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High-dimensional facial representations often contain redundant local information,
increasing computational cost and weakening the generalization of face recognition
systems. This study proposes a Pareto-guided block-level feature selection framework
based on Multi-Objective Particle Swarm Optimization (MOPSO). Each face image is
partitioned into non-overlapping local blocks, from which Binarized Statistical Image
Features (BSIF) are extracted and further projected using Principal Component Analysis
(PCA) and Linear Discriminant Analysis (LDA). Instead of selecting individual feature
components, each particle represents a candidate subset of facial blocks. The optimization
process simultaneously minimizes the Equal Error Rate (EER) and maximizes Rank-1
identification accuracy, producing a Pareto archive of alternative block combinations with
different verification—identification trade-offs. A nearest-neighbor classifier is then used to
evaluate the selected representations. Experiments were conducted on four benchmark
datasets, namely AT&T, Georgia Tech (GT), AR, and Labeled Faces in the Wild (LFW).
The proposed method achieved strong performance on controlled datasets, including 95.8
+ 0.8% Rank-1 accuracy with 1.98 + 0.22% EER on AT&T, while using only a compact
subset of BSIF block features. The results also show that increasing the number of selected
blocks can improve performance on more challenging unconstrained data, although
performance remains limited under severe pose, illumination, and image-quality variations.
Overall, the findings indicate that Pareto-based block selection offers a compact and
interpretable alternative to full-image feature representations, while preserving flexibility
between verification accuracy and identification performance.

1. INTRODUCTION

and other external factors [3, 4].
A typical face recognition system follows a structured

The rapid growth of biometric technologies has enabled
their widespread adoption in practical applications.
Concurrently, the employed methodologies and the spectrum
of biometric traits have undergone substantial evolution,
propelled by ongoing improvements in acquisition devices.
Consequently, contemporary biometric systems frequently
produce high-dimensional feature representations, thereby
augmenting the intricacy of data processing and management.

Face recognition, a well-established biometric method, has
been widely used, along with iris and fingerprint recognition
[1]. It has been extensively used in various areas, including
surveillance, crime prevention, forensic analysis, access
control, and social media [2]. Despite its growing use, face
recognition systems still face several challenges, such as
changes in head position, facial expressions, lighting, aging,
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pipeline, where acquired images undergo a feature extraction
stage to generate representative descriptors. This stage plays a
central role in distinguishing between individuals by encoding
discriminative facial characteristics.

Many feature descriptors have been introduced in the
literature to improve data representation. However, these
methods often create high-dimensional feature vectors with
redundant or less useful parts. As a result, choosing the most
relevant features is important for better system efficiency and
recognition performance. Optimization techniques are
commonly used to solve this problem because they are flexible
and applicable across different fields.

Optimization techniques are generally divided into single-
objective and multi-objective types. Some well-known multi-
objective algorithms are NSGA-II [5-10], Multi-Objective
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Particle Swarm Optimization (MOPSO) [11], MOEA/D [12],
and the multi-objective Whale Optimization Algorithm [13].

In recent years, recent multi-objective optimization
algorithms, such as the marine predator algorithm, which uses
epsilon-dominance and a Pareto archive mechanism, have also
been developed [14].

This study proposes a face recognition framework based on
MOPSO for selecting discriminative facial blocks.

The objective is to enhance both identification accuracy and
verification performance by identifying the most informative
blocks of the face. The proposed approach also examines
alternative configurations that may improve the selection
process and overall system performance.

The remainder of this paper is organized as follows. Section
2 reviews related work. Section 3 presents the proposed
methodology, including block partitioning, Binarized
Statistical Image Features (BSIF)-based feature extraction,
dimensionality reduction, and MOPSO-based block selection.
Section 4 reports the experimental results on the AT&T
(Formerly ORL), Georgia Tech (GT), AR, and Labeled Faces
in the Wild (LFW) datasets. Section 5 provides a comparative
analysis with existing methods. Section 6 concludes the paper
and outlines future research directions.

The principal contributions of this study are as follows:

This study presents a block-based method to preserve local
facial details while reducing the effects of irrelevant blocks.

A multi-objective framework using MOPSO selects
discriminative block combinations by minimizing Equal Error
Rate (EER) and maximizing Rank-1 accuracy.

The selection of a limited number of blocks, this method
creates a compact set of features, reducing dimensionality
while still maintaining accuracy.

The effectiveness of the method is demonstrated through
extensive experiments on both controlled and unconstrained
datasets.

Existing approaches primarily focus on feature-level
selection and often neglect spatial structure within facial
images. This work addresses this limitation by selecting
discriminative facial blocks instead of individual features.

2. WORK IN THIS AREA

Face recognition systems have been extensively studied,
with many approaches relying on optimization techniques for
feature selection and classification. However, existing
methods often fail to jointly address identification and
verification performance within a unified optimization
framework.

Early works have focused on integrating Particle Swarm
Optimization (PSO) into feature selection processes. For
instance, Khan et al. [15] employed PSO to select relevant sub-
bands from wavelet-based representations, improving feature
extraction efficiency. Tabassum et al. [16] integrated Discrete
Wavelet Transform with Principal Component Analysis
(PCA), Linear Discriminant Analysis (LDA), and
Convolutional Neural Networks (CNN) to enhance
recognition performance. Eleyan [17] investigated the use of
PSO for selecting discriminative features in face recognition
tasks. These approaches demonstrate the effectiveness of
optimization in reducing feature redundancy.

Several hybrid methods have been introduced to combine
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optimization algorithms with classical and machine learning
techniques. Gulshad and Marie-Sainte [18] proposed a
projection pursuit method combined with Support Vector
Machine (SVM) classifiers. Abdulameer et al. [19] developed
an adaptive PSO variant to optimize SVM parameters.
Annamalai [20] combined texture descriptors such as LTP and
BRISK with Firefly Optimization for feature refinement,
followed by classification using Deep Belief Networks.
Revina and Emmanuel [21] introduced a system combining
Whale Grasshopper Optimization with a Multi-Support Vector
Neural Network, using SIFT and SLDP descriptors for feature
extraction. Junior and Yen [22] proposed a PSO-based method
to automatically design CNN architectures. Kalaiarasi and
Rani [23] applied PSO to optimize CNN for face recognition.
Appati et al. [24] applied PCA for dimensionality reduction
followed by PSO-based feature optimization.

Other studies have explored more complex hybrid
frameworks. Subramanian et al. [25] proposed a hybrid fuzzy-
genetic PSO-based optimization approach, while Pati et al.
[26] introduced a gradient-based PSO method for Block-ICA
feature selection.

More recent approaches have incorporated deep learning
models with optimization strategies. Soni et al. [27] introduced
a hybrid framework combining Multi-Verse Optimization
with deep neural networks for feature selection and
classification.

Despite these advances, most existing methods focus on
selecting individual features or optimizing model parameters,
without explicitly considering the spatial structure of the face
image. Only a limited number of studies, such as Chalabi et al.
[1], have explored block-based feature selection strategies.
However, these approaches are generally formulated as single-
objective optimization problems and do not address the trade-
off between verification and identification performance.

This limitation motivates the proposed approach, which
introduces a block-based representation combined with
MOPSO to jointly optimize multiple performance criteria and
better capture discriminative facial blocks.

3. PROPOSED METHODOLOGY

The overall framework of the proposed system is illustrated
in Figure 1 and consists of two main phases: a training phase
and a testing phase.

During the training phase, each input face image is first
partitioned into local blocks. Feature extraction is performed
on each block using Binarized Statistical Image Features,
followed by dimensionality reduction using PCA and LDA.
The resulting feature representations are then provided to the
MOPSO module, where different combinations of blocks are
evaluated. Each candidate solution is assessed based on two
criteria: EER and Rank-1 accuracy. The optimization process
generates a set of non-dominated solutions. The final optimal
block combination is selected and stored as the global best
solution.

During the testing phase, the same preprocessing steps are
applied to the input image. The feature vector is then
constructed using the selected block combination obtained
during training. Finally, classification is performed using a
nearest neighbor classifier to determine the identity of the
input face.
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Figure 1. General diagram for the proposed method

3.1 Block division

As illustrated in Figure 2, a block-based partitioning
strategy is applied as an initial preprocessing step. Each face
image is divided into 16 non-overlapping blocks arranged in a
regular 4 x 4 grid. This representation enables the preservation
of local spatial information by isolating distinct facial blocks
such as the eyes, nose, and mouth.

{4x4) Blocks-

Image

16 Block

Figure 2. Block division illustration

The use of local blocks allows the system to capture
variations that may affect specific blocks of the face, including
illumination changes or facial expressions. Instead of relying
on the entire image, this approach facilitates a more selective
representation by focusing on informative blocks. It also
reduces the influence of less informative areas.

The choice of 16 blocks provides a balance between spatial
detail and computational complexity. A lower number of
blocks may lead to loss of local information, whereas a higher
number increases the dimensionality of the search space
during optimization. Therefore, this configuration ensures an
effective trade-off between representation capability and
optimization efficiency.

In this work, block selection is not performed manually.
Instead, subsets of blocks are automatically selected using an
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optimization process. This allows the model to identify the
most relevant blocks for face recognition. The division scheme
is illustrated in Figure 2.

The number of selected blocks d was empirically set to 4
after preliminary experiments on the AT&T dataset.
Increasing d beyond 4 yielded marginal improvements in
Rank-1 accuracy (less than 1%). However, it doubled the
search space size, while d = 3 caused a drop of about 5%.
Therefore, d = 4 provides a favorable trade-off between
representational power and optimization complexity.

3.2 Feature extraction using Binarized Statistical Image
Features

In this phase, feature extraction is performed independently
on each image block using the BSIF descriptor [28], as
illustrated in Figure 3. BSIF relies on a set of predefined linear
filters to capture local texture information around each pixel.

BSIF feature
extraction

1 2 3 4 r rr
5 6 7 8
9 10 11 12
13 14 15 16
Feature
vectors
Blocks

Figure 3. Feature extraction using Binarized Statistical
Image Features (BSIF) descriptor

Given an image block X of size m X n, each filter @; of size
k X k is convolved with the image to produce a response



value. The filter response is computed as:

r= ) 0,0mmXm,n) (1)

where, @; represents the i-th filter, and i = 1,2, ..., N. With N
denoting the number of statistically independent filters.

Each response 17; is then binarized to generate a binary code
according to the following rule:

1 lf T > 0
i {O otherwise 2)

The binary outputs obtained from all filters are combined to
form a binary string for each pixel. These binary values are
then aggregated into a histogram, which represents the final
feature vector of the block. It encodes local texture
characteristics of the block.

The performance of the BSIF descriptor is mainly
influenced by two parameters: the filter size k and the number
of filters N. In this work, a fixed configuration is used to
ensure consistency across all experiments.

3.3 Dimensionality reduction

After the feature extraction stage, the concatenation of
block-level descriptors results in a high-dimensional feature
vector. This increase in dimensionality may introduce
redundancy and negatively affect classification performance.
To address this issue, a dimensionality reduction step is
applied. It uses a combination of PCA and LDA.

First, PCA is used to project the feature vectors into a lower-
dimensional space by preserving the directions of maximum
variance [29]. This step reduces noise and removes redundant
information while retaining the global structure of the data.

Next, LDA is applied to enhance class separability by
maximizing the between-class variance and minimizing the
within-class variance [30]. This process leads to the
computation of an optimal transformation matrix W, defined
as:

[WTSgW]|

adl 3
[WTSy W] )

Wope = arg max
w

= [W, W, - Wy]

where, Sp and Sw represent the between-class and within-class
scatter matrices, respectively.

The optimal projection matrix W is obtained by solving the
following generalized eigenvalue problem:

S SsWj = Wik, @)
where, A; are the eigenvalues and W; are the corresponding
eigenvectors. The final transformation matrix is constructed
by selecting the leading eigenvectors associated with the
largest eigenvalues.

By combining PCA + LDA, the resulting feature space
becomes both compact and discriminative, which improves
the performance of the subsequent classification stage. The
PCA step retained 98% of the variance, reducing the feature
dimension to approximately 150 components. Then LDA
further reduced the dimension to C-1, where C is the number
of classes (e.g., 39 for AT&T). PCA is first applied to avoid
the small sample size problem before applying LDA.
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Crucially, the PCA and LDA transformation matrices are
computed only on the training set of each fold. The same
transformations are then applied to the test set. No information
from the test set is used during training.

3.4 Particle Swarm Optimization algorithm

SO is a population-based bio-inspired algorithm that
simulates the collective foraging behavior of bird flocks. In
PSO, each candidate solution is represented as a particle
navigating the search space. The goal is to optimize an
objective function [5, 31-38].

Each particle maintains two key pieces of information:

Personal best (Pbest): the best solution found by the particle
itself during the search.

Global best (Gbest): the best solution discovered by the
entire swarm.

During each iteration, particles update their positions and
velocities based on both Pbest and Gbest, allowing the swarm
to explore promising blocks of the search space efficiently.

In the context of the proposed system, each particle
represents a candidate combination of blocks selected from the
partitioned face image. The search space is therefore defined
as all possible combinations of the 16 blocks. Each particle
selects a fixed number of blocks (e.g., 4). The objective of PSO
is to identify the subset of blocks that maximizes recognition
accuracy while minimizing the EER.

3.5 Multi-Objective Particle Swarm Optimization for
block selection

The MOPSO [11] is an extension of the standard PSO
algorithm designed to handle multi-objective optimization
problems. Similar to PSO, MOPSO updates the velocity and
position of particles iteratively. However, unlike single-
objective PSO, it generates a set of Pareto-optimal solutions
rather than a single solution. These solutions are stored in an
external archive, as illustrated in Figure 4.

Initialize the population
velocity, weight, iteration counter
Create an archive

¥

Objective functions
evaluation

l.—

Evaluate the fitness
function of all population

+

Update archive (non-
dominated solution)

‘

Select Pbest
Select Ghest

‘

Update population

¥

Return archive (non-
dominated solution)

Loop for all
iteration

Figure 4. Multi-Objective Particle Swarm Optimization
(MOPSO) flowchart

The MOPSO parameters were set as follows: population



size = 50, maximum iterations = 1000. The inertia weight w =
0.4, acceleration coefficients ¢l = ¢2 = 2.0. The crowding
distance was used to maintain archive diversity, and the
mutation rate was set to 0.1.

To enhance exploration and avoid premature convergence,
a polynomial mutation operator is applied to each particle's
position with probability Pm = 0.1. For each selected particle,
a randomly chosen block index is replaced by a new valid
index sampled uniformly from the set of 16 blocks. This
mutation is applied after the velocity update step.

The overall procedure of the proposed MOPSO-based block
selection is summarized in Algorithm 1.

Algorithm 1. Multi-Objective Particle Swarm Optimization
(MOPSO) for block selection

Input: Feature vectors

*Number of particles N

*Maximum iterations Tmax

*Number of selected blocks d

*Objective functions F1 (EER), F2 (Rank-1)

Output: Optimal subset of blocks

*Pareto archive A (non-dominated block ombinations)
: Initialize particle positions Xi and velocities Vi randomly
: Initialize personal best Pbesti = Xi

: Initialize archive A with non-dominated solutions
t=1

: while t < Tmax do

: for each particle Xi do

: Evaluate objectives F1(X1), F2(Xi)

: Update Pbesti based on dominance

: end for

10: Update archive A using non-dominated sorting
11: Apply crowding distance to maintain diversity

12: for each particle Xi do

13: Select Gbest from archive A

14: Update velocity:

Vi=w-Vi+cl-rl-(Pbesti — Xi) + c2-12-(Gbest — Xi)
15: Update position:

Xi=Xi+ Vi

16: end for

17:t=t+1

18: end while

19: return A

The Gbest is selected from the archive using a crowding-
distance-based roulette wheel or random selection strategy to
maintain diversity.

3.5.1 Dominance concept

A candidate solution s is said to dominate another solution
s’ (denoted s > s') if:

Vi€ {1,2,..,M}:fi(s) < fi(s")

3j €{1,2,..,M}: f;(s) < f;(s")

)
(6)

where, M is the number of objective functions.

The non-dominated set consists of solutions for which no
other solution exhibits dominance within the population.
These solutions form the Pareto front.

3.5.2 Crowding distance

To ensure diversity among solutions, a crowding distance
mechanism is applied to the non-dominated set. The crowding
distance measures the density of solutions surrounding a
particular solution, allowing the algorithm to maintain a well-
distributed Pareto front. Border solutions are assigned an
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infinite distance. While intermediate solutions are evaluated
based on the mean distance to adjacent solutions along each
objective dimension.

Particle initialization and representation

The MOPSO population is initialized using block indices
corresponding to the image partition shown in Figure 2. Each
particle represents a subset of 4 blocks (dimension d = 4).
These blocks are concatenated to form a candidate solution: P
=[bl, b2, b3, b4].

where b; refers to the index of a block in the 16-block grid.
Figure 5 illustrates the particle initialization procedure.

After initialization, each particle’s position and velocity
vectors are set. The algorithm parameters including
acceleration coefficients ¢; and ¢, , population size, and
maximum iterations are initialized.

2
1 2 3 4
= N
( 5 6 7 8
\ ———————Particle e.g.P=[5631012]
- ) e \
9 10 1" 12
N _ A N

Figure 5. Particle initialization

Objective functions and fitness evaluation

Each particle is evaluated using two objective functions:

F1: Minimize the EER. EER is defined when the False
Acceptance Rate (FAR) equals the False Rejection Rate
(FRR):

FR
,FRR = —

FA
EER (error equal rate): FAR = — TA

7
A (7
where, FA and FR are the number of false acceptances and
false rejections, respectively. TA is the total number of
attempts.

F2: Maximize Rank-1 accuracy:

N:
RANK — 1 = NL x 100% ®)

where, N; is the number of correctly identified images, and N
is the total number of test images.
MOPSO iterative procedure
The optimization process iterates as follows:
1. Evaluate each particle using F1 and F2.

2. Update the archive of non-dominated solutions
(Pareto front) based on dominance and crowding
distance.

3. Update each particle’s Pbest and Gbest.

4. Update velocity and position of particles according to
standard PSO equations.

5. Repeat steps 1-4 until the maximum number of

iterations is reached.

At the end of the process, the archive contains multiple
Pareto-optimal solutions (different block combinations). A
final solution is selected from the Pareto set according to a
trade-off between EER and Rank-1 accuracy. This forms the
optimized block selection used for classification.

Illustrative Example of MOPSO Block Selection

To clarify the optimization process, a simple example of
particle evaluation is provided. Assume that a particle



represents the following block combination: P =[5,3,10,12]

This means that only blocks 5, 3, 10, and 12 are selected
from the 16-block partition of the face image. The
corresponding BSIF features are extracted from these blocks.
They are concatenated and then reduced using PCA and LDA.

The resulting feature vector is evaluated using the nearest
neighbor classifier. Suppose that this particle produces the
following results: Rank-1 accuracy = 93.5%The resulting
feature vector is evaluated using the nearest neighbor
classifier. Suppose that this particle produces the following
results: Rank-1 accuracy = 93.5%.

EER =1.08%

Now consider another particle: P’ =[1,4,5,13]

which yields: Rank-1 accuracy = 96%

EER =1.97%

In this case, neither solution dominates the other. The first
particle provides a lower EER, while the second achieves
higher accuracy. Therefore, both solutions are considered non-
dominated and are stored in the Pareto archive.

During the optimization process, multiple such particles are
evaluated, and the archive is updated accordingly. The
crowding distance mechanism ensures that solutions are well
distributed across the trade-off space between accuracy and
EER.

At the end of the iterations, a final solution is selected from
the Pareto set. For example:

If the application requires higher security — solution with
lower EER is selected

If the application requires better identification — solution
with higher Rank-1 is selected.

This example illustrates how MOPSO enables the selection
of discriminative block combinations while balancing
competing objectives.

4. RESULTS AND DISCUSSION

All experiments were repeated for 30 independent runs with
different random seeds. Reported results were the mean =+
standard deviation (std) of the best solution found in each run.
The selection was based on Pareto dominance and crowding
distance.

This section presents the experimental evaluation of the
proposed method on four benchmark datasets: AT&T [31], GT
[32], AR [33], and LFW [34]. The objective is to assess the
effectiveness of the proposed block selection strategy in both
identification and verification tasks.

All experiments were conducted using the same parameter
configuration to ensure consistency. The population size was
set to 50 particles, and the maximum number of iterations was
fixed at 1000. For feature extraction, a BSIF configuration was
used with a filter size of 17 x 17 and a filter length of 12 bits.

The performance of the system was evaluated using two
metrics: Rank-1 accuracy and EER, which correspond to the
two objectives of the optimization process.

4.1 Experiment results using AT&T database

The AT&T dataset consists of 400 grayscale images from
40 subjects, with 10 images per subject. The images include
variations in facial expression, illumination, and the presence
or absence of glasses. Each image has a resolution of 92 x 112
pixels. Figure 6 illustrates sample facial images from the
AT&T dataset.
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In this experiment, a standard protocol was adopted in
which 5 images per subject were used for training and the
remaining 5 for testing.

The obtained results are summarized in Table 1 and
illustrated in Figure 7. The MOPSO algorithm generated a set
of non-dominated solutions corresponding to different block
combinations.

Figure 6. Sample images of AT&T database

Figure 7 shows the convergence of the hypervolume
indicator (mean = std over 30 runs) for the AT&T dataset. The
shaded area represents one standard deviation.

From Table 1, the solution [9,1,12,6] achieved the lowest
EER of 1.012%, with a Rank-1 accuracy of 91.5%.

On the other hand, the highest accuracy of 96% was
obtained using the block combination [13,4,5,1], with a
corresponding EER of 1.974%.

This behavior reflects the trade-off between the two
objectives. An increase in accuracy was associated with a
slight increase in EER, confirming the effectiveness of the
multi-objective optimization strategy.

An additional observation is the frequent selection of certain
blocks, particularly blocks 1, 5, 12, and 13. These blocks
appear multiple times across different solutions. This indicates
that these blocks contain more discriminative facial
information and play a key role in the recognition process.

Overall, the results demonstrate that selecting a small subset
of blocks is sufficient to achieve high recognition
performance, while reducing the dimensionality of the feature
space.

Table 1. AT&T database results

Particle Rank-1 % EER %
[91126] 91,5 1,012
[112138] 93 1,051
[1015 8] 93,5 1,083
[131125] 95 1,435
[13451] 96 1,974

Non-dominated Solutions (Archive)
% , , , , O
95 | O
% 94 L
%
e | O
E 93 | O
o
O
2 92 L
N

.2

1 1.2

14 1.6

st L
17 Objective EER

Figure 7. Convergence for AT & T database



4.2 Experiment results using Georgia Tech database

The GT dataset consists of 750 images from 50 subjects,
with 15 images per subject. Representative samples from the
dataset are shown in Figure 8. The images were acquired under
unconstrained conditions, including variations in illumination,
facial expression, pose, and scale. The original resolution was
640 x 480 pixels, and a cropped version of size 150 x 200
pixels was used in this study.

Figure 8. Sample images of Georgia Tech (GT) database

The obtained results are presented in Table 2 and Figure 9.
In contrast to the AT&T dataset, the performance on GT is
significantly lower, with the best Rank-1 accuracy reaching
only 13.5% and the lowest EER equal to 42.51%.

This performance degradation can be attributed to several
factors. First, the GT dataset exhibits higher intra-class
variability due to changes in pose, scale, and lighting
conditions. These variations reduce the consistency of local
texture patterns extracted using BSIF, especially when applied
to small blocks.

Table 2. Georgia Tech (GT) database results

Particle Rank-1 EER
[1312515] 9 42.51
[1691 13] 10 43.09
[169155] 11 43.44

[16167] 12 44.48
[911216] 12.5 44.58
[10 121 16] 13 46.47

[6541] 13.5 47
e Non-dominated Solutions (Archive) -

13 o]

125 o]
- 12 o
é 1" o
- 10 o
jg 4‘3 43‘5 41‘: 44‘5 4‘5 45‘5 46 46‘5 4‘7 475

st
17 Objective EER

Figure 9. Convergence for Georgia Tech (GT) database

Second, the use of a fixed number of blocks (d = 4) limits

the amount of discriminative information captured from each
face. While this configuration is effective for controlled
datasets such as AT&T, it becomes insufficient for more
complex datasets where facial variations are more
pronounced.

Third, the nearest neighbor classifier relies directly on
feature similarity and does not incorporate a learning
mechanism. This limits its ability to handle high variability
between samples, further affecting identification performance
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in unconstrained scenarios.

Despite the low accuracy, an important observation emerges
regarding the diversity of selected blocks. Most blocks are
selected at least once across the Pareto solutions, indicating
that no single region consistently dominates the recognition
process. This contrasts with the AT&T results, where specific
blocks were repeatedly selected.

This behavior suggests that, in challenging conditions,
discriminative information is distributed across the entire face
rather than concentrated in specific blocks. As a result,
selecting a small subset of blocks may not be sufficient to
capture the variability of the data

4.3 Experiment results using AR database

The AR dataset contains 4,000 color images of 126 subjects,
captured under controlled conditions with variations in facial
expression, illumination, and occlusions such as sunglasses
and scarves. The images were acquired in two sessions
separated by a time interval of approximately two weeks.
Representative examples illustrating these variations are
shown in Figure 10.

In this experiment, 13 images per subject were used for
training and 13 for testing. The obtained results are presented
in Table 3 and Figure 11.

Figure 10. Sample images of AR database

Table 3. AR database results

Particle Rank-1% EER%
[1352] 100 0
[1389] 100 0
[9561] 100 0
[58101] 100 0
[13614] 100 0
[1594 1] 100 0
Non-dominated Solutions (Archive)
101 . . . . .
100 | (o]

Objective Rank-1

ond
©
8
o

-0.2

1* Objective EER
Figure 11. Convergence for AR database

All evaluated block combinations achieved a Rank-1
accuracy of 100% and an EER of 0%. While these results
indicate perfect recognition performance, they should be
interpreted with caution.



This outcome can be explained by the relatively controlled
acquisition conditions of the AR dataset. Despite the presence
of occlusions, the images maintain a consistent frontal pose
and limited variation in scale and background. These
characteristics reduce intra-class variability and facilitate the
extraction of stable local features using BSIF.

Another  contributing factor is the block-based
representation. The repeated presence of block 1 across all
optimal solutions suggests that certain facial blocks
consistently contain strong discriminative information. In this
dataset, these blocks remain stable across samples, which
simplifies the recognition task.

However, such performance may not generalize to more

challenging datasets. The results observed on the GT and LFW
datasets indicate that the proposed approach is sensitive to
variations in pose, illumination, and image quality. Therefore,
the AR dataset should be considered a controlled scenario
rather than a representative real-world condition.
The perfect scores on AR (100% Rank-1, 0% EER) should be
interpreted with caution. They were achieved under controlled
conditions (frontal pose, stable illumination) and after
ensuring no data leakage. On more challenging datasets,
performance degrades as shown in Sections 4.2 and 4.4.

4.4 Experiment results using Labeled Faces in the Wild
database

For the LFW dataset, a subset of 158 subjects with at least
10 images each was selected. For each subject, 5 images were
randomly chosen for training and the remaining 5 for testing.
This protocol is similar to the one used for AT&T and AR to
maintain consistency. No subject appears in both training and
testing sets.

The LFW dataset contains more than 13,000 images of
5,749 individuals. These images were collected from the web
under unconstrained conditions. The images exhibit
significant variations in pose, illumination, background, and
image quality, as shown in Figure 12.

In this experiment, a subset of 158 subjects was selected,
with 10 images per subject. The images were preprocessed by
cropping the facial block. The obtained results are reported in
Table 4 and illustrated in Figure 13.

Figure 12. Sample images from the Labeled Faces in the
Wild (LFW) database

Non-dominated Solutions (Archive)

nd i
2 Objective Rank-1

Figure 13. Convergence for Labeled Faces in the Wild
(LFW) database
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The best achieved Rank-1 accuracy was 51%, while the
lowest EER reached 16.50%. These results were lower
compared to those obtained on the AT&T and AR datasets.

This performance can be explained by the high variability
present in the dataset. Unlike controlled datasets, LFW
includes large variations in pose, occlusion, lighting
conditions, and image resolution. These factors affect the
stability of local texture descriptors such as BSIF, especially
when applied to small image blocks.

Another limitation arises from the use of a reduced number
of selected blocks. While selecting four blocks reduces
dimensionality, it also limits the amount of discriminative
information captured from the face. In unconstrained
scenarios, relevant information is often distributed across
multiple blocks, making it difficult to represent a subject using
a small subset of blocks.

In addition, the nearest neighbor classifier does not model
complex decision boundaries, which reduces its effectiveness
in handling large intra-class variations.

Despite these limitations, the results remain consistent with
those obtained on the GT dataset, confirming that the proposed
method behaves similarly under unconstrained conditions.
This consistency indicates that the method is stable, even when
the recognition task becomes more challenging.

Table 4. Comparative study of the proposed method with the
existing approaches

Verification Identification
Reference Method EER % Rank-1 %
PSO based
This paper block feature 1.083 93.50
selection
This paper
(withs8pbllz)ecks PSO based
block feature 0.500 97.00
and 10 .
. . selection
iteration)
Feature
V%Ege (i(r)rl:atgh; extraction 5.000 40.83
BSIF
BPSO based
feature
[35] selection (187 98.14
feature)
DCT+PSO
[36] feature =~ ----mememeeee- 94.70
selection
Note: BSIF: Binarized Statistical Image Features; PSO: Particle Swarm
Optimization.

Table 5. Labeled Faces in the Wild (LFW) database results

Particle Rank-1 EER
[106212] 50 16,89
[76105] 51 18,85
[912 14 6] 46 16,50

The overall trade-off between verification and identification
performance across all datasets is illustrated in Figure 14. The
Pareto front highlights the relationship between EER and
Rank-1 accuracy obtained using the proposed MOPSO-based
block selection.

The Pareto front shows that solutions with lower EER tend
to correspond to slightly reduced Rank-1 accuracy.
Conversely, higher accuracy is associated with a moderate
increase in EER. This behavior confirms the effectiveness of
the multi-objective optimization framework.
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Figure 14. Pareto front illustrating the trade-off between
Equal Error Rate (EER) and Rank-1 accuracy achieved by
the proposed method on benchmark datasets

In addition, the distribution of solutions differs across
datasets. Controlled datasets such as AT&T and AR exhibit
more compact and stable Pareto fronts, whereas unconstrained
datasets such as GT and LFW show more dispersed solutions,
which reflects higher variability in facial conditions.

The poor performance on LFW (max 51% Rank-1) suggests
that the BSIF descriptor with a 17 x 17 filter is not robust to
severe pose and illumination variations. Possible remedies
include: (i) using a learnable descriptor (e.g., from a CNN)), (ii)
increasing the number of selected blocks d as shown in Section
4.6, and (iii) replacing the nearest neighbor classifier with a
more powerful model such as SVM or a shallow neural
network.

4.5 Stability analysis

To evaluate the stability of the proposed method, multiple
independent runs of the MOPSO algorithm were performed.
The results showed consistent convergence behavior across
runs, indicating that the optimization process is stable and not
significantly affected by random initialization.

4.6 Trade-off analysis

The obtained Pareto solutions illustrate a clear trade-off
between EER and Rank-1 accuracy. Solutions with lower EER
tend to produce slightly lower accuracy, while higher accuracy
is associated with a moderate increase in EER. This behavior
confirms the necessity of using a multi-objective optimization
framework.

4.7 Complexity discussion

The computational complexity of the proposed method
depends on three main components: feature extraction,
dimensionality reduction, and the optimization process. While
MOPSO introduces an iterative search procedure, the
reduction in feature dimensionality compensates for this cost
during classification.

4.8 Generalization discussion

The experimental results on GT and LFW datasets highlight
the limitations of the proposed method under unconstrained
conditions. This behavior suggests that local texture
descriptors combined with a limited number of blocks may not
fully capture large variations in pose and illumination.
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4.9 Computational complexity analysis

The computational cost of the proposed method has three
components: (i) BSIF feature extraction per block: O(16 x H
x W x k?), (i) PCA+LDA: O(min(N?, D?)), (iii) MOPSO:
O(Tmax x Nparticles x (C + M)). Here, C is the cost of kNN
classification. The total offline training time for AT&T was
approximately 25 minutes on a standard CPU (Intel i7, 16GB
RAM).

However, the testing phase only requires feature extraction
on the selected 4 blocks and a single kNN query. This
approximately took 0.3 seconds per image. This makes the
method suitable for real-time applications after training.

5. COMPARATIVE STUDY

To further evaluate the performance of the proposed
approach, a comparison with existing methods from the
literature is presented in Table 5. The comparative evaluation
is extended to include both classical optimization-based
approaches and recent learning-based methods in order to
provide a more comprehensive assessment. As shown in Table
6, the proposed method achieves competitive performance
while relying on a reduced number of selected features. Unlike
traditional approaches that operate on full feature
representations, the proposed method focuses on selecting a
subset of informative facial blocks.

Table 6. Quantitative evaluation of the proposed method
versus existing approaches

Rank-1 EER
Method Dataset (%) (%) Features
Proposed 95.8 1.98 +
MOPSO,d=4)  ATET "o 022 AxBSIF
Proposed 63.7+ 142 +
MOPSO,d=8)  FW 2.0 15 8xBSIF
Random Block 723+ 85+
Selection AT&T 5 12 same
BSIF (full image) AT&T 40.8 5.0 full
[35] AT&T 98.1 - 187
[17] AT&T 94.7 - -

Note: BSIF: Binarized Statistical Image Features; MOPSO: Multi-Objective
Particle Swarm Optimization: EER: Equal Error Rate.

This results in a compact representation while maintaining
recognition performance. Compared to BSIF applied on the
entire image, a significant improvement is observed in both
Rank-1 accuracy and EER. This confirms the effectiveness of
block-wise selection. When compared to optimization-based
methods such as BPSO and DCT + PSO, the proposed
approach achieves comparable or better performance while
using fewer features. This indicates that selecting
discriminative blocks is more effective than increasing feature
dimensionality. In addition, an extended configuration using a
larger number of blocks shows further improvement. This
suggests that the trade-off between dimensionality and
performance can be controlled through the number of selected
blocks [35, 36].

The comparison also highlights that the proposed method
achieves this performance using a significantly reduced
number of features. This directly impacts computational
efficiency. This aspect is particularly important for real-time
or resource-constrained applications, where both accuracy and
efficiency must be considered.



6. CONCLUSION

In this paper, a block-based feature selection framework
using MOPSO has been presented for face recognition.

The proposed framework is based on block-level
representation combined with multi-objective optimization for
discriminative feature selection.

The proposed method simultaneously optimizes two
conflicting objectives, namely the EER and the Rank-1
accuracy, leading to a set of Pareto-optimal solutions. This
allows flexible selection of block combinations depending on
the application requirements.

The experimental evaluation on AT&T, GT, AR, and LFW
datasets shows that the method achieves strong performance
on controlled datasets, while maintaining consistent behavior
under more challenging conditions. The results also
demonstrate that a reduced number of selected blocks can
effectively represent facial information, which reduces feature
dimensionality without significant loss in performance.

However, the experiments on GT and LFW highlight
certain limitations. The use of a fixed number of blocks and a
simple nearest neighbor classifier restricts the ability of the
system to handle large variations in pose, illumination, and
image quality.

The limitations of this study are: (1) the fixed number of
selected blocks d =4 is insufficient for unconstrained datasets;
(2) the nearest neighbor classifier is sensitive to noise; (3) the
BSIF descriptor is handcrafted and may not generalize.

Therefore, future work will: (i) adapt d dynamically using a
variable-length particle representation; (ii) replace kNN with
a lightweight neural network (e.g., a 2-layer MLP) trained on
the selected blocks; (iii) integrate deep features (e.g., from a
pretrained MobileNet) as an alternative to BSIF.

Future work will focus on improving the robustness of the
approach by adapting the number of selected blocks
dynamically and integrating more advanced classification
models. In addition, combining local block selection with deep
feature representations may further enhance performance in
unconstrained environments.
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