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Abstract—multi-algorithm biometric systems 

consolidate information from multiple feature extraction 

algorithms applied to single biometric traits, providing 

robust authentication without additional sensor 

overhead. This paper presents a comprehensive 

framework for multi-algorithm biometric person 

authentication using basic Particle Swarm Optimization 

(PSO) for optimal feature selection at the feature-level 

fusion stage. The study systematically applies PSO to 

fingerprint, iris, and palmprint multi-algorithm systems 

using standard PSO formulation with velocity-based 

position updates and binary discretization. Experimental 

validation on benchmark databases (CASIA, IITD, 

FVC) demonstrates that basic PSO achieves 94-97% 

recognition accuracy with 80-88% feature space 

reduction using Euclidean distance matching and up to 

96-97% accuracy with supervised classifiers (C4.5, 

SMO). The approach outperforms traditional 

dimensionality reduction methods (PCA) with 10-15% 

accuracy improvements while maintaining comparable 

feature reduction ratios. Computational analysis shows 

PSO requires 50-60 seconds for feature selection (one-

time offline cost) with acceptable testing time (0.08 

seconds), enabling practical deployment in real-time 

biometric authentication systems. The paper provides 

detailed implementation specifications, extensive 

experimental validation across multiple classifiers, and 

practical insights for PSO-based feature selection in 

biometric systems. 

 

Index Terms— Biometric authentication, feature 

selection, particle swarm optimization, multi-algorithm 

systems, feature-level fusion, dimensionality reduction, 

fingerprint, iris, palmprint. 

 

 

 

 

I. INTRODUCTION 

 

Biometric-based authentication has become 

fundamental to modern security infrastructure, 

ranging from mobile device unlock to large-scale 

national identification systems [1]. Biometric systems 

leverage inherent physiological or behavioral 

characteristics for person identification, offering 

significant advantages over traditional knowledge-

based (passwords) or possession-based (ID cards) 

approaches. 

Single-modality biometric systems face well-

documented limitations [2]: vulnerability to spoof 

attacks, susceptibility to intra-class variations, limited 

distinctiveness between users, and non-universality 

(inability of certain populations to provide quality 

samples). Multi-biometric systems address these 

limitations by consolidating information from 

multiple sources. 

Among multi-biometric approaches, multi-algorithm 

systems represent a practical cost-effective solution. 

Rather than deploying additional sensors (multi-

sensor) or capturing multiple biometric traits (multi-

modal), multi-algorithm systems apply different 

feature extraction algorithms to the same biometric 

trait, capturing complementary information. For 

example, fingerprint authentication can integrate 

minutiae-based and ridge-pattern algorithms; iris 

recognition can combine phase-based and texture-

based methods. 

However, feature-level fusion of multi-algorithm 

outputs produces high-dimensional feature spaces 

(2000-9000 dimensions) that present substantial 

computational and learning challenges. The resulting 
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"curse of dimensionality" increases classification 

time, memory requirements, and risk of overfitting 

while potentially degrading authentication accuracy. 

1.1 Feature Selection Challenge 

Feature selection addresses dimensionality reduction 

by identifying optimal subsets of original features 

without transformation, preserving interpretability and 

reducing storage requirements. The feature selection 

problem is formulated as: 

Maximize f(S) = α ⋅ Accuracy(S) + β ⋅ (1 −
|S|

|F|
) 

where S  is selected feature subset, F  is complete 

feature set, α  and β balance accuracy and reduction 

trade-off. 

Traditional sequential search methods (SFS, SBS) 

suffer from the nesting effect and local optima 

limitations. Evolutionary algorithms, particularly 

Particle Swarm Optimization (PSO), demonstrate 

superior performance by exploring solution space 

more comprehensively. 

 

1.2 Particle Swarm Optimization for Feature Selection 

Particle Swarm Optimization (PSO) is a population-

based metaheuristic inspired by the collective 

behavior observed in bird flocks and fish schools [3]. 

Owing to its simplicity and efficiency, PSO has been 

widely adopted for feature selection in high-

dimensional optimization problems. One of the 

principal advantages of PSO is its parameter 

efficiency, as it typically requires tuning only a small 

set of parameters namely population size, inertia 

weight, and cognitive and social acceleration 

coefficients compared with the larger parameter sets 

often associated with genetic algorithms. 

PSO is also characterized by rapid convergence, with 

several studies reporting convergence speeds 

approximately 30–50% faster than genetic algorithms 

in feature selection tasks, attributable to its velocity-

driven position update mechanism. In addition, the 

algorithm’s computational simplicity, stemming from 

its mathematically straightforward update equations, 

facilitates efficient implementation and reduces 

overall computational overhead. PSO further provides 

an effective balance between exploration and 

exploitation, enabling particles to explore the global 

search space while simultaneously refining promising 

solutions through local neighborhood interactions. 

Owing to these properties, PSO has demonstrated 

proven effectiveness across a wide range of 

optimization domains, including feature selection, 

pattern recognition, and machine learning 

applications. 

 

1.3 Research Contributions 

The main contributions of this paper are summarized 

as follows: 

1. Comprehensive PSO-based feature selection: A 

detailed formulation and implementation of the 

standard Particle Swarm Optimization (PSO) 

algorithm—rather than modified variants—for 

feature selection in multi-algorithm biometric 

systems is presented, including explicit 

justification of parameter settings and design 

choices. 

2. Multi-algorithm biometric framework: A unified 

framework is developed that integrates 

complementary feature extraction algorithms for 

multiple biometric traits, including minutiae- and 

ridge-based features for fingerprints, Log-Gabor 

and Gabor features for irises, and Gabor and Haar 

wavelet features for palmprints, with 

systematically designed feature-level fusion 

protocols. 

3. Extensive experimental validation: The proposed 

approach is rigorously evaluated on widely used 

benchmark datasets (CASIA v1.0, IITD v1.0, and 

FVC 2002) using diverse matching and 

classification strategies, including Euclidean 

distance–based matching and supervised 

classifiers such as C4.5, SMO, and Naive Bayes. 

4. Comparative performance analysis: A systematic 

comparison with established dimensionality 

reduction and feature selection baselines, 

including Principal Component Analysis (PCA) 

and Genetic Algorithms (GA), is conducted to 

demonstrate the effectiveness and robustness of 

PSO-based feature selection. 

5. Practical deployment guidelines: Detailed 

implementation specifications, parameter 

recommendations, and computational cost 

analysis are provided to facilitate reproducibility 

and enable practitioners to deploy PSO-based 

feature selection in real-world biometric 

authentication systems. 
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II. LITERATURE REVIEW 

 

2.1 Multi-Algorithm Biometric Systems 

Multi-algorithm biometric systems, which integrate 

complementary feature extraction techniques within a 

single modality or across multiple modalities, have 

been shown to significantly enhance recognition 

performance. In fingerprint recognition, Hong et al. 

[4] pioneered minutiae-based feature extraction, 

which was later extended by Cappelli et al. [5] through 

the incorporation of ridge-based structural features. 

The fusion of minutiae and ridge information was 

reported to improve recognition accuracy to 

approximately 95%–97%, demonstrating the 

effectiveness of multi-algorithm integration. 

In the domain of iris recognition, Daugman’s seminal 

work employing phase-based Log-Gabor filtering 

remains the de facto standard due to its strong 

discriminative capability and robustness [6]. 

Complementary texture-based approaches using two-

dimensional Gabor filters have been shown to capture 

additional discriminatory information, and combined 

phase- and texture-based representations have 

achieved recognition accuracies in the range of 96%–

98%.For palmprint recognition, Kong et al. [7] 

provided a comprehensive survey demonstrating that 

texture-based methods, including Gabor filters and 

wavelet-based representations, are particularly 

effective in capturing the rich structural and textural 

characteristics of palmprints, further motivating the 

use of multi-algorithm feature extraction strategies. 

 

2.2 Feature Selection in Biometrics 

Feature selection plays a crucial role in managing 

high-dimensional biometric feature spaces, 

particularly in multi-algorithm and multimodal 

systems. Early approaches based on sequential search 

methods, such as Sequential Forward Selection (SFS) 

and Sequential Backward Selection (SBS), offer 

simple baseline solutions but are limited by high 

computational complexity and a tendency toward 

suboptimal local solutions. 

To overcome these limitations, evolutionary and 

swarm intelligence algorithms have been increasingly 

adopted. Genetic Algorithm (GA)-based approaches 

applied to multimodal biometric systems have 

reported recognition accuracies of approximately 

95%–96% while achieving feature space reductions of 

80%–91% [8]. However, GA methods typically 

require extensive parameter tuning and incur higher 

computational costs. Particle Swarm Optimization 

(PSO)-based feature selection has demonstrated 

improved convergence speed and parameter 

efficiency, with reported recognition accuracies of 

96%–97% in biometric applications [9]. In addition, 

other nature-inspired optimization techniques, 

including Artificial Bee Colony (ABC) and Cuckoo 

Search (CS) algorithms, have achieved recognition 

rates in the range of 96.5%–98% in multimodal 

biometric systems, further confirming the 

effectiveness of evolutionary computation for feature 

selection [10][11]. 

 

2.3 PSO Applications in Pattern Recognition 

Particle Swarm Optimization has been widely applied 

to feature selection and optimization problems in 

pattern recognition and machine learning. Owing to its 

velocity-driven search mechanism, PSO is particularly 

effective in exploring high-dimensional and 

continuous solution spaces. Unver and Ayan [12] 

conducted a comparative study of PSO and GA for 

feature selection and reported that PSO converged 

approximately 25%–40% faster while maintaining 

comparable classification accuracy. These findings 

highlight PSO’s suitability for large-scale feature 

selection problems, motivating its application in high-

dimensional biometric recognition systems. 

 

III. MULTI-ALGORITHM BIOMETRIC SYSTEM 

FRAMEWORK 

 

This section describes the proposed multi-algorithm 

biometric framework, in which complementary 

feature extraction algorithms are employed for each 

biometric modality to enhance discriminative 

capability prior to feature-level fusion and 

optimization. 

3.1 Fingerprint Multi-Algorithm System 

The fingerprint recognition subsystem integrates 

minutiae-based and ridge-pattern–based feature 

extraction techniques to capture both local structural 

and global textural characteristics of fingerprint 

images. 

 

Algorithm 1: Minutiae-Based Feature Extraction 

Fingerprint images undergo preprocessing steps 

including segmentation, normalization, and 

enhancement using Gabor filtering to improve ridge 
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clarity. Ridge thinning is then applied to reduce ridge 

width to a single pixel. Minutiae points ridge endings 

and bifurcations are detected using the Crossing 

Number method, followed by post-processing to 

eliminate spurious minutiae. The resulting fingerprint 

representation is minutiae feature vector comprising 

spatial coordinates, orientations, and minutiae types, 

with a dimensionality typically ranging from 200 to 

250 features. 

 

Algorithm 2: Ridge Pattern–Based Feature Extraction 

To complement minutiae information, ridge texture 

features are extracted using Local Binary Patterns 

(LBP) and multi-scale, multi-orientation Gabor 

filtering. Histogram-based aggregation of texture 

responses across local regions yields a compact texture 

descriptor with dimensionality in the range of 150 to 

200 features. 

Fingerprint Feature Fusion 

The minutiae-based and texture-based feature vectors 

are concatenated to form the fused fingerprint 

representation, 

Concatenation: Ffinger = [Fminutiae; Ftexture] 

resulting in a combined feature space of approximately 

350–450 dimensions. 

 

3.2 Iris Multi-Algorithm System 

The iris recognition subsystem combines phase-based 

and texture-based representations to exploit the rich 

discriminatory patterns present in iris texture. 

Algorithm 1: Phase-Based Log-Gabor Features 

Iris boundaries are localized using a circular Hough 

transform, followed by normalization to a fixed-size 

polar coordinate system using Daugman’s rubber 

sheet model. Log-Gabor filters operating at multiple 

scales and orientations extract local phase information, 

which is subsequently quantized using a 2-bit 

encoding scheme to generate a compact iris code. This 

representation typically comprises 2048 to 4096 bits. 

Algorithm 2: Texture-Based Gabor Features 

A bank of two-dimensional Gabor filters with 4–6 

scales and 8 orientations is applied to the normalized 

iris image. Both magnitude and phase responses are 

analyzed, and statistical descriptors such as mean, 

variance, and entropy are computed to form a texture-

based feature vector with dimensionality ranging from 

1500 to 2500 features. 

 

 

Iris Feature Fusion 

After normalization, the phase-based and texture-

based feature vectors are concatenated to obtain the 

fused iris representation,Concatenation with 

normalization: Firis = [FLogGabor; FGabor] 

yielding a high-dimensional feature space of 

approximately 3500–6500 dimensions. 

 

3.3 Palmprint Multi-Algorithm System 

The palmprint recognition subsystem employs Gabor-

based and Haar wavelet–based feature extraction 

techniques to capture complementary spatial-

frequency information. 
 

Algorithm 1: Two-Dimensional Gabor-Based 

Features 

A stable Region of Interest (ROI) is extracted using 

tangent-based key point detection. A Gabor filter bank 

with multiple scales and orientations is then applied to 

the ROI, and energy-based features are computed from 

the normalized magnitude responses. This process 

yields a Gabor feature vector with dimensionality 

typically between 600 and 900 features. 
 

Algorithm 2: Haar Wavelet-Based Features 

Multi-level Haar wavelet decomposition (levels 2–4) 

is performed on the palmprint ROI. Both 

approximation and detail coefficients are analyzed, 

and statistical measures including mean, variance, and 

standard deviation are extracted to form a wavelet-

based feature vector with dimensionality ranging from 

700 to 1000 features. 
 

Palmprint Feature Fusion 

The final palmprint representation is obtained by 

concatenating the Gabor- and Haar-based feature 

vectors,Concatenation: Fpalm = [FGabor; FHaar] 

resulting in a fused feature space of approximately 

1300–1900 dimensions. 

 

IV. PARTICLE SWARM OPTIMIZATION FOR 

FEATURE SELECTION 

 

4.1 PSO Formulation 

Standard PSO updates particle velocities and 

positions: 

vi
t+1 = w ⋅ vi

t + c1 ⋅ rand1() ⋅ (pi
t − xi

t) + c2 ⋅ rand2()

⋅ (pg
t − xi

t) 

xi
t+1 = xi

t + vi
t+1 
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where: 

• vi
t = velocity of particle i at iteration t 

• xi
t = position of particle i at iteration t 

• pi
t = best position found by particle i 

• pg
t  = best global position found by swarm 

• w = inertia weight 

• c1, c2 = cognitive and social coefficients 

• rand1(), rand2() = random values in [0,1] 

 

4.2 Inertia Weight Strategy 

Linearly decreasing inertia weight facilitates smooth 

transition from exploration to exploitation: 

w(t) = winit − (winit − wfinal) ⋅
t

Tmax

 

with winit = 0.9, wfinal = 0.4, Tmax = 50 iterations 

 

4.3 Binary Discretization for Feature Selection 

Continuous PSO positions must map to binary feature 

selections via sigmoid transfer function: 

S(vi[j]) =
1

1 + e−vi[j]
 

xi
t+1[j] = {1 if rand() < S(vi

t+1[j])

0 otherwise
 

 

4.4 Fitness Function 

Multi-objective fitness balancing accuracy and 

dimensionality: 

f(S) = α ⋅ Accuracy(S) + (1 − α) ⋅ (1 −
|S|

|F|
) 

with α = 0.8  (accuracy emphasis), β = 0.2 

(reduction emphasis) 

Accuracy is computed via 5-fold cross-validation on 

training set: 

Accuracy(S) =
1

5
∑  

5

k=1

Accuracy
k
(S) 

 

4.5 PSO Algorithm Specification 

Algorithm: Particle Swarm Optimization for Feature 

Selection 

Input: Feature set F, Training data D, Parameters (N, 

Tmax, c1, c2) 

Output: Selected feature subset Sbest 

Initialize: 

• X ← random binary vectors (N × |F|) 

• V ← random velocities ∈ [−vmax, vmax] 

• pbest ← X 

• pglobal ← arg⁡maxi  f(Xi) 

Main Loop: 

For t = 1 to Tmax: 

• For i = 1 to N: 

o fitnessi ← evaluate_fitness(xi, D) 

o If fitnessi > f(pbesti
): pbesti

← xi 

o If fitnessi > f(pglobal): pglobal ← xi 

• For i = 1 to N: 

o w(t) ← 0.9 − 0.5 ⋅ t/Tmax 

o vi
t+1 ← w(t)vi

t + c1rand1()(pbesti
− xi

t) +

c2rand2()(pglobal − xi
t) 

o For j = 1 to |F|: 

▪ If rand() < S(vi
t+1[j]): xi

t+1[j] ← 1 

▪ Else: xi
t+1[j] ← 0 

Return: pglobal 

 

4.6 Parameter Configuration 

The parameter settings adopted for the Particle Swarm 

Optimization (PSO)–based feature selection are 

summarized in Table X. A population size of 30 

particles is selected as a commonly accepted 

configuration that provides an effective balance 

between exploration capability and computational 

efficiency. The maximum number of iterations is set 

to 50, which was empirically observed to ensure 

convergence without overfitting. 

The inertia weight is linearly decreased from 𝑤init=0.9 

to 𝑤final=0.4 to promote global exploration during the 

early stages of optimization and local exploitation in 

later iterations. Both the cognitive and social 

acceleration coefficients are set to 1.8, enabling 

balanced learning from individual best positions and 

the global best solution. The maximum particle 

velocity is limited to 𝑣max=4.0 to prevent excessive 

oscillations and ensure stable convergence. Finally, a 

5-fold cross-validation strategy is employed during 

fitness evaluation to provide robust and unbiased 

performance estimates. 

 

V. EXPERIMENTAL SETUP 

 

5.1 Benchmark Databases 

The proposed framework is evaluated using widely 

adopted public biometric benchmark databases 

covering fingerprint, iris, and palmprint modalities. 

These datasets vary in acquisition conditions, sensor 

types, and population sizes, ensuring comprehensive 

performance evaluation. The iris datasets include 

CASIA v1.0 and IITD v1.0, acquired using LG Iris 

Access and IrisCam 4 devices, respectively. Palmprint 
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data are obtained from CASIA and IITD palmprint 

databases, while fingerprint experiments utilize the 

CASIA fingerprint dataset and the FVC 2002 

benchmark, which includes samples captured using 

four different sensors. Together, these datasets provide 

a diverse and representative testbed for multimodal 

biometric evaluation. 

 

5.2 Experimental Protocol 

All experiments follow a consistent and reproducible 

protocol. Each dataset is partitioned using an 80:20 

train–test split, and results are averaged over 10 

independent random runs to reduce sampling bias. 

Prior to feature selection, Z-score normalization is 

applied to all feature vectors to standardize feature 

scales across modalities and algorithms. 

Feature selection is performed exclusively on the 

training set using PSO, Genetic Algorithms (GA), and 

Principal Component Analysis (PCA) for comparative 

evaluation. Classification is carried out using both 

distance-based and supervised approaches, including 

Euclidean distance matching, C4.5 decision trees, 

Sequential Minimal Optimization (SMO), and Naive 

Bayes, with 5-fold cross-validation employed where 

applicable to ensure reliable performance estimation. 

System performance is assessed using multiple 

criteria, including recognition accuracy, percentage of 

feature reduction, and computational time for both 

training and testing phases. This comprehensive 

evaluation framework enables an objective 

comparison of effectiveness, efficiency, and 

scalability across different feature selection and 

classification strategies. 

 

VI. RESULTS AND ANALYSIS 

 

This section presents a detailed performance 

evaluation of the proposed PSO-based feature 

selection approach in comparison with PCA and GA 

across fingerprint, iris, and palmprint multi-algorithm 

systems. The analysis focuses on recognition 

accuracy, feature reduction capability, and 

computational efficiency. 

6.1 Fingerprint Multi-Algorithm Results 

Table 1 summarizes the results obtained for the 

fingerprint modality on the CASIA and FVC datasets. 

PCA achieves the highest level of dimensionality 

reduction (approximately 89%–90%) but yields 

relatively low recognition accuracies in the range of 

80%–82%. GA-based feature selection improves 

recognition accuracy to approximately 92%–93% with 

feature reduction between 85% and 86%. In contrast, 

the proposed PSO-based method consistently delivers 

the highest recognition accuracy, achieving 94.1% on 

CASIA and 94.3% on FVC, while maintaining 

substantial feature reduction of approximately 86%–

87%. 
 

Table 1: results for multi-algorithmic fingerprint 

systems 

Method DB Selected Reduction Accuracy 

PCA CASIA 38 90% 81.5% 

GA CASIA 54 85.8% 93.2% 

PSO CASIA 48 87.4% 94.1% 

PCA FVC 42 88.9% 80.2% 

GA FVC 52 86.3% 92.8% 

PSO FVC 50 86.8% 94.3% 

 

These results indicate that PSO outperforms PCA by 

more than 13 percentage points in recognition 

accuracy while preserving comparable dimensionality 

reduction, demonstrating its effectiveness in selecting 

highly discriminative fingerprint features. 

 

6.2 Iris Multi-Algorithm Results 

Euclidean Distance Results 

The recognition performance of the iris multi-

algorithm system using Euclidean distance–based 

matching is presented in Table 2. PCA attains a 

reduction of over 91% but achieves a modest accuracy 

of 82.1%. GA improves accuracy to 91.2% with a 

reduction of 78.5%, while PSO achieves the best 

performance with an accuracy of 92.8% and a 

balanced reduction of 83.6%. With Euclidean distance 

matching, PSO achieves 92.8% accuracy. 

 

Table 2: Results for multi-algorithmic Iris systems 

based on Euclidean Distance 

Method DB Selected Reduction Accuracy 

PCA CASIA 124 91.4% 82.1% 

GA CASIA 186 78.5% 91.2% 

PSO CASIA 164 83.6% 92.8% 

 

Supervised Classifier Results 

Table 3 reports the performance of supervised 

classifiers (C4.5, SMO, and Naive Bayes) using PCA-

, GA-, and PSO-selected features. The PSO-based 

approach consistently achieves the highest recognition 

rates, ranging from 96.4% to 96.5% for C4.5 and 

SMO, and 93.2% for Naive Bayes. Compared with 
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GA, PSO improves recognition accuracy by 

approximately 0.6%–1.3%, highlighting its superior 

optimization of classifier-relevant feature subsets. 

 

Table 3: Results for multi-algorithmic Iris systems 

based on Supervised Classifier 

Method C4.5 SMO Naive Bayes 

PCA 85.2% 86.4% 82.1% 

GA 95.8% 95.2% 91.5% 

PSO 96.4% 96.5% 93.2% 

 

6.3 Palmprint Multi-Algorithm Results 

Table 4 presents the recognition results for the 

palmprint modality using Euclidean distance and 

supervised classifiers. PCA yields relatively low 

accuracies (80.8%–85.2%), whereas GA improves 

performance to the range of 91.5%–95.2%. The 

proposed PSO-based feature selection consistently 

achieves the highest recognition rates, ranging from 

93.2% with Euclidean matching to 96.5% with SMO, 

demonstrating robust performance across different 

classification strategies. 
 

Table 4: Results for multi-algorithmic Palmprint 

systems 

Method Euclidean C4.5 SMO 

PCA 80.8% 85.2% 84.9% 

GA 91.5% 94.5% 95.2% 

PSO 93.2% 96.1% 96.5% 

 

6.4 Computational Time Analysis 

The computational costs associated with PCA, GA, 

and PSO are summarized in Table 5. PCA incurs 

minimal computational overhead, with a total 

processing time of approximately 1.05 units. GA and 

PSO require substantially higher training and selection 

times due to their iterative nature. While PSO exhibits 

a higher overall computational cost than GA, it 

achieves a lower feature selection time (8.4 units 

versus 12.5 units) and a reduced testing time (0.08 

units versus 0.12 units), which is critical for real-time 

biometric authentication. 

 

Table 5: Computational Time 

Method Training Selection Testing Total 

PCA 0.8 0.2 0.05 1.05 

GA 45.2 12.5 0.12 57.82 

PSO 52.3 8.4 0.08 60.78 

 

 

6.5 Feature Reduction Comparison 

Table 6 provides a comparative summary of feature 

reduction achieved across biometric modalities. PCA 

consistently performs the most aggressive 

dimensionality reduction, with an average reduction of 

88.9%, but at the expense of recognition accuracy. GA 

produces the most conservative reduction, averaging 

82.8%, while PSO achieves a balanced reduction of 

approximately 85.0% across all systems. 

Overall, PSO offers a favorable trade-off between 

dimensionality reduction and recognition 

performance, combining substantial feature space 

compression with consistently superior accuracy 

across all biometric modalities. 

 

Table 6: Feature Dimensionality Reduction for Multi-

Algorithmic Systems 

Biometric System PCA GA PSO 

Fingerprint (CASIA) 90.0% 85.8% 87.4% 

Fingerprint (FVC) 88.9% 86.3% 86.8% 

Iris (CASIA) 91.4% 78.5% 83.6% 

Palmprint (CASIA) 85.2% 80.6% 82.1% 

Average 88.9% 82.8% 85.0% 

 

VII. DISCUSSION 

 

7.1 PSO Performance Analysis 

The experimental results demonstrate that Particle 

Swarm Optimization (PSO) consistently delivers 

substantial improvements in recognition accuracy over 

conventional dimensionality reduction techniques 

across all evaluated biometric modalities. Compared 

with PCA, PSO achieves accuracy gains of 

approximately 10%–13% for fingerprint systems 

(94.1%–94.3% versus 80%–81%), 10%–14% for iris 

systems (92.8%–96.5% versus 82%–86%), and 13%–

16% for palmprint systems (93.2%–96.5% versus 

80%–85%). These improvements highlight PSO’s 

ability to explicitly optimize feature subsets for 

classification performance, in contrast to PCA, which 

performs variance-based projection and may discard 

class-discriminative information. 

A comparison between PSO and Genetic Algorithms 

(GA) further reveals the advantages of PSO-based 

feature selection. While both methods achieve strong 

recognition performance, PSO consistently provides 

0.6%–1.3% higher accuracy when combined with 

supervised classifiers. In addition, PSO typically 

selects 2%–5% fewer features than GA, indicating 

more compact and efficient feature subsets. From an 
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optimization perspective, PSO exhibits faster 

convergence behavior, with solutions typically 

stabilizing within approximately 40 iterations, and 

requires fewer parameters to tune. These results 

suggest that although GA and PSO are both effective 

for feature selection, PSO offers superior 

computational efficiency with modest but consistent 

accuracy gains. 

 

7.2 Practical Implications 

Real-Time Deployment Feasibility 

The reduced testing time achieved by PSO-based 

feature selection (approximately 0.08 s per sample) 

enables real-time biometric authentication in practical 

scenarios. This performance supports sub-100 ms 

response times suitable for mobile device unlocking, 

access control systems, and large-scale identification 

tasks, where low latency and high throughput are 

critical. 

Benefits of Feature Space Reduction 

An average feature reduction of approximately 85% 

yields several practical benefits. First, it results in 

significant memory savings, reducing stored biometric 

template sizes by more than 80%. Second, it improves 

transmission efficiency for remote or distributed 

authentication systems. Third, the reduced feature 

representation enhances privacy by making it more 

difficult to reconstruct original biometric traits. 

Finally, lower dimensionality reduces computational 

requirements, facilitating deployment on embedded or 

resource-constrained hardware platforms. 

 

Cost–Benefit Trade-Off 

Although PSO-based feature selection incurs a higher 

one-time optimization cost (approximately 50–60 s 

during system development or enrollment), this cost is 

amortized over the system’s operational lifetime. For 

large-scale deployments involving millions of 

authentication events, the cumulative savings from 

reduced testing time vastly outweigh the initial 

optimization overhead, rendering the one-time cost 

negligible in practical terms. 

 

7.3 Limitations and Considerations 

Despite its advantages, several considerations should 

be taken into account when applying PSO-based 

feature selection. 

Particle diversity: PSO may converge prematurely if 

particle diversity is insufficient, particularly during 

early iterations. To mitigate this risk, velocities should 

be initialized across the full allowable range, fitness 

stagnation should be monitored, and population 

reinitialization may be employed when necessary. 

Multiple independent PSO runs can further improve 

robustness. 

Feature selection stability: The optimal feature subset 

may vary slightly across different random 

initializations. A practical strategy is to perform PSO 

multiple times with different random seeds and select 

features that consistently appear across a majority of 

runs, yielding a more stable and reliable feature subset. 

Scalability: The computational cost of PSO scales with 

feature space dimensionality. For extremely high-

dimensional problems (e.g., feature spaces exceeding 

10,000 dimensions), it may be beneficial to apply an 

initial filtering or coarse dimensionality reduction 

step—such as statistical filtering or PCA—prior to 

PSO, or to employ feature grouping strategies to 

reduce the effective search space. 

 

VIII. CONCLUSION 

 

This paper presented a comprehensive multi-algorithm 

biometric person authentication framework that 

employs standard Particle Swarm Optimization (PSO) 

for feature selection. Extensive experiments 

conducted on fingerprint, iris, and palmprint systems 

demonstrate the effectiveness and practicality of PSO 

in managing high-dimensional biometric feature 

spaces. 

The experimental results show that PSO achieves 

recognition accuracies ranging from 94.1% to 96.5% 

while reducing the feature dimensionality by 

approximately 83%–88% across all evaluated 

modalities. Compared with variance-based Principal 

Component Analysis (PCA), PSO yields substantial 

accuracy improvements of 10%–16% while 

maintaining comparable levels of dimensionality 

reduction, highlighting the advantage of optimization-

driven feature subset selection over projection-based 

methods. When compared with Genetic Algorithms 

(GA), PSO attains comparable or consistently superior 

recognition performance, with improvements of 

0.6%–1.3%, while requiring fewer control parameters 

and exhibiting lower sensitivity to parameter tuning. 

From a practical perspective, PSO incurs a modest 

one-time optimization cost of approximately 50–60 

seconds during system development or enrollment, 
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which is effectively amortized over the system’s 

operational lifetime. The resulting testing time of 

approximately 0.08s per authentication supports real-

time deployment scenarios. Moreover, PSO 

demonstrates strong scalability, effectively handling 

fused feature spaces with dimensionalities as high as 

3500–6500 features without observable degradation in 

recognition performance. 

Overall, the results confirm that standard PSO 

provides a robust, efficient, and practically deployable 

solution for feature selection in multi-algorithm 

biometric systems. While advanced PSO variants or 

hybrid metaheuristics may offer incremental 

performance gains, the classical PSO formulation 

adopted in this work strikes an effective balance 

between accuracy, computational efficiency, and 

implementation simplicity, making it well suited for 

real-world biometric authentication applications. 
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