as follows: 1)
OLPP for Feature Extraction: This paper employs the Orthogonal Lo-
cality Preserving Projections (OLPP) method for feature extraction, aiming
to project data while preserving local structures and enforcing orthogonality.
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This approach enhances the representational quality of features and helps re-
duce the impact of noise and redundancy in the original set. It is important
to note that, at this stage, the algorithm performs a transformation of the
features into a new space without applying dimensionality reduction. In the
conventional OLPP framework, the similarity between adjacent data points
is typically calculated using the heat kernel. However, in the context of face
image data, angular relationships between feature vectors often contain more
discriminative information. To address this, the heat kernel is replaced with
cosine distance, allowing the graph to better reflect angular separations. Al-
though this modification improves the alignment with the geometric structure
of facial features, it may result in a nonlinear and complex-valued matrix. To
resolve this, the complex conjugate of the matrix is computed, followed by a
linearization process.
2) Feature Similarity Calculation: A similarity calculation step is intro-
duced using Pearson correlation to quantify the relationship between the orig-
inal and extracted features. This step is essential for identifying the most
relevant features for the classification task.
3) Maximum Matching in Weighted Bipartite Graph: The paper mod-
els the original and extracted features as vertices in a bipartite graph, using
Pearson correlation as edge weights. By applying the Hungarian algorithm to
find the maximum matching, the most discriminative features for classification
are identified.
This method offers a robust framework for unsupervised feature selection, mak-
ing it particularly effective for high-dimensional and nonlinear data, such as
those commonly encountered in face image classification.

The primary objective of this research is to develop an unsupervised feature
selection method that effectively addresses the challenges of high-dimensional
and nonlinear data, particularly in face image recognition. Specifically, the pro-
posed method aims to preserve the local structures of the data while mitigating
the impact of noise and redundancy, and to identify the most discriminative
features for classification tasks. Additionally, the research seeks to enhance
the performance of unsupervised feature selection methods by employing the
Orthogonal Locality Preserving Projections (OLPP) algorithm, which reduces
feature dependencies and correlations, and utilizes the maximum matching in
a weighted bipartite graph to further improve feature selection accuracy. This
study contributes to the growing body of research by providing a more effective
approach to feature selection in complex, high-dimensional datasets.

The structure of the paper is organized as follows:
Section 2 provides a brief review of recent advancements in feature selection
research. Section 3 introduces and elaborates on the key concepts and the-
oretical framework underlying the proposed Unsupervised Feature Selection
method based on Orthogonally Locality Preserving Projection (UFSOLPP).
The experimental results are presented and discussed in Section 4, and Section
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5 concludes the paper with a summary of the findings.

2. Related work

Numerous unsupervised feature selection algorithms have been developed
to address the challenges of high-dimensional data. These methods differ in
their assumptions, objectives, and mechanisms, including reconstruction, graph
learning, redundancy reduction, and manifold preservation.
Wang et al. (2024) proposed MUNFS, which leverages UMAP for dimensional-
ity reduction based on topological data analysis. By considering both local and
global structures, MUNFS generates high-quality embeddings and integrates
the block HSIC Lasso method to capture nonlinear relationships between in-
put features and their low-dimensional representations [17]. Li et al. (2024)
introduced DLSEO, which enhances clustering by using an extended OLSDA
model to capture non-negative manifold structures and clustering labels. Its
novelty lies in applying dual-space regularization and replacing the conven-
tional `2,1-norm with an `2,1-2-norm for greater sparsity and lower feature
redundancy [18]. Xiang et al. (2024) proposed BGLR, a bipartite graph-based
model that adaptively selects anchors in the projection space using sample vari-
ance and correlation. This method combines an `2,0-norm constraint with a
low-redundant regularizer, allowing direct optimization of feature subsets [19].
Han et al. (2018) introduced AEFS, which assigns weights to features using
a self-reconstructing autoencoder, enabling nonlinear modeling of feature im-
portance. Although effective, AEFS depends heavily on hyperparameter tun-
ing [20]. Guo et al. (2018) presented DGUFS, which jointly selects features and
performs clustering by aligning feature selection with cluster label inference,
enhancing the interdependence among data components. Its iterative optimiza-
tion framework relies on ADMM and is sensitive to initialization and parame-
ter settings [21]. Xie et al. (2021) proposed SCEFS and SCAFS, two methods
that evaluate feature discriminability using standard deviation combined with
exponential and anti-cosine similarity measures, respectively. These methods
do not require labels but depend on empirical thresholding [22]. Zhu et al.
(2015) introduced RSR, a regularized self-representation model that expresses
each feature as a linear combination of others using an `2,1-norm regularizer.
Although robust to outliers, its effectiveness is influenced by regularization pa-
rameters [23]. Huang et al. (2019) proposed SRCFS, which applies randomized
subspace learning and collaborative Laplacian scoring to enhance selection ac-
curacy. The method depends on the number and size of subspaces, which must
be carefully tuned [24]. Li et al. (2018) developed URAFS, a method that inte-
grates manifold learning and feature selection through uncorrelated regression
and entropy-based regularization. While effective, it requires multiple regular-
ization terms and balancing parameters [25]. More recently, Samareh-Jahani
et al. (2023) proposed LRDOR, which utilizes QR factorization to construct
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orthogonal representations and applies a directional distance metric to evalu-
ate feature relevance. The model incorporates local feature correlations and
manifold structure, demonstrating competitive clustering performance. How-
ever, it lacks a direct matching mechanism between original and transformed
features [26].

In another recent work, Xiao et al. (2025) introduced the JSLSC model,
which combines subspace learning with orthogonal basis clustering and hard-
constrained graph structure learning. This model excels in preserving both
local and global structures, but it suffers from high model complexity and
tuning requirements and is mainly designed for clustering rather than direct
feature matching [27]. Beiranvand et al. (2022) proposed UFSPCA, which uses
PCA to produce orthogonal features and applies the Hungarian algorithm on a
bipartite graph for optimal feature matching. Although it reduces redundancy,
it lacks the ability to preserve local structures in the data, limiting its effective-
ness in complex setting. It is important to note that PCA, relies on the mean
and variance of the data. This dependence makes PCA sensitive to noise and
outliers, as they can significantly affect variance estimation and thus degrade
feature selection accuracy [9]. Ma et al. (2024) developed SWAGFS, which
jointly optimizes adaptive self-weighted graph construction, `2,1-norm sparsity,
and minimum redundancy constraints. This method adaptively learns feature
importance by preserving the intrinsic geometric structure of the data. Its main
novelty lies in integrating self-weighted graph learning and sparsity within a
unified framework. However, its performance relies on sensitive hyperparam-
eter tuning [28]. Zhang et al. (2024) proposed a supervised feature selection
method that incorporates a trace ratio model with multi-center representation
and local structure learning. By applying an `2,0-norm constraint and utilizing
k-nearest neighbor graphs, their method selects highly discriminative features.
Although effective in labeled settings, it is not applicable to unsupervised sce-
narios due to its reliance on class labels [29]. Zohrati et al. (2018) introduced
ahybrid max–min and greedy scheduling algorithm to optimize job allocation in
cloud computing. The algorithm applies constraint-aware matching strategies
in high-dimensional assignments [30]. A detailed comparison of the methods is
provided in Figure 1.

While existing methods offer various strategies for feature selection, they of-
ten suffer from limitations such as sensitivity to parameters, lack of geometric
preservation, or high computational costs. The proposed UFSOLPP method
uses Orthogonal Locality Preserving Projections (OLPP) to extract orthogonal
features while maintaining the local geometric structure of the data. It provides
an intuitive graph-based representation of features that effectively captures
their relationships. The method constructs a weighted bipartite graph between
the original and projected features and applies the Hungarian algorithm to find
the maximum matching. This process selects relevant and non-redundant fea-
tures optimally. By doing so, the method preserves local structure, eliminates
noise, and reduces feature redundancy. Moreover, UFSOLPP avoids the need
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for extensive hyperparameter tuning and offers robustness and enhanced dis-
criminative power in complex, high-dimensional unsupervised learning tasks.

Figure 1. Comparison of related unsupervised feature selec-
tion algorithms

3. Methodology

This section provides a comprehensive explanation of the proposed UF-
SOLPP method. Unsupervised feature selection methods often overlook crit-
ical features that significantly affect model performance, particularly in the
presence of noise and outliers. This can lead to incorrect pattern recognition
and unreliable models. In face image analysis, the complexity of the data and
nonlinear variations, such as changes in facial expressions, pose significant chal-
lenges. These variations typically lie on nonlinear manifolds, making it difficult
to identify discriminative features. For example, transitioning from a neutral
expression to a smile involves subtle geometric changes in facial structure, which
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are not effectively captured by linear methods. Consequently, many existing
algorithms fail to model such nonlinear manifolds or preserve local data struc-
tures, resulting in suboptimal feature selection. Furthermore, the absence of
labeled data in unsupervised feature selection complicates the task even more,
especially when faces are structurally similar but differ in subtle ways.

To address these limitations, this paper proposes an unsupervised feature
selection method called UFSOLPP, which preserves local data structures to
effectively model nonlinear variations. The core idea is to represent features
as vertices in a weighted bipartite graph, where edge weights indicate the sim-
ilarity between features. By applying the Hungarian algorithm, the method
identifies a maximum matching that selects features most similar to the or-
thogonal ones extracted using OLPP. This approach ensures the selection of
informative and diverse features by reducing redundancy and correlation. The
proposed method consists of three main steps:

1. Feature Extraction with OLPP:In the first step, the Orthogonal Lo-
cality Preserving Projection (OLPP) [31] method is employed for nonlinear fea-
ture extraction. OLPP preserves the local structure of data by maintaining the
closeness of similar data points after projection while enforcing orthogonality
to ensure feature uncorrelations [32]. This technique, rooted in manifold learn-
ing, formulates the embedding using the Laplacian graph structure, leading to
effective nonlinear dimensionality reduction. Manifold learning performs non-
linear dimensionality reduction by utilizing the manifold structure among the
samples. Its main idea is to apply the fundamental properties of the Laplacian
graph to construct an optimal low-dimensional embedding of high-dimensional
data, formulated as the solution to a generalized eigenvector problem [33]. No-
tably, in this step, OLPP is used without performing dimensionality reduction;
instead, it extracts a new set of features with the same dimensionality as the
original features.

2.Similarity Calculation:In the second step, the Pearson correlation sim-
ilarity between the extracted features and the original features is calculated.

3.Feature Selection via Bipartite Graph Matching: In the third
step, a weighted bipartite graph is constructed using the two feature sets,
where the similarity scores serve as edge weights connecting the two parts
of the graph. The best features are then selected by finding the maximum
matching in the graph using the Hungarian algorithm. Figure 2 illustrates the
flowchart of the proposed UFSOLPP method, and a detailed description of
each step is provided in the following subsections.

3.1. Orthogonal Locality Preserving Projection (OLPP). The first step
of the proposed UFSOLPP algorithm involves feature extraction using the
fundamental OLPP algorithm, which is derived from the nonlinear Lapla-
cian–based feature extraction method. OLPP is distinguished by its ability
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to extract features that preserve orthogonality, non-correlation, and the local-
ity of the original feature structure within the transformed space. Enhanced
preservation of locality is directly associated with improved discriminative ca-
pability. In the following, the OLPP approach is explained step by step.
Step 1: The process begins by applying the Principal Component Analysis
(PCA) method [9] to the training data X in order to extract orthogonal fea-
tures. The eigenvectors obtained from the eigendecomposition of the PCA
covariance matrix are stored in the matrix PPCA. At this stage, no features
are discarded.
Step 2: An adjacency graph G is constructed for the training data, where each
of the n vertices represents a feature. An edge is formed between vertices i and
j if feature xi is among the k-nearest neighbors of xj, and vice versa. In this
implementation, k = 5. This graph captures the local geometric relationships
among features based on the Euclidean distance [31]. The resulting structure,
referred to as the local intrinsic graph S, serves as a discrete approximation
of a low-dimensional manifold within the high-dimensional feature space. If
features xi and xj lie on the same manifold, their output distributions zi and
zj are expected to be similar [34]. This ensures that nearby points in the
high-dimensional space remain close in the reduced space, preserving the local
structure [35]. An example of a Local intrinsic graph is illustrated in Figure 3.
Step 3: In the OLPP method, the weight matrix W is traditionally computed
using the heat kernel [31] to evaluate the similarity between connected vertices.
However, in this paper, the heat kernel is replaced with cosine distance to bet-
ter capture the angular relationship between feature vectors. This modification
allows the edge weights to reflect the angular separation between features,which
is more suitable for the characteristics of face

image data. For any pair of connected vertices i and j, the weight is calcu-
lated using cosine similarity, as formally defined in Equation (1):

(1) Cosine distance (W ) =
xj · xi
‖xj‖ ‖xi‖

Step 4: To obtain the orthogonal basis functions, a diagonal matrix D is first
constructed, where each diagonal element Dii represents the sum of the weights
in the i− th column of the weight matrix W , as shown in Equation (2):

(2) Dii =
∑
j

Wji

Subsequently, the graph Laplacian matrix L is computed using Equation (3):

(3) L = D −W
Here, D is the diagonal degree matrix and W is the weight matrix constructed
from cosine distances. The Laplacian matrix L is a symmetric and positive
semi-definite matrix; its symmetry is inherent in its construction and does not
require multiplication by its transpose [9]. The Laplacian matrix L acts as an
operator on functions defined across the vertices of graph G [36]. When the
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Figure 2. General flowchart of the proposed UFSOLPP
method.

mapping is denoted as f : M → R , the gradient ∇f(x) =
∑n

i=1
∂f
∂xi

∂xi can
be interpreted as a vector field over the manifold. For sufficiently small values
of ∂x, the following approximation holds, as shown in Equation (4):

(4) |f(x+ δx)− f(x)| ≈ |〈∇f(x), δx〉| ≤ ‖∇f‖ ‖δx‖
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Figure 3. Local intrinsic graph [34].

If ‖∇f‖ is minimized, then points near x are mapped to points close to f(x).
Consequently, an optimal locality-preserving mapping can be obtained by min-
imizing the following objective function, as formulated in Equation (5):

(5) arg min
‖f‖L2(M)=1

∫
M

‖∇f(x)‖2 dx

This minimization
∫
M
‖∇f(x)‖2 dx directly corresponds to the objective func-

tion defined on the graph structure, as given in Equation (6):

(6) Lf =
1

2

∑
i,j

(fi − fj)2wij

Minimizing the squared gradient corresponds to solving for the eigenfunctions
of the Beltrami–Laplace operator L. The intrinsic relationship between the
Beltrami–Laplace operator and the gradient is mathematically represented in
Equation (7):

(7) L = div∇(f)

In this context, div denotes the divergence operator, which, when applied to
the gradient field, validates the formulation presented in Equation (8):

(8)

∫
M

‖∇f‖2 =

∫
M

L(f)f

Here, f denotes an eigenfunction of the Laplacian operator L, which is utilized
in the minimization process to preserve the local data structure

∫
M
‖∇f(x)‖2 dx

[31].
Step 5: In the final step, the algorithm computes the eigenvectors and eigen-
values of the objective function defined in Equation (9) using the eigendecom-
position technique.

(9) (XDXT )−1XLXT
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Both XDXT and XLXT are symmetric and positive semi-definite matrices. In
addition, the diagonal matrix D and the Laplacian matrix L are also symmetric
and positive semi-definite [37]. A key characteristic of a positive semi-definite
matrix is that all of its eigenvalues are non-negative, and eigenvectors corre-
sponding to distinct eigenvalues are mutually orthogonal [9]. The eigenvectors
are assembled into an orthogonal matrix E1 , where each column corresponds
to an eigenvector obtained from the eigendecomposition in Equation (10):

(10) E1 = [ e1; . . . ; en ]

To project the original features into the new space, the matrix of eigenvectors
from PPCA is multiplied by matrix E1, and the result is stored in U1, as shown
in Equation (11):

(11) U1 = PPCAE1

Finally, the output matrix Z is computed using Equation (12):

(12) Z = UT
1 X

Since the OLPP algorithm in this study uses cosine distance, the resulting
matrix Z may exhibit nonlinearity and may also contain complex values. To
handle this issue, the complex conjugate of Z is first calculated. Subsequently,
a linearized representation of the output is derived using Equation (13).

(13) Z =

√
Z1Z1

It is important to emphasize that the algorithm utilizes all extracted features
without performing any dimensionality reduction. Algorithm 1 summarizes the
complete procedure of the OLPP algorithm.

3.2. Calculating Similarity using the Pearson Correlation Coefficient
(PCC). In the second step, to evaluate the similarity between the original
feature set X and the transformed set Z, the Pearson Correlation Coefficient is
used as a similarity measure. Specifically, the correlation is computed between
each feature in X and every feature in Z, and the resulting similarity values
are encoded as weighted edges in a bipartite graph. The Pearson Correlation
Coefficient (PCC), denoted by r, quantifies the strength of the linear relation-
ship between two variables. Its value ranges from −1 to +1. r ≈ +1 indicates
a strong positive linear relationship, whereas r ≈ −1 reflects a strong negative
linear relationship [38]. Equation (14) calculates r:

(14) r =

∑
(Z − Z)(X −X)√∑
(Z − Z)2(X −X)2

If Z and X denote the means of sets Z and X, respectively, then when r = 0,
Z and X are uncorrelated. The correlation distance between two sets Z and
X is calculated using Equation (15):

(15) CorrelationDistance(CD) = 1− r
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Figure 4. Scatter plots for different values of the Pearson
correlation coefficient (r) [38].

To convert this distance into a similarity score, the correlation similarity (CS)
is calculated by Equation (16) [9]:

(16) CorrelationSimilarity(CS) =
1

2
(2− CD)

The Pearson Correlation Distance (CD) takes values in the range 0 to 2, where
CD = 0 indicates maximum similarity between the sets X and Z [9]. The
resulting CS matrix defines the edge weights in the bipartite graph, which
serves as the input to the Hungarian algorithm used for maximum matching.
The PCC is scale-invariant because it is computed based on the mean and
variance, making it robust to changes in measurement units. Given the presence
of variance in both X and Z, PCC is an appropriate metric for comparing the
original and transformed feature sets. Figure 4 demonstrates how effectively
the PCC captures linear relationships between the orthogonal features in Z
and the original features in X.

3.3. Constructing the Weighted Bipartite Graph Matching. In the
third step of the proposed UFSOLPP algorithm, a weighted bipartite graph
is constructed by considering the original features X = {x1, x2, x3, . . . , xn} and
the transformed features Z = {z1, z2, z3, . . . , zn} as two disjoint sets, each con-
taining n features. These sets form the two partitions of the graph, with edges
between them weighted according to a similarity measure. Similarity evalua-
tion between features is a fundamental task in many domains, particularly in
image processing. Graph-based representations provide an effective framework
for modeling objects and capturing complex relationships among them [39].

A graph is typically represented as G = (V,E), where V denotes the set of
vertices and E denotes the set of edges connecting pairs of vertices. A graph
G = (V,E) is considered a bipartite graph if its vertex set V can be divided into
two disjoint subsets, A and B, such that no edge exists between vertices within
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Algorithm 1 OLPP Algorithm

Input: Training data (X), X ∈ Rm×n.
Output: n optimal orthogonal features preserving the locality structure.
[1] Begin Step 1: Apply PCA Apply PCA to the training data X Store all
eigenvectors in matrix ¶PCA ∈ Rn×n Step 2: Construct an adjacency
graph Construct an adjacency graph using the original features Compute
weight matrix W ∈ Rm×m for graph edges using Equation (1) Step 3:
Compute Laplacian matrix Compute diagonal matrix D ∈ Rm×m using
Equation (2) Compute the Laplacian matrix L ∈ Rm×m as L = D −W Step
4: Solve eigenvalue problem Solve the eigenvalue problem in Equation (9)
Store eigenvectors in matrix E1 Step 5: Compute projection matrix
COMPUTE projection matrix U1 as the product of PPCA (n× n) and
E1 (n×m) Step 6: Project original data Project original data into a new
feature space using Z = U1X

′ Z END

the same subset [9]. The problem of graph matching, which aims to find an
optimal correspondence between the vertices of two graphs, has received signif-
icant attention [39]. This problem involves selecting a subset of edges such that
no two edges share a common vertex, with the objective of either maximizing
similarity or minimizing discrepancies.
As previously mentioned, the two sets of original features and orthogonal fea-
tures form the two partitions of a weighted bipartite graph. The weight of each
edge is defined by the Pearson correlation coefficient between the connected
features. Consequently, the weighted bipartite graph is defined as G = (V,E),
where V = X ∪ Z and E is the set of edges between them.
A matching is a subset M ⊆ E, such that for any two edges e, e′ ∈M , it holds
that e 6= e′ and e ∩ e′ = ∅. A vertex not incident to any edge in M is called
unmatched, and a perfect matching occurs when every vertex is matched to
exactly one other vertex [9]. Two important definitions related to matching
are as follows:
Definition 1: A maximum matching M in a graph is a matching with the
maximum weight among all possible matchings [40].
Definition 2: An alternating path is a path in which the edges alternate be-
tween being part of the matching M and not being in M . An augmenting
path is an alternating path that can increase the size of the current matching.
It starts and ends at unmatched vertices, with intermediate vertices possibly
matched or unmatched. The existence of an augmenting path indicates that
the current matching is not maximal, and by swapping edges along this path, a
larger matching can be obtained. When no augmenting path exists, the current
matching is considered maximum (Berge, 1957) [40,41].
In this work, the objective is to find a maximum weight matching in the con-
structed bipartite graph, where edge weights are determined by Pearson corre-
lation coefficients between original and transformed features. Given the high
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Figure 5. The weighted maximum matching on the bipartite
graph is indicated by the thick edges [44].

dimensionality of the feature space, the problem is formulated in matrix form
to maximize the total sum of the selected edge weights. To solve this efficiently,
the Hungarian algorithm (also known as the Kuhn-Munkres algorithm) is em-
ployed [9,42]. The Hungarian algorithm is a well-known method for solving the
maximum weight bipartite matching problem. It iteratively searches for aug-
menting paths and updates the matching M until no more augmenting paths
exist. In this study, the augmenting path algorithm is used to identify a vertex
cover Q that is equal in size to the bipartite graph G(u, v) and corresponds to
the matching M . The total weight of the matching M , defined as the sum of
the weights of its edges, is computed using Equation (17) [43]:

(17) w(M) =
∑
e∈M

w(e)

Figure 5 illustrates an example of a maximum-weight matching in a bipar-
tite graph. Once the weighted bipartite graph is constructed, the Hungarian
algorithm is applied to obtain an optimal perfect matching. The Hungarian
algorithm improves the matching process by utilizing the augmenting path
method. To enhance the current matching M on graph G, an augmenting path
is initially identified. The matching is then expanded by replacing the edges of
M with the edges of the augmenting path, which belong to E−M . This results
in a new matching, M ′, that is larger than M [9]. The algorithm begins with
an initial matching M = ∅. At each iteration, a directed graph D = (X∪Z,E′)
is constructed, where E′ includes edges in M , directed from X to Z, and edges
from E−M , directed from Z to X. If P is the augmenting path in the current
matching M , then M ′ = M∆P = (M − P ) ∪ (P −M) . Equation (18) defines
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the corresponding weight update or matching condition:

(18)

W (M ′) = W (M)−W (P ∩M) +W (P −M) = W (M)− l(P )

l(P ) = W (P ∩M)−W (P −M)

|M ′| = |M |+ 1

Let P represent the M -augmenting path, W denotes the total weight, and l(P )
indicates the length of the path P . The dual problem of matching is the vertex
cover problem. In a graph G = (V,E), a vertex cover is a subset C ⊆ V such
that every edge in G has at least one endpoint in C. This ensures that all edges
in G are covered by the vertices in C. According to König’s matching theorem,
for any bipartite graph G = (V,E), the size of a maximum matching equals
the size of a minimum vertex cover [9]. Two key concepts in the Hungarian
algorithm are the equality graph and labeling:
1. Equality Graph: An equality graph is derived from the cost matrix (the
CS matrix from step 2). It includes edges whose weights become zero after
row and column reductions. This graph forms the foundation for identifying a
perfect matching.
2. Labeling: Labeling or vertex cover involves assigning values to rows and
columns of the cost matrix in such a way that the resulting equality graph
contains zero-weight edges. These labels are iteratively updated to enable and
improve the construction of an optimal matching.
Let function l : V → R denote a vertex labeling. A labeling is considered
feasible if it satisfies the condition described in Equation (19). Based on this
labeling, the equality graph G = (V,El) is defined as shown in Equation (20)
[45].

(19) l(z) + l(x) ≥ w(z, x), ∀x ∈ X, z ∈ Z

(20) El = {(y, x) : l(y) + l(x) = w(x, y)}

Equation (20) states that an edge (y, x) belongs to the equality graph G(u, v) if
and only if the sum of the labels l(y) and l(x) of vertices y and x, respectively,
is equal to the weight w(x, y) of the edge connecting them. The equality graph
is then used to identify a perfect matching by selecting edges that satisfy this
condition. According to the Kuhn–Munkres theorem, ifM is a perfect matching
in the equality graph El and l is a feasible labeling, then M is a maximum
weighted matching [45]. Algorithm 2 outlines the step-by-step procedure of the
Hungarian algorithm for solving the maximum-weight matching problem using
a matrix-based representation. Finally, the Hungarian algorithm is applied to
the CS matrix obtained in Step 2. By iteratively updating vertex labels and
constructing equality graphs, the Hungarian algorithm identifies an optimal set
of matched features. The selected features, corresponding to the vertices in X,
are then used for classification using a k-nearest neighbors (KNN) classifier.
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3.4. The proposed UFSOLPP algorithm. Algorithm 3 outlines the step-
by-step process of the proposed UFSOLPP algorithm. To aid comprehen-
sion, Figure 6 illustrates each step of the UFSOLPP algorithm using a sample
dataset. The bolded numbers in the figure indicate the features selected by the
method.

4. RESULTS

This section presents a comparative evaluation of the proposed UFSOLPP
method in comparison with eight well-known unsupervised feature selection
algorithms, namely UFSPCA-2022 [9], AEFS-2018 [20], DGUFS-2018 [21],
SCEFS-2021 [22], SCAFS-2021 [22], RSR-2015 [23], SRCFS-2019 [24], and
URAFS-2018 [25]. All algorithms were tested on five widely used image
datasets: Jaffe, Yale, ORL, COIL-20, and pixraw10P. Experiments were con-
ducted using MATLAB R2018b on a system equipped with an Intel Core i7
processor, 8 GB of RAM, and Microsoft Windows 10.

4.1. Datasets description. To evaluate the performance of the proposed
UFSOLPP method against the eight aforementioned algorithms, experiments
were conducted on five benchmark image datasets. A summary of these
datasets is provided in Table 1. The datasets are described as follows:
JAFFE [46]: Contains facial expression images of Japanese female subjects.
Yale [46]: Consists of 165 grayscale facial images of 15 individuals in GIF
format. ORL [47]: Includes facial images of 40 individuals with variations in
expressions and facial details. Pixraw10P [47]: Comprises face images captured
under varying lighting conditions. COIL-20 dataset [48]: Contains images of
20 different objects, each captured from multiple viewpoints.

4.2. Classifier. Classification plays a crucial role in big data analysis, data
science, and machine learning. In this study, the K-Nearest Neighbors (KNN)
classifier was used to evaluate the performance of the selected features on the
test data samples. KNN is widely recognized for its simplicity and effectiveness.
As a nonparametric algorithm, it classifies test samples by measuring their
distances to training samples, making it particularly suitable for classification
tasks in big data scenarios [49]. The core principle of KNN is that a test sample
is likely to belong to the same class as its nearest neighbors in the feature
space [50]. To predict the class label of a new sample, KNN identifies the
k nearest neighbors in the training dataset using a specified distance metric
and assigns the most frequent class label among these neighbors to the new
sample [9]. In this study, the value of k was set to 5.
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Algorithm 2 Algorithm 2: The Hungarian Algorithm to find the
maximum weight bipartite graph matching

Input: n-by-n correlation similarity (CS) matrix, n is the number of features.
Output: Optimal solution: n index of features that have maximum total
weight matching. [1] BEGIN
// Step 1: Initialize labels FOR each row i in set X DO u[i] ← max(CS[i][j])
for all j END FOR FOR each column j in set Z DO v[j]← 0 END FOR
// Step 2: Construct initial equality subgraph G(u, v) WHILE no perfect
matching M exists in the equality subgraph DO

// Step 3: Cover zeros in CS using a minimum number of lines
Construct matching M on zero entries of CS IF M is perfect THEN
BREAK END IF

// Step 4: Identify uncovered rows R and uncovered columns T
Determine sets R and T (uncovered rows and columns)

// Step 5: Adjust matrix using the smallest uncovered value ε ε←
minimum uncovered value in CS

FOR each i ∈ R DO FOR j = 1 to n DO
CS[i][j]← CS[i][j]− ε END FOR END FOR

FOR each j ∈ T DO FOR i = 1 to n DO CS[i][j]← CS[i][j] + ε
END FOR END FOR
END WHILE
RETURN M END

Algorithm 3 Proposed UFSOLPP Algorithm

Input: Training dataset X ′ ∈ Rn×m.
Output: Indices of selected features and total maximum weight
Begin Calculate new features Z ∈ Rn×m using Algorithm 1

Fori = 1 to n Forj = 1 to n Compute Pearson Correlation Distance
CD ∈ Rn×n using pdist2(X ′, Z, ’correlation’) Calculate Correlation
Similarity CS ∈ Rn×n as:

CS =
2− CD

2
End For End For Construct a Weighted Bipartite Graph G = (V,E) based
on the CS matrix Apply the Hungarian Algorithm on the CS matrix to
obtain selected feature indices C and total maximum weight T using
Algorithm 2 Return: Selected feature indices C ∈ R1×n and total maximum
weight T END

Table 1. Details of the datasets.

Dataset # Samples # Features # Classes Domain
Jaffe 213 676 7 Image, face
Yale 165 1024 15 Image, face
ORL 400 1024 40 Image, face
COIL-20 1440 1024 20 Image, object
Pixraw10P 100 10000 10 Image, face
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Figure 6. Step-by-step solution of an example using the pro-
posed UFSOLPP algorithm.

4.3. Performance Evaluation Criteria. In this study, five performance
metrics were used to evaluate the effectiveness of the proposed UFSOLPP
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method compared to the eight aforementioned methods. These metrics in-
clude Accuracy, Recall, Precision, Normalized Mutual Information (NMI), and
F-measure. A brief overview of each criterion is provided below. In all met-
rics, True Positives (TP) and True Negatives (TN) refer to the correctly clas-
sified positive and negative samples, respectively. Conversely, False Positives
(FP) and False Negatives (FN) refer to misclassified positive and negative sam-
ples [9].
Accuracy: The proportion of correctly classified instances out of all instances.
It is defined as Equation (21) [51]:

(21) Accuracy =
TN + TP

TN + FN + TP + FP

Precision: The proportion of correctly predicted positive samples among all
samples predicted as positive (Equation 22) [9]:

(22) Precision =
TP

TP + FP

Recall, also known as Sensitivity or True Positive Rate: The proportion of
correctly predicted positive samples out of all actual positive samples (Equation
23) [9]:

(23) Recall =
TP

TP + FN

F-measure (or F1-score): A harmonic mean of Precision and Recall, pro-
viding a balanced measure (Equation 24) [9]:

(24) F -measure =
TP

TP + 1
2 (FP + FN)

Normalized Mutual Information (NMI) [9]: Measures the similarity be-
tween predicted and actual class labels, accounting for entropy in both sets. It
is computed using Equations (25-27). Where MI(Y , X) is mutual information
between labels, and H(Y ) and H(X) denote their respective entropies:

(25) H(Y ) = −E[log p(y)] = −
∑

y
p(y) log p(y)

Here, p (y) represents the probability of occurrence of the i-th class. NMI
quantifies the mutual information between the predicted and actual class labels
while considering the uncertainty associated with each label set. The (MI) for
Y and X is calculated by Equation (26) [9].

(26) I(X;Y ) = H(X)−H(X | Y )

The entropies of Y and X are denoted by H(Y ) and H(X), respectively. NMI
is calculated using Equation (27).

(27) H(Y ) = −E[log p(y)] = −
∑

y
p(y) log p(y)
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NMI values range between 0 and 1. A value of 0 indicates no mutual informa-
tion (complete disagreement), while a value of 1 indicates perfect agreement [9].

In all evaluations, the performance of the proposed UFSOLPP method is
compared with the baseline methods using 30 independent runs for each algo-
rithm on each dataset. For each run, the dataset is randomly split: 70% of the
samples for training and 30% for testing, ensuring statistical robustness.

In each run, algorithms select the top-m most representative features, where
m ranges from 10 to 100 in increments of 10. The k-nearest neighbor (KNN)
classifier is then applied to these selected features.

Figures 6–10, the horizontal axis represents the number of selected features,
ranging from 10 to 100 in steps of 10, showing how classification performance
changes with different feature subset sizes.

To compare methods statistically, the Wilcoxon signed-rank test [5] is ap-
plied. This nonparametric test evaluates pairwise differences in performance
across all runs. For each pair of methods, the comparison result is denoted as
follows:

• “+” : UFSOLPP performs significantly better
• “−” : UFSOLPP performs significantly worse
• “≈” : No significant difference

Figure 7 illustrates the accuracy results of UFSOLPP versus state of the art
methods across the five datasets. As shown, UFSOLPP consistently delivers
superior performance, especially on the Yale and ORL datasets, which contain
complex nonlinear facial structures. Its ability to preserve intrinsic geometry
significantly contributes to its high classification performance. Notably, on the
high dimensional Pixraw10P dataset (10,000 features), UFSOLPP achieves over
80% accuracy, demonstrating its robustness and efficiency in handling noisy,
high dimensional data.
Overall, the results confirm that UFSOLPP is highly effective in capturing
meaningful features, maintaining stability across datasets, and enhancing clas-
sification performance, especially in nonlinear and high-dimensional scenarios.

Figure 8 presents the average precision performance of the proposed UF-
SOLPP algorithm compared to other unsupervised feature selection methods.
The results clearly demonstrate that UFSOLPP consistently achieves the high-
est precision on ORL, Yale, and Jaffe datasets, all of which exhibit nonlinear
manifold structures resulting from variations in facial expressions and poses.
This outcome highlights the algorithm’s effectiveness in identifying the most
relevant and discriminative features in such complex scenarios. Notably, UF-
SOLPP also performs exceptionally well on the high-dimensional Pixraw10P
dataset. Despite its complexity, the proposed UFSOLPP method consistently
ranks among the top-performing methods, achieving first or second place across
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(a) Jaffe (b) Yale

(c) ORL (d) COIL-20

(e) pixraw10P

Figure 7. Average Accuracy Comparison of UFSOLPP with
Other Methods across Five Datasets
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(a) Jaffe (b) Yale

(c) ORL (d) COIL-20

(e) pixraw10P

Figure 8. Average Precision Comparison of UFSOLPP with
Other Methods across Five Datasets
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multiple feature subset sizes. These results demonstrate UFSOLPP’s robust-
ness in high-dimensional spaces and its ability to retain precision while avoid-
ing the selection of irrelevant or noisy features. Overall, the findings confirm
the adaptability and effectiveness of UFSOLPP in processing both facial and
non-facial image datasets with diverse structural properties, reinforcing its su-
periority over existing methods.

Figure 9 depicts the average recall performance of the proposed UFSOLPP
algorithm in comparison with other unsupervised feature selection methods
across five datasets. As shown, UFSOLPP consistently achieves strong re-
call, particularly on facial image datasets such as Jaffe and ORL. On the Jaffe
dataset, it attains the highest recall of 0.9604, outperforming UFSPCA (0.9544)
and URAFS (0.9158), highlighting its superior capability in capturing a broader
set of relevant features amid facial expression variations. Similarly, for the ORL
dataset, UFSOLPP achieves a recall of 0.6811, exceeding UFSPCA (0.6647)
and URAFS (0.6035), which underscores its effectiveness in handling datasets
with more classes and complex facial structures. While on the COIL20 and
Pixraw10P datasets, UFSPCA slightly outperforms UFSOLPP, still maintains
competitive recall scores (0.9230 and 0.8865, respectively), demonstrating ro-
bustness even in object image data and high-dimensional feature spaces. These
results confirm UFSOLPP’s strength in selecting a broader set of relevant fea-
tures from nonlinear manifold structures across diverse datasets.

Figure 10 illustrates the average F-measure performance of the proposed
UFSOLPP algorithm compared to other unsupervised feature selection meth-
ods across five benchmark datasets. The F-measure, which balances precision
and recall, is a key indicator of the algorithm’s overall effectiveness in select-
ing relevant features while minimizing both false positives and false negatives.
UFSOLPP achieves the highest F-measure on facial image datasets such as
Jaffe (0.9602) and ORL (0.6832), reflecting its effectiveness in handling non-
linear relationships and subtle variations in facial expressions and structures.
On the Yale dataset, UFSOLPP also performs best (0.4729), demonstrating
its robustness in handling variations in lighting, pose, and expression. More-
over, UFSOLPP maintains strong F-measure values on non-facial datasets like
COIL20 (0.9277) and Pixraw10P (0.8855), indicating its adaptability to high-
dimensional object image data. These results highlight UFSOLPP’s overall
versatility and effectiveness across both facial and general image datasets.

Figure 11 illustrates the average Normalized Mutual Information (NMI) ob-
tained by the proposed UFSOLPP algorithm across five datasets. The results
highlight UFSOLPP’s strong capability in selecting relevant features for unsu-
pervised learning, particularly on facial image datasets such as Yale and ORL.
Additionally, its competitive performance on the COIL20 object image dataset
demonstrates the algorithm’s adaptability to non-facial domains. These find-
ings confirm UFSOLPP’s robustness in handling datasets with nonlinear man-
ifolds and high dimensionality.
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(a) Jaffe (b) Yale

(c) ORL (d) COIL-20

(e) pixraw10P

Figure 9. Average Recall Comparison of UFSOLPP with
Other Methods across Five Datasets
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(a) Jaffe (b) Yale

(c) ORL (d) COIL-20

(e) pixraw10P

Figure 10. Average F-measure Comparison of UFSOLPP
with Other Methods across Five Datasets
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(a) Jaffe (b) Yale

(c) ORL (d) COIL-20

(e) pixraw10P

Figure 11. Average NMI Comparison of UFSOLPP with
Other Methods across Five Datasets
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Table 2 summarizes the average classification accuracy of the proposed UF-
SOLPP algorithm in comparison with several state of the art unsupervised
feature selection methods across five benchmark datasets: Jaffe, Yale, ORL,
COIL20, and Pixraw10P. These datasets, particularly those comprising facial
images, exhibit nonlinear manifold structures due to variations in facial ex-
pressions, poses, and illumination. These variations make the feature selection
process significantly more challenging.
• Jaffe Dataset: This dataset includes 213 samples with 676 features across 7
expression-based classes. UFSOLPP achieved the highest accuracy of 0.9568,
outperforming UFSPCA (0.9506) and URAFS (0.9103). This improvement of
0.62% over the next best method highlights UFSOLPP’s superior capacity to
extract highly discriminative features from nonlinear facial manifolds.
• Yale Dataset: With 165 samples, 1024 features, and 15 classes, this dataset
is characterized by more complex facial variations. UFSOLPP attained an ac-
curacy of 0.4560, exceeding UFSPCA (0.4308) and RSR (0.4295) by 2.52% and
2.65%, respectively. These results suggest the proposed method’s robustness in
handling datasets with intricate feature distributions and relatively low inter-
class separability.
• ORL Dataset: This dataset poses a significant challenge due to its 40
class setup. UFSOLPP outperformed all other methods with an accuracy of
0.6467, compared to 0.6171 for UFSPCA and 0.5562 for URAFS. The notable
margin (2.96% over UFSPCA and 9.05% over URAFS) further demonstrates
the algorithm’s effectiveness in selecting discriminative features from complex,
high-dimensional image data.
• COIL20 Dataset: As an object dataset with 1440 samples and 1024
features, COIL20 differs structurally from facial datasets. While UFSPCA
achieved slightly higher accuracy (0.9290) than UFSOLPP (0.9198), the pro-
posed method still ranks among the top-performing algorithms and outperforms
SCEFS (0.2537) and DGUFS (0.3385) by significant margins, demonstrating
adaptability across domains.
• Pixraw10P Dataset: This dataset presents a severe high-dimensional chal-
lenge with 10,000 features and only 100 samples. UFSOLPP achieved an ac-
curacy of 0.8233, slightly lower than UFSPCA (0.8833) but higher than other
methods such as DGUFS (0.4667). Despite the minor drop in performance
compared to UFSPCA, UFSOLPP remains competitive and proves capable of
handling ultra-high-dimensional spaces effectively.

In summary, the proposed UFSOLPP algorithm consistently outperforms
or competes closely with existing methods across all datasets. Its ability to
model nonlinear structures allows it to achieve top results in datasets like Jaffe
and ORL, where facial expressions generate highly curved manifolds. The
Wilcoxon signed-rank test confirms that the observed improvements are statis-
tically significant, further supporting the superiority of UFSOLPP in extract-
ing informative and compact feature subsets from high-dimensional data. The
best-performing results in Table 2 are bolded for clarity.
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Table 2. Average Accuracy Comparison of UFSOLPP with
Other Methods on Five Datasets

Dataset UFSOLPP UFSPCA SCEFS SCAFS AEFS DGUFS RSR SRCFS URAFS
Jaffe 0.9568 0.9506 0.8331 0.8829 0.8459 0.8963 0.8924 0.8987 0.9103
Yale 0.4560 0.4308 0.3273 0.3253 0.2941 0.3170 0.4295 0.3271 0.3523
ORL 0.6467 0.6171 0.3401 0.5444 0.3501 0.3420 0.5602 0.5218 0.5562
COIL20 0.9198 0.9290 0.2537 0.5135 0.7831 0.3385 0.8778 0.7487 0.9254
Pixraw10P 0.8233 0.8833 0.5500 0.8500 0.8033 0.4667 0.7900 0.6567 0.7433
Wilcoxon + + + + + + +

Table 3. Average Precision Comparison of UFSOLPP with
Other Methods on Five Datasets

Dataset UFSOLPP UFSPCA SCEFS SCAFS AEFS DGUFS RSR SRCFS URAFS
Jaffe 0.9600 0.9548 0.8524 0.8913 0.8591 0.9024 0.9019 0.9097 0.9191
Yale 0.4782 0.4599 0.3218 0.3447 0.3086 0.3134 0.4462 0.3415 0.3663
ORL 0.6866 0.6574 0.3670 0.5829 0.3723 0.3763 0.6117 0.5518 0.6104
COIL20 0.9324 0.9363 0.2686 0.5227 0.7917 0.3298 0.8911 0.7503 0.9323
Pixraw10P 0.8847 0.9295 0.4827 0.8540 0.8581 0.4426 0.7668 0.6367 0.8017
Wilcoxon + + + + + + + +

Table 3 presents the average precision achieved by the proposed UFSOLPP
algorithm compared to other unsupervised feature selection methods across five
distinct datasets: Jaffe, Yale, ORL, COIL20, and Pixraw10P. Precision is a vi-
tal metric in evaluating the relevance of selected features, especially in datasets
with nonlinear manifold structures, such as facial image datasets.
• Jaffe Dataset: UFSOLPP achieved the highest precision of 0.9600, sur-
passing UFSPCA (0.9548) and URAFS (0.9191). This result underscores UF-
SOLPP’s superior ability to select relevant features from facial images, which
include variations in expressions, and highlights its effectiveness in capturing
nonlinear manifold structures inherent to facial data.
• Yale Dataset: In this more complex dataset, UFSOLPP achieved a pre-
cision of 0.4782, outperforming UFSPCA (0.4599) and RSR (0.4462). This
demonstrates the algorithm’s capability to handle larger feature spaces and
complex facial variations, further validating its robustness in high-dimensional
datasets.
• ORL Dataset: UFSOLPP achieved a precision of 0.6866, outperforming
UFSPCA (0.6574) and URAFS (0.6104). This higher precision indicates that
UFSOLPP is particularly effective in identifying key features in datasets with
a larger number of classes and more complex facial structures.
• COIL20 Dataset: On this object image dataset, UFSOLPP attained a
precision of 0.9324, which is slightly lower than UFSPCA (0.9363) but still
superior to other methods like SCEFS (0.2686) and DGUFS (0.3298). This
demonstrates the versatility of UFSOLPP, which excels beyond facial image
data by effectively handling object datasets.
• Pixraw10P Dataset: With 10,000 features, this high-dimensional dataset
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presented a significant challenge. UFSOLPP achieved a precision of 0.8847,
slightly lower than UFSPCA (0.9295) but outperforming algorithms like
SCAFS (0.8540) and AEFS (0.8581). This result further emphasizes UF-
SOLPP’s strong feature selection capability, even in the context of very high-
dimensional datasets.

In summary, the proposed UFSOLPP algorithm consistently outperforms or
matches other methods in precision across various datasets, particularly ex-
celling in facial image datasets such as Jaffe and ORL. These results highlight
the algorithm’s effectiveness in selecting relevant features from nonlinear mani-
folds, particularly in high-dimensional data. The Wilcoxon test results reinforce
the significance of UFSOLPP’s improvements in precision over other methods.
The best results in Table 3 are highlighted for clarity.

Table 4. Average Recall Comparison of UFSOLPP with
Other Methods on Five Datasets

Dataset UFSOLPP UFSPCA SCEFS SCAFS AEFS DGUFS RSR SRCFS URAFS
Jaffe 0.9604 0.9544 0.8434 0.8845 0.8558 0.9025 0.8999 0.9032 0.9158
Yale 0.4725 0.4566 0.3463 0.3516 0.3121 0.3328 0.4512 0.3509 0.3738
ORL 0.6811 0.6647 0.3819 0.5916 0.3951 0.3846 0.6199 0.5767 0.6035
COIL20 0.9230 0.9303 0.2487 0.5115 0.7848 0.3330 0.8792 0.7484 0.9265
Pixraw10P 0.8965 0.8992 0.5433 0.8400 0.8310 0.5195 0.8010 0.7132 0.8169
Wilcoxon + + + + + + + +

Table 4 presents the average recall achieved by the proposed UFSOLPP
algorithm, compared with other unsupervised feature selection methods across
five datasets: Jaffe, Yale, ORL, COIL20, and Pixraw10P. Recall is a criti-
cal metric for assessing the algorithm’s ability to select all relevant features,
particularly in complex, high-dimensional datasets characterized by nonlinear
manifold structures.
• Jaffe Dataset: UFSOLPP achieved the highest recall of 0.9604, outperform-
ing UFSPCA (0.9544) and URAFS (0.9158). This superior recall emphasizes
UFSOLPP’s ability to capture a broader set of relevant features, especially in
the context of the nonlinear facial expression variations in the Jaffe dataset.
• Yale Dataset: UFSOLPP attained a recall of 0.4725, surpassing UFSPCA
(0.4566) and RSR (0.4512). This result indicates the algorithm’s robustness in
managing complex facial variations in the Yale dataset, which includes changes
in lighting, expressions, and pose factors that typically challenge feature selec-
tion.
• ORL Dataset: UFSOLPP achieved a recall of 0.6811, outperforming UF-
SPCA (0.6647) and URAFS (0.6035). This high recall score demonstrates UF-
SOLPP’s effectiveness in selecting a larger portion of relevant features, even
in datasets that contain a greater number of classes and more intricate facial
variations.
• COIL20 Dataset: For the COIL20 object image dataset, UFSOLPP
achieved a recall of 0.9230, slightly lower than UFSPCA (0.9303), but still
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outperforming other algorithms like SCEFS (0.2487) and DGUFS (0.3330).
This result illustrates UFSOLPP’s ability to effectively select relevant features
in both facial and object image datasets.
• Pixraw10P Dataset: In this high-dimensional dataset with 10,000 features,
UFSOLPP achieved a recall of 0.8865, slightly lower than UFSPCA (0.8992),
but significantly outperforming other methods like SCAFS (0.84) and AEFS
(0.8310). Despite the high-dimensional space, UFSOLPP shows its strength in
efficiently selecting the majority of relevant features.

In conclusion, the proposed UFSOLPP algorithm demonstrates strong recall
performance across multiple datasets, particularly in facial image datasets like
Jaffe and ORL, where capturing nonlinear relationships is essential. The al-
gorithm’s ability to achieve high recall scores indicates that it can effectively
select a comprehensive set of relevant features in both high-dimensional and
complex datasets. The Wilcoxon test results further confirm that UFSOLPP
consistently outperforms other algorithms in terms of recall, solidifying its ef-
fectiveness for feature selection in manifold-based data structures. The best
results in Table 4 are highlighted for clarity.

Table 5. Average F-measure Comparison of UFSOLPP with
Other Methods on Five Datasets

Dataset UFSOLPP UFSPCA SCEFS SCAFS AEFS DGUFS RSR SRCFS URAFS
Jaffe 0.9602 0.9546 0.8476 0.8877 0.8572 0.9024 0.9008 0.9063 0.9173
Yale 0.4729 0.4562 0.3289 0.3483 0.3069 0.3186 0.4436 0.3442 0.3664
ORL 0.6832 0.6617 0.3706 0.5897 0.3837 0.3787 0.6200 0.5671 0.6043
COIL20 0.9277 0.9333 0.2568 0.5169 0.7881 0.3309 0.8851 0.7492 0.9294
Pixraw10P 0.8855 0.9140 0.5063 0.8467 0.8441 0.4774 0.7833 0.6723 0.8088
Wilcoxon + + + + + + + +

Table 5 presents the average F-measure values for the proposed UFSOLPP
algorithm in comparison with several other unsupervised feature selection
methods across five benchmark datasets. The F-measure, which harmonizes
precision and recall, serves as a crucial metric for assessing the overall perfor-
mance of feature selection algorithms, particularly in datasets characterized by
nonlinear structures such as facial images.
• Jaffe Dataset: UFSOLPP achieved the highest F-measure (0.9602), out-
performing UFSPCA (0.9546) and URAFS (0.9173). This result indicates that
UFSOLPP is highly effective in balancing precision and recall by selecting rel-
evant features while minimizing false positives and false negatives, especially
in datasets with facial expression variations.
• Yale Dataset: On the Yale dataset, UFSOLPP attained an F-measure of
0.4729, surpassing UFSPCA (0.4562) and RSR (0.4436). Given the complex-
ity of this dataset featuring variations in lighting, pose, and facial expression,
UFSOLPP’s performance reflects its robustness in identifying features that
capture these subtle differences.
• ORL Dataset: With an F-measure of 0.6832, UFSOLPP outperformed
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UFSPCA (0.6617) and URAFS (0.6043). This high score demonstrates the al-
gorithm’s effectiveness in managing the trade-off between precision and recall
in datasets with a large number of facial classes and structural variations.
• COIL20 Dataset: UFSOLPP achieved an F-measure of 0.9277, which is
slightly lower than UFSPCA (0.9333) but notably higher than methods such as
SCEFS (0.2568) and DGUFS (0.3309). This outcome showcases UFSOLPP’s
adaptability and strong performance not only in facial image datasets but also
in object recognition tasks.
• Pixraw10P Dataset: UFSOLPP obtained an F-measure of 0.8855, slightly
below UFSPCA (0.9140), yet it significantly outperformed SCEFS (0.5063)
and SCAFS (0.8467) and other methods compared. Despite the high dimen-
sionality and complexity of this dataset, UFSOLPP maintained competitive
performance, underlining its efficiency in selecting informative features.
Overall, the proposed UFSOLPP algorithm demonstrates consistently high F-
measure values across diverse datasets, particularly excelling in facial image
datasets like Jaffe and ORL, where capturing nonlinear patterns is crucial.
By achieving strong performance across both facial and object image datasets,
UFSOLPP suggests that a robust and versatile feature selection method. Fur-
thermore, the Wilcoxon test results statistically validate its superiority in terms
of F-measure, confirming its capability in selecting relevant features from high-
dimensional and complex data distributions.

Table 6. Average NMI Comparison of UFSOLPP with Other
Methods on Five Datasets

Dataset UFSOLPP UFSPCA SCEFS SCAFS AEFS DGUFS RSR SRCFS URAFS
Jaffe 0.9384 0.9224 0.8197 0.8791 0.8728 0.8844 0.8827 0.9203 0.8932
Yale 0.6363 0.6359 0.6491 0.5300 0.5567 0.6191 0.6368 0.5617 0.5599
ORL 0.8356 0.8337 0.7102 0.8070 0.7031 0.6901 0.7765 0.7807 0.7736
COIL20 0.9264 0.9518 0.4362 0.6314 0.6979 0.5023 0.8448 0.8155 0.9303
Pixraw10P 0.8557 0.8608 0.7195 0.8305 0.8421 0.7230 0.8582 0.9296 0.8244
Wilcoxon + + + + + + + +

Table 6 presents the average Normalized Mutual Information (NMI) for
the proposed UFSOLPP algorithm, comparing it’s performance with several
other unsupervised feature selection methods across five datasets. NMI quan-
tifies the agreement between predicted and true class labels, making it a critical
metric for evaluating feature selection effectiveness in unsupervised learning.
Jaffe Dataset: UFSOLPP achieved the highest NMI score of 0.9384, out-
performing UFSPCA (0.9224) and other competing algorithms. This result
reflects UFSOLPP’s strength in preserving the intrinsic relationships among
facial expressions in a nonlinear manifold space.
Yale Dataset: UFSOLPP obtained an NMI of 0.6363, slightly better than UF-
SPCA (0.6359) and closely matching RSR (0.6368). Given the Yale dataset’s
complexity, stemming from variations in lighting, pose, and expression, this
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performance demonstrates the algorithm’s robustness under challenging condi-
tions.
ORL Dataset: With an NMI of 0.8356, UFSOLPP outperformed several
methods, including SCEFS (0.7102) and AEFS (0.7031), highlighting its ability
to identify discriminative features across classes with diverse facial structures.
COIL20 Dataset: UFSOLPP achieved an NMI of 0.9264, slightly below UF-
SPCA (0.9518), yet significantly better than SCEFS (0.4362) and DGUFS
(0.5023). This indicates that UFSOLPP generalizes well to object image
datasets, demonstrating flexibility beyond facial image domains.
Pixraw10P Dataset: On this high-dimensional dataset (10,000 features),
UFSOLPP obtained an NMI of 0.8557, closely comparable to UFSPCA (0.8608)
and superior to AEFS (0.8421) and SCEFS (0.7195). The result confirms the
method’s ability to extract relevant features despite the data’s dimensional
complexity.
Overall, UFSOLPP consistently achieved high NMI values across all datasets,
confirming its effectiveness in preserving mutual information between selected
features and class distributions. These results are particularly significant in
datasets with nonlinear structures, such as facial image datasets with varying
expressions and poses. The Wilcoxon test further validates that UFSOLPP
significantly outperforms other methods in terms of NMI, reinforcing its relia-
bility and generalizability. The best results in Table 6 are highlighted in bold.

The UFSPCA algorithm is fundamentally based on the classical Principal
Component Analysis (PCA), which aims to reduce data dimensionality by pre-
serving the maximum variance within the dataset. In essence, PCA extracts
orthogonal principal components that represent the directions of highest vari-
ance. However, this process generally overlooks the local and neighborhood
structure of the data in the original feature space. This limitation becomes
critical when dealing with complex, nonlinear data manifolds such as face im-
ages, where preserving intrinsic geometric and local relationships is essential
for effective feature representation.
In contrast, the Orthogonal Locality Preserving Projections (OLPP) algorithm
extends the advantages of PCA by incorporating the preservation of local data
structures. OLPP first applies PCA to project the data into a new space
and then constructs an adjacency graph to model the local neighborhood re-
lationships among samples. By computing the graph Laplacian and solving a
corresponding eigenvalue problem, OLPP generates projections that preserve
the locality structure of the data in the new feature space. This approach
enables OLPP to maintain not only global variance but also important local
geometric features, which are often lost in PCA alone. The proposed UFSOLPP
method effectively combines these two algorithms, leveraging PCA’s ability to
extract orthogonal features while simultaneously utilizing OLPP’s capacity to
preserve local manifold structure. This synergy allows UFSOLPP to select
highly informative and non-redundant features that better capture the intrin-
sic geometry of the data. Empirically, this combination results in superior
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feature selection performance, particularly in high-dimensional and complex
datasets such as Yale and ORL, where UFSOLPP consistently outperforms
UFSPCA. By ensuring that the selected features reflect both the global vari-
ance and local relationships, UFSOLPP enhances classification accuracy and
robustness, demonstrating improved discriminative power and generalizability
compared to methods relying solely on PCA. Based on the experimental re-
sults, the proposed UFSOLPP method consistently achieves either the best or
second-best performance across five benchmark image datasets. These empiri-
cal findings clearly indicate the superiority of UFSOLPP in comparison to eight
state of the art algorithms. In addition to enhancing classification accuracy,
UFSOLPP demonstrates strong robustness in handling high-dimensional and
nonlinear data distributions, thereby establishing its effectiveness as an unsu-
pervised feature selection method in complex learning scenarios.

The results obtained from the proposed method demonstrate its strong ca-
pability in selecting effective features from high-dimensional data with com-
plex nonlinear structures. These characteristics enable broad applicability in
real-world problems, particularly in areas such as face recognition systems in
security applications, image retrieval in multimedia databases, and analysis of
biological and medical data, which often involve noisy and correlated features.
Moreover, the ability to preserve local data structures and select distinctive
features without relying on class labels enhances the method’s utility in unsu-
pervised scenarios, commonly encountered in practical applications. Therefore,
the findings of this study hold significant theoretical and practical implications
for the analysis of complex, high-dimensional datasets.

4.4. Computational Complexity. This section presents the computa-
tional complexity analysis of the proposed UFSOLPP algorithm. The total
complexity has three core components: Orthogonal Locality Preserving Pro-
jections (OLPP) [31], Pearson Correlation Similarity, and the Hungarian Algo-
rithm. The time complexity of each component is detailed below. The OLPP
component involves an iterative optimization process, with a time complexity
of O (T × m2 × d), where m denotes the number of data samples, d is the
number of features, and T is the number of iterations until convergence. The
Pearson Correlation Similarity component computes the similarity between all
pairs of data points, resulting in a time complexity of O (m2×d) [9]. The Hun-
garian Algorithm is applied to solve the maximum weighted matching problem
in a bipartite graph constructed over the feature space. This step incurs a com-
putational cost of O (d3), where d is the number of features and corresponds to
the dimension of the cost matrix [9]. The overall computational complexity of
the proposed algorithm is obtained by aggregating the individual complexities
of its constituent components, resulting in O (T × m2 × d) + O (m2 × d) +
O (d3). By combining terms and omitting lower-order contributions, the total
complexity can be simplified to O (T × m2 × d + d3).
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4.5. Running Time. Table 7 presents the average execution times (in sec-
onds) of the proposed UFSOLPP method and the comparative algorithms that
achieved higher accuracy in the experimental evaluations across five bench-
mark datasets. The OLPP component in UFSOLPP operates on vectorized
data, where original image matrices are transformed into high-dimensional
vectors. This vectorization leads to a considerable increase in dimensional-
ity, which subsequently raises the computational complexity and simulation
time. Despite this, UFSOLPP demonstrates acceptable runtime efficiency on
most datasets. For instance, on the Pixraw10P dataset, the execution time of
UFSOLPP reaches 67,478 seconds; this can be attributed to the extremely high
dimensionality of this dataset (10,000 features), which poses significant chal-
lenges to most algorithms. In summary, while UFSOLPP incurs higher com-
putational costs due to its use of OLPP and maximum matching, it maintains
a reasonable balance between execution time and selection accuracy, especially
for moderately-sized datasets.

Table 7. Average execution time (in seconds) of the proposed
method UFSOLPP

Dataset UFSOLPP UFSPCA RSR URAFS
Jaffe 4.45 2.75 2.04 4.16
Yale 21.03 10.03 5.65 17.20
ORL 23.54 8.96 6.74 22.58
COIL-20 26.30 8.58 11.71 20.76
Pixraw10P 67478 52550 2546.9 5918.6

4.6. Limitations. Although the proposed UFSOLPP algorithm demon-
strates strong performance in selecting relevant features from high-dimensional
and nonlinear data, it has certain limitations that should be acknowledged.
One of the primary constraints is the computational complexity, particularly
related to the Orthogonal Locality Preserving Projections (OLPP) component
and the Hungarian algorithm used for maximum matching. Specifically, OLPP
involves iterative optimization with a complexity dependent on both the num-
ber of samples and features, while the Hungarian algorithm exhibits cubic time
complexity with respect to the number of features. As a result, when applied
to very large datasets or extremely high-dimensional feature spaces, the algo-
rithm may require substantial computational resources and longer processing
times, which could limit its applicability in real-time or resource-constrained
environments. Future research could investigate optimization strategies or ap-
proximation techniques to reduce computational demands and improve scala-
bility, thereby enhancing its applicability across a broader range of scenarios.
Despite these limitations, the algorithm’s ability to extract orthogonal features,
preserve local structures, and effectively select discriminative features without
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relying on labeled data provides significant benefits, especially in complex un-
supervised learning scenarios.

5. Conclusion

This paper presented the UFSOLPP algorithm, a novel unsupervised fea-
ture selection method that incorporates Orthogonal Locality Preserving Pro-
jection (OLPP) to address the challenges posed by high-dimensional data, par-
ticularly in tasks such as face image classification. By constructing a nonlinear
manifold of the data and extracting orthogonal features that preserve local
structures, UFSOLPP effectively reduces noise and redundancy while enhanc-
ing the discriminative power of the selected features. Furthermore, the incor-
poration of a Weighted Bipartite Graph Matching (WBGM) strategy facilitates
the selection of features that best represent the original data, thereby improv-
ing classification accuracy. The results demonstrate the algorithm’s capability
to efficiently eliminate redundant and noisy features while retaining essential
information that is critical for achieving high classification performance. This
capability is particularly important for datasets characterized by complex re-
lationships and variations, such as facial images, where preserving nonlinear
structures is essential. The versatility of the UFSOLPP algorithm allows its
adaptation to semi-supervised and supervised feature selection tasks by inte-
grating alternative feature extraction techniques such as Linear Discriminant
Analysis (LDA) or Two-Dimensional Linear Discriminant Analysis (2DLDA).
Experimental results on benchmark datasets demonstrated the superior per-
formance of the UFSOLPP algorithm compared to other unsupervised feature
selection methods. Future work may explore the use of evolutionary algorithms
as alternatives to the Hungarian algorithm to further enhance feature selection
efficiency. Additionally, optimization of computational procedures to reduce
overall simulation time will be pursued. Such advancements would strengthen
UFSOLPP’s position as a robust and flexible tool for a broad spectrum of
high-dimensional data analysis and classification tasks.
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