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Abstract: - This paper presents an efficient face recognition framework based on the Fast Reduced Sampling 

Matching Pursuit (FRSMP) algorithm. Unlike conventional greedy sparse recovery methods, which may select 

an inappropriate number of components per iteration, the proposed approach introduces an adaptive double 

threshold mechanism to determine relevant elements in a data-driven manner. Furthermore, it employs the 

Sherman Morrison Woodbury identity to iteratively update the least squares solution, thereby avoiding 

expensive large scale matrix inversions and significantly reducing computational complexity. The proposed 

method is extensively evaluated in terms of recognition accuracy, execution time, iteration count, and 

reconstruction error, and compared with state of the art techniques. When integrated into the kernel based 

sparse representation classification (KSRC) framework, FRSMP demonstrates notable performance gains, 

achieving high recognition rates (97.41% on LFW, 98.67% on GT, and 95.37% on AR) with reduced 

computational cost. The results confirm that the method outperforms existing sparse representation approaches 

while maintaining an effective balance between accuracy and elliciency, making it suitable for practical and 

resource constrained applications. 
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1 Introduction 
Recent research has increasingly focused on 

compressive sensing and sparse representation as 

effective frameworks in signal and image 

processing, [1], [2]. Their ability to reconstruct 

high-dimensional data from a limited number of 

measurements has enabled successful applications 

in image compression, denoising, and face 

recognition. Nevertheless, face recognition remains 

a challenging task under practical conditions such as 

illumination changes, pose variations, and partial 

occlusion. In this regard, kernel-based sparse 

representation classification has shown strong 

robustness when dealing with distorted or 

incomplete facial images. 

Originally proposed in [3], KSRC maps input 

samples into a high-dimensional kernel feature 

space via a nonlinear transformation. Within this 

space, sparse coding is performed by solving an l1-

norm minimization problem, which enhances the 

method’s robustness to noise and occlusion. 

A primary limitation of KSRC, however, lies in 

its high computational burden, resulting from the 

large dimensionality introduced by kernel mappings. 

To address this issue, dimensionality reduction 

techniques are frequently applied before performing 

sparse representation. Methods such as Principal 

Component Analysis (PCA) [4], Linear 

Discriminant Analysis (LDA) [5], and Random 

Projection (RP) [6] help lower computational 

demands while preserving the most discriminative 

features of the data. 

Sparse reconstruction methods are commonly 

divided into two principal categories, one of which 

relies on convex optimization techniques such as 

LASSO [7], BPDN [8], and GPSR [9]. Although 

these approaches provide reliable and accurate 

solutions, they typically involve considerable 

computational cost. Consequently, their use is often 

restricted to problems of limited or moderate size. 

 Greedy search algorithms are widely used to 

reduce computational complexity while retaining 

acceptable reconstruction accuracy, with 

representative approaches including OMP, StOMP, 
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SWOMP, SaKOMP, CoSaMP, SP, and RMP [10], 

[11], [12], [13], [14], [15], [16], which 

experimentally achieve a good balance between 

speed and performance. 

However, the performance of many greedy 

algorithms strongly depends on the heuristic rules 

used for atom selection at each iteration. 

Inappropriate selection may result in choosing too 

many or too few atoms, which can degrade the 

reconstruction accuracy. 

 This behavior may increase reconstruction time 

and compromise signal estimation accuracy. 

Additionally, conventional sparse recovery methods 

that employ least-squares updates often require 

computing the pseudo-inverse of matrices at every 

iteration, leading to high computational costs for 

large-scale data. To mitigate this issue, incremental 

matrix inversion techniques based on the Sherman 

Morrison formula [17] and its extension, the 

Sherman Morrison Woodbury formula [18], have 

been developed. These approaches allow efficient 

updates to the inverse when columns are added or 

removed. However, to date, no studies have 

explored inverse update strategies that can handle 

the insertion or deletion of arbitrary columns at any 

position within the matrix, particularly in the 

context of greedy sparse reconstruction algorithms. 

In this study, we propose a practical and 

scalable solution to the sparse recovery problem via 

a novel greedy algorithm termed Fast Reduced 

Sampling Matching Pursuit (FRSMP). The FRSMP 

approach addresses key limitations of traditional 

sparse recovery methods by adaptively selecting an 

appropriate number of atoms at each iteration 

through a double-thresholding strategy, while 

simultaneously updating the matrix inverse using 

the Sherman–Morrison–Woodbury (SMW) formula. 

This eliminates the need for computationally 

expensive full-scale matrix inversions, resulting in a 

substantial improvement in efficiency. 

The method achieves both faster computation 

and higher recognition accuracy by combining the 

adaptive element selection mechanism with the 

SMW-based inverse update procedure. This design 

allows for iterative sparse signal estimation without 

resorting to large matrix inversions, making it 

highly suitable for real-time and large-scale 

applications. 

This work can be viewed as a natural extension 

of previous research, [19], where FRSMP was 

initially introduced for compressive sensing. That 

earlier study focused on algorithmic design and 

theoretical analysis, showing that FRSMP attains 

faster convergence and higher reconstruction 

accuracy under both noisy and noiseless conditions 

compared with classical greedy algorithms such as 

OMP [10], StOMP [11], CoSaMP [14], and SP [15]. 

Here, we extend the application of FRSMP to 

face recognition, particularly within the kernel-

based sparse representation classification (KSRC) 

framework. By integrating FRSMP into KSRC, we 

develop a face recognition pipeline capable of 

efficiently processing large-scale image datasets 

while maintaining robustness. Extensive 

experiments on benchmark datasets, including 

LFW, AR, and GT, demonstrate that the proposed 

KSRC_FRSMP method achieves both superior 

recognition rates and significantly reduced 

classification time, highlighting its suitability for 

practical deployments. 

The primary contribution of this work lies in the 

development of FRSMP with a double-thresholding 

mechanism for adaptive element selection, 

effectively addressing the instability and arbitrary 

selection issues common in traditional greedy 

pursuit methods. Additionally, the framework 

leverages the SMW formula for efficient matrix 

inverse computation, removing the need for 

repeated full-scale inversions and drastically 

lowering computational cost. 

Overall, the proposed approach delivers high 

recognition performance with reduced processing 

time and improved scalability in high-dimensional 

kernel feature spaces. The method is grounded in 

adaptive and efficient sparse representation, where 

FRSMP dynamically selects an appropriate number 

of support elements and updates the inverse matrix 

iteratively. This design ensures computational 

scalability while maintaining accuracy, enabling the 

system to outperform several state-of-the-art face 

recognition methods that rely on conventional 𝑙1-

norm solvers. 

To assess the performance of the proposed 

approach, we incorporate FRSMP into the KSRC 

framework for face recognition. Experimental 

evaluations on standard benchmark datasets, 

including LFW, GT, and AR, indicate that the 

KSRC_FRSMP method surpasses current state-of-

the-art techniques in both recognition accuracy and 

computational efficiency, maintaining robust 

performance even under noisy conditions. 

 Section 2 reviews CS, KSRC, and common 

greedy pursuit algorithms; Section 3 presents the 

proposed FRSMP method; Section 4 reports and 

analyses experimental results demonstrating the 

effectiveness of FRSMP with KSRC; and Section 5 

concludes the paper by summarizing the main 

contributions and discussing its computational 

efficiency for real-time face recognition. 
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2 Kernel Sparse Representation 
 

2.1  Compressed Sensing 
Let 𝑥 ∈ 𝑅𝑁denote an 𝑠-sparse signal, that is, a 

signal containing at most 𝑠nonzero elements. In the 

context of compressed sensing (CS), the goal is to 

reconstruct 𝑥from a limited number of linear 

measurements. In practice, this acquisition process 

is commonly modeled as follows: 

𝑦 = 𝐴𝑥                                               (1) 

where 𝑦 ∈ 𝑅𝑀denotes the measurement vector, 

while 𝐴 ∈ 𝑅𝑀×𝑁represents the sensing matrix, with 

the dimensionality condition 𝑠 < 𝑀 < 𝑁 being 

satisfied. Given this underdetermined system, the 

recovery of the original sparse signal is not 

straightforward. However, Donoho [1] showed that 

exact reconstruction of 𝑥can be achieved by solving 

an 𝑙1-norm minimization problem, expressed as 

𝑥 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑥‖𝑥‖1 𝑠. 𝑡.   𝑦 = 𝐴𝑥      (2) 

 

Accurate recovery requires the sensing matrix A 

to satisfy the Restricted Isometry Property (RIP), 

which limits the distortion of sss-sparse signals 

during measurement. Specifically, RIP holds if there 

exists a constant  𝛿𝑠 ∈ [0,1] such that the Euclidean 

norms of sparse vectors are approximately 

preserved, allowing reliable signal reconstruction. 

𝑥 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑥‖𝑥‖1 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑦 = 𝐴𝑥     (3) 

  

2.2 Kernel Sparse Representation-Based 

 Classifier 
Consider a training dataset composed of 𝐶distinct 

classes, where each class 𝑖contains 𝑁𝑐 facial images 

of dimension 𝑀. The training samples associated 

with class 𝑖can be arranged into a matrix defined as: 

𝐴𝑖 = [𝑎𝑖,1, 𝑎𝑖,2, . . , 𝑎𝑖,𝑗, . . , 𝑎𝑖,𝑁𝑐] ∈ 𝑅𝑀×𝑁𝑐             (4) 

where each column vector 𝑎𝑖,𝑗 ∈ 𝑅𝑀represents the 

𝑗𝑡ℎ facial image belonging to class 𝑖. By 

concatenating the class-specific matrices, the 

complete dictionary 𝐴is constructed as: 

𝐴 = [𝑎1, 𝑎2, . . , 𝑎𝑁] ∈ 𝑅𝑀×𝑁, where 𝑁 = ∑𝐶
𝑖=1 𝑛𝑖             

(5) 
 

In practice, this dictionary serves as a compact 

representation of all training samples across classes. 

The Kernel Sparse Representation–Based Classifier 

(KSRC) [3] operates by projecting both the training 

samples and a given test sample into a high-

dimensional feature space 𝐻through a nonlinear 

mapping 𝜙(⋅): 𝑅𝑀 → 𝐻. Within this kernel-induced 

space, the dictionary is implicitly transformed, 

enabling more effective discrimination among 

classes: 

𝛷(𝐴) = [𝜙(𝑎1), 𝜙(𝑎2), . . . , 𝜙(𝑎𝑁)]𝑇 ∈ 𝑅𝐷×𝑁          
(6) 

 
The underlying assumption of KSRC [20], [21] 

is that a test sample 𝑦 can be approximately 

represented as a sparse linear combination of the 

mapped training samples in the feature space. This 

leads to the following sparse optimization problem: 

𝑥 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑥‖𝑥‖1 𝑠. 𝑡 𝜙(𝑦) = 𝜙(𝐴)𝑥     (7) 
 

Direct computation in the high-dimensional 

space 𝐻is generally impractical. Therefore, the 

above formulation is transformed into an equivalent 

kernel-based representation using inner products 

defined by a kernel function. The sparse coding 

problem is then reformulated as: 

𝑥 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑥‖𝑥‖1𝑠. 𝑡 ‖𝐵𝑇𝑘(𝐴, 𝑦) − 𝐵𝑇𝐾𝑥‖2
2 ≤ 𝜀      

(8) 

where 𝐾 = 𝜙(𝐴)𝑇𝜙(𝐴) ∈ 𝑅𝑁×𝑁denotes the kernel 

Gram matrix, 𝑘(𝐴, 𝑦) = 𝜙(𝐴)𝑇𝜙(𝑦) ∈
𝑅𝑁represents the kernel similarity vector between 

the test sample and the training set, 𝐵 ∈ 𝑅𝑁×𝑑is a 

projection matrix employed for dimensionality 

reduction, and 𝜀 is a small tolerance parameter 

controlling reconstruction error. 

 

Once the sparse coefficient vector 𝑥is obtained, 

the reconstruction residual for each class 𝑖is 

computed independently as: 

 𝑟𝑖(𝑦) =

∥ 𝐵𝑇𝑘(𝐴, 𝑦) − 𝐵𝑇𝐾𝛿𝑖(𝑥) ∥2                              (9)  

where 𝛿𝑖(𝑥)is an operator that preserves only the 

coefficients associated with class 𝑖, while setting all 

other entries to zero. 

 

Finally, the identity of the test sample is 

determined according to the minimum 

reconstruction error criterion: 

 𝑙𝑎𝑏𝑒𝑙(𝑦)

= 𝑎𝑟𝑔 𝑚𝑖𝑛 𝑖 𝑟𝑖(𝑦)                                          (10)  

 

In the proposed framework, the conventional 𝑙1-

norm solvers used within KSRC are replaced by the 

Fast Reduced Sampling Matching Pursuit (FRSMP) 

algorithm. This substitution significantly reduces 

computational complexity while maintaining 
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discriminative sparse representations, thereby 

enhancing both the efficiency and scalability of the 

KSRC classifier for large-scale face recognition 

tasks. 

 

 

2.3  Greedy Pursuit Algorithms 
Owing to their computational efficiency, greedy 

pursuit techniques are commonly adopted in sparse 

signal recovery. Under the measurement model 𝑦 =
𝐴𝑥, they iteratively build an estimate of the sparse 

vector 𝑥 through adaptive selection of columns from 

𝐴 that match the measurements. 

At each iteration, the residual is updated, and 

the most correlated columns of A are chosen to 

update the support and estimate the sparse 

coefficients. 

Among the earliest and most influential greedy 

approaches is Orthogonal Matching Pursuit (OMP), 

[10]. OMP selects a single atom per iteration 

specifically, the one exhibiting the maximum 

correlation with the current residual and updates the 

residual through an orthogonal projection. While 

OMP is straightforward and effective for low 

sparsity levels, its requirement for one iteration per 

nonzero coefficient often results in a large number 

of iterations and increased computational cost in 

high-dimensional settings. 

To accelerate convergence, several extensions 

of OMP have been proposed that allow the selection 

of multiple atoms at each iteration. Stagewise 

Orthogonal Matching Pursuit (StOMP) selects 

atoms whose correlation magnitudes exceed a 

threshold derived from the residual energy, whereas 

Stagewise Weak Orthogonal Matching Pursuit 

(SWOMP) retains atoms whose correlations surpass 

a fixed fraction of the maximum correlation value. 

These stagewise strategies reduce the number of 

iterations but may suffer from the inclusion of 

irrelevant atoms, especially in noisy environments, 

[11]. 

Greedy methods with pruning improve 

robustness by expanding a candidate atom set and 

then retaining only the most significant coefficients. 

CoSaMP [14] and SP [15] follow this strategy, with 

CoSaMP using a larger-than-expected candidate set 

before pruning, while SP restricts the set size to the 

assumed sparsity level. Although this enhances 

stability, reliance on a predefined sparsity may lead 

to over- or under-selection when the true sparsity is 

unknown or signal-dependent. 

The Reduced-Set Matching Pursuit (RMP) [16] 

employs an adaptive double-thresholding strategy to 

improve atom selection by first identifying highly 

correlated atoms and then retaining only the most 

relevant ones. While this reduces the influence of 

weak or noisy components, RMP still requires 

solving a least-squares problem with explicit matrix 

inversion during reconstruction. 

A key computational bottleneck in greedy 

pursuit methods is the repeated least-squares 

estimation at each iteration, as the growing support 

set makes pseudo-inverse computations increasingly 

expensive, especially for large-scale or real-time 

applications. 

Greedy pursuit algorithms offer a practical 

trade-off between accuracy and efficiency, but 

heuristic atom selection and repeated matrix 

inversions limit their scalability. These challenges 

motivate the proposed Fast Reduced Sampling 

Matching Pursuit (FRSMP), which combines 

adaptive selection with efficient inverse updates to 

improve accuracy and computational performance. 

 

 

3  The proposed Method 
Most existing greedy pursuit algorithms employed 

for sparse signal recovery rely on conventional ℓ1-

norm minimization strategies and have shown 

satisfactory performance in a variety of applications. 

Nevertheless, a fundamental drawback of these 

approaches lies in their unregulated atom selection 

process. At each iteration, they may either include 

an excessive number of atoms or fail to select a 

sufficient set, which leads to unnecessary 

computational overhead and degradation in 

reconstruction accuracy. Moreover, the repeated 

computation of least-squares solutions significantly 

increases processing cost, especially when dealing 

with high-dimensional data. 

To address these limitations, this work 

introduces a novel greedy sparse recovery technique 

termed Fast Reduced Sampling Matching Pursuit 

(FRSMP). The proposed method is specifically 

designed to enhance both the accuracy and 

efficiency of sparse representation by combining 

adaptive atom selection with an efficient inverse 

matrix update mechanism. Unlike traditional greedy 

algorithms, FRSMP dynamically adjusts the number 

of selected atoms at each iteration using a double-

thresholding strategy, thereby avoiding arbitrary or 

heuristic selection rules. 

The proposed approach is tightly integrated 

within the Kernel Sparse Representation-based 

Classification (KSRC) framework. Compressed 

sensing theory focuses on reconstructing sparse 

signals from a limited number of measurements, 

while KSRC exploits nonlinear kernel mappings to 

improve class separability in a high-dimensional 

feature space. By incorporating FRSMP into KSRC, 
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sparse coefficients can be computed efficiently 

without repeatedly solving large-scale ℓ1-norm 

optimization problems, which significantly reduces 

computational complexity. 

A key advantage of the proposed approach is its 

ability to perform iterative least-squares updates 

without full matrix inversions. FRSMP employs 

incremental inverse updates based on the Sherman 

Morrison Woodbury (SMW) identity [18], reducing 

memory usage and computational cost, and making 

it well suited for large-scale and real-time face 

recognition tasks. 

Beyond efficiency, the framework improves 

robustness by reducing sensitivity to noise, 

illumination variations, and occlusions. Its adaptive 

atom selection retains only informative components, 

yielding sparse representations that are more stable 

and discriminative than those of conventional 

greedy pursuit methods. 

The FRSMP algorithm can be viewed as an 

extension of earlier work introduced in [19], where 

the method was initially developed for general 

compressed sensing problems. That study primarily 

focused on algorithmic formulation and theoretical 

analysis, demonstrating faster convergence and 

improved reconstruction accuracy compared with 

classical greedy techniques such as OMP, StOMP, 

CoSaMP, and SP. In the present work, the scope of 

FRSMP is extended to face recognition by 

embedding it within the KSRC framework, thereby 

enabling efficient sparse coding in kernel-induced 

feature spaces. 

Before presenting the complete FRSMP 

algorithm, the next subsection introduces the inverse 

matrix update strategy that forms the core 

computational component of the proposed method. 

In many greedy pursuit algorithms, the least-squares 

estimation step requires computing the inverse of a 

growing matrix at each iteration, which becomes 

prohibitively expensive as the support size 

increases. To overcome this issue, the proposed 

approach leverages the SMW formula [18] to 

incrementally update the inverse when atoms are 

added to or removed from the support set, 

eliminating the need for repeated full matrix 

inversions. 

Let 𝛷 ∈ 𝑅𝑑×𝑁 denote the sensing matrix, 

defined in this work as 𝐵𝑇𝐾, where 𝐵 and 𝐾 

represent the basis and kernel matrices, respectively. 

 

3.1  Update Inverse Matrix 

Let 𝛷 ∈ 𝑅𝑑×𝑡 be a symmetric positive definite 

matrix, where 𝑡 < 𝑑. In many sparse recovery 

algorithms, it becomes necessary to update the 

inverse of this matrix when a subset of columns is 

either appended or removed during the iterative 

process. Recomputing the inverse from scratch after 

each modification is computationally expensive and 

impractical for large-scale problems. 

To efficiently handle such updates, the proposed 

method employs the Sherman Morrison Woodbury 

(SMW) identity, which provides a closed-form 

expression for updating the inverse of a matrix 

subject to a low-rank modification. For a matrix 

expressed as 𝐵 + 𝑉𝐶𝑉𝑇, the inverse can be written 

as: 

(𝐵 + 𝑉𝐶𝑉𝑇)−1 = 𝐵−1 − 𝐵−1( 𝐶−1 + 𝑉𝑇

𝐵−1𝑉)−1𝑉𝑇𝐵−1                                                                                  
(11) 

 

This formulation is particularly effective when 

the update rank  𝑞  , representing the number of 

added or removed columns, is much smaller than  𝑡. 

In this case, inverse updates are significantly 

cheaper than full matrix inversion, leading to 

notable reductions in execution time, as confirmed 

by the experimental results. 

  

Consider a symmetric matrix 𝑅 partitioned as: 

𝑅 = [𝐵 + 𝑉 𝑉𝑇 𝐶 ]                    (12) 
 

To compute the inverse of the partitioned matrix 

𝑅, we rely on the general inverse formula for block 

matrices [18], which can be expressed as follows 

[22]: 

𝑅−1 = [𝐹11
−1  − 𝐹11

−1𝑉𝐶−1  − 𝐶−1𝑉𝑇𝐹11
−1 𝐹22

−1 ]  (13) 
 

where 

𝐹11 = 𝐵 − 𝑉𝐶−1𝑉𝑇                                     (14) 
 

𝐹22 = 𝐶 − 𝑉𝑇𝐵−1𝑉                                     (15) 
 

The inverses of  𝐹11 and 𝐹22  can be efficiently 

updated using the Sherman–Morrison–Woodbury 

(SMW) identity, avoiding full inversion and 

reducing computational overhead, especially for 

large matrices in iterative processes. 

𝐹11
−1 = 𝐵−1 + 𝐵−1𝑉𝐹22

−1𝑉𝑇𝐵−1                      (16) 
 

𝐹22
−1 = 𝐶−1 + 𝐶−1𝑉𝑇𝐹11

−1𝑉𝐶−1                       (17) 
 

Unlike conventional greedy pursuit methods 

that recompute a full matrix inverse at every 

iteration, the use of the SMW identity enables 

incremental inverse updates. This strategy 

significantly lowers computational complexity and 
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ensures scalability in high-dimensional kernel 

spaces, which is essential for the KSRC framework. 

The following subsections describe how the 

inverse matrix is updated when columns are either 

added to or removed from the sensing matrix. 

 

3.1.1 Updating Inverse Matrix by Adding 

 Columns 

Assume that, at iteration 𝑖, a set of new columns 

collected in matrix 𝑈 is appended to the previous 

sensing matrix 𝛷𝑖−1. The updated matrix is given 

by: 𝛷𝑖 = [𝛷𝑖−1 𝑈].  
 

The associated Gram matrix becomes: 

𝐵𝑖 = 𝐵𝑖−1 + 𝑈𝑈𝑇 = 𝛷𝑖−1
𝑇 𝛷𝑖−1 + 𝑈𝑈𝑇 = 

[𝛷𝑖−1
𝑇

 𝑈𝑇 ][𝛷𝑖−1 𝑈 ]                                                        

(18)  
which can be written in block form as: 

𝐵𝑖 = [𝛷𝑖−1
𝑇 𝛷𝑖−1 𝛷𝑖−1

𝑇 𝑈 𝑈𝑇𝛷𝑖−1 𝑈𝑇𝑈 ]        (19) 

 

By applying block matrix inversion together 

with the SMW formula, the inverse 𝐵𝑖
−1 can be 

updated efficiently without computing a full inverse: 

𝐵𝑖
−1 =[𝐹11

−1  − 𝐵𝑖−1
−1 𝛷𝑖−1

𝑇 𝑈𝐷−1  

                      −𝐷−1𝑈𝑇𝛷𝑖−1𝐵𝑖−1
−1  𝐷−1  ]                       (20) 

where 

𝐹11
−1 = 𝐵𝑖−1

−1 + 𝐵𝑖−1
−1 𝛷𝑖−1

𝑇 𝑈𝐷−1𝑈𝑇𝛷𝑖−1(𝐵𝑖−1
−1 )𝑇   

(21) 
 

𝐷 = 𝑈𝑇𝑈 − 𝑈𝑇𝛷𝑖−1𝐵𝑖−1
−1 𝛷𝑖−1

𝑇 𝑈                    (22) 
 

This update process is summarized in Algorithm 3 

(Annex). 

 

3.1.2 Updating Inverse Matrix by Deleting 

 Columns 

When a subset of columns, represented by the 

matrix 𝑃, is removed, the current sensing matrix can 

be expressed as:  𝛷𝑖 = [𝛷𝑖+1 𝑃], where 

𝛷(1)denotes the matrix after deletion. By applying a 

similar block-partitioning strategy, the inverse 

𝐵(1)
−1can be efficiently derived from 𝐵𝑖

−1using the 

Sherman–Morrison–Woodbury (SMW) identity, 

without the need to recompute the entire inverse. 

 

The corresponding Gram matrix takes the form: 

𝐵𝑖 = [𝛷𝑖+1
𝑇 𝛷𝑖+1 𝛷𝑖+1

𝑇 𝑃 𝑃𝑇𝛷𝑖+1 𝑃𝑇𝑃 ]           (23) 
 

The inverse of the partitioned matrix  𝐵𝑖
−1 can 

be expressed via its sub-blocks, allowing efficient 

incremental updates that reduce computational cost 

while preserving numerical stability in iterative 

sparse reconstruction. 

𝐵𝑖
−1

= [𝐹11
−1  − 𝐵𝑖+1

−1 𝛷𝑖+1
𝑇 𝑃𝐷−1  

− 𝐷−1𝑃𝑇𝛷𝑖+1𝐵𝑖+1
−1  𝐷−1 ]                                                  

(24) 

where: 

𝐹11
−1 = 𝐵𝑖+1

−1 + 𝐵𝑖+1
−1 𝛷𝑖+1

𝑇 𝑃𝐷−1𝑃𝑇𝛷𝑖+1(𝐵𝑖+1
−1 )𝑇          

(25)  
 

Let 𝑍 = 𝐵𝑖+1
−1 𝛷𝑖+1

𝑇 𝑃. Eq. (25) can be simplified as: 

𝐹11
−1 = 𝐵𝑖+1

−1 + 𝑍𝐷−1𝑍𝑇                              (26) 

 

Finally, the inverse matrix for the next iteration is 

obtained as: 

𝐵𝑖+1
−1 = 𝐹11

−1 − 𝑍𝐷−1𝑍𝑇                                  (27) 
 

This deletion-based inverse update is also 

summarized in Algorithm 3. 

 

3.2 Fast Reduced Sampling Matching 

 Pursuit (FRSMP) 
The FRSMP algorithm improves sparse recovery 

through two key mechanisms. Its adaptive double-

threshold atom selection dynamically chooses atoms 

based on the residual’s dominant components, 

reducing over- or under-selection and enhancing 

reconstruction accuracy compared to traditional 

greedy methods. 

The second feature of FRSMP is its efficient 

iterative least-squares estimation using incremental 

inverse updates. By applying the Sherman–

Morrison–Woodbury (SMW) identity, FRSMP 

avoids costly pseudo-inverse computations, 

reducing the  𝑂(𝑡3) inversion cost and greatly 

improving computational efficiency. 

At each iteration, FRSMP adaptively selects 

atoms using a dual-threshold rule based on the 

residual. The chosen indices are combined with 

previous ones to update the support set 𝑇𝑖, enabling 

progressive and stable signal reconstruction. 

Once the support set has been updated, the 

sparse coefficient vector is estimated by solving a 

least-squares optimization problem restricted to the 

selected atoms. This estimation typically involves 
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computing the pseudo-inverse of the sensing sub-

matrix 𝛷, given by 

𝛷𝑇,𝛷𝑇
†

= (𝛷𝑇
𝑇𝛷𝑇)−1𝛷𝑇

𝑇, ¨ 

 

where and 𝛷𝑇 ∈ 𝑅𝑑×𝑡 (k<<s<<d).  

 

By integrating the inverse update strategy 

described in Section 3.1, FRSMP avoids 

recomputing this pseudo-inverse from scratch at 

each iteration. 

A central advantage of the FRSMP framework 

is its adaptive double-thresholding mechanism, 

which automatically regulates the number of 

selected dictionary atoms in a data-driven manner. 

This feature addresses common shortcomings 

observed in classical greedy algorithms such as 

OMP, CoSaMP, and SP, where fixed or heuristic 

selection rules often lead to unstable support 

evolution. Consequently, FRSMP achieves more 

reliable support updates, improved reconstruction 

accuracy, and enhanced robustness to noise and 

modeling uncertainties. 

In general, directly computing the inverse of the 

nonsingular matrix (𝛷𝑇
𝑇𝛷𝑇)entails a computational 

complexity on the order of 𝑂(𝑡3), which becomes 

increasingly prohibitive as the support size grows. 

To alleviate this burden, FRSMP leverages the 

matrix inversion lemma to significantly reduce the 

associated computational overhead. Rather than 

recomputing the inverse at each iteration, the 

algorithm incrementally updates the inverse matrix 

as new atoms are added to the support. 

Following the estimation stage, a pruning 

operation is applied to retain only the most 

significant coefficients. The columns of 𝛷 

corresponding to discarded coefficients are 

removed, and the inverse matrix is updated 

accordingly. This pruning step ensures compact 

support representation and prevents unnecessary 

growth of the support set. 

The residual is updated iteratively until a 

stopping criterion is met, either when its change is 

below a threshold  𝛷 or a maximum iteration count 

is reached. At iteration 𝑖-th, the sensing sub-matrix 

and support set are denoted by 𝛷𝑖 and 𝑇𝑖, 

respectively. 

Algorithm 2 (Annex) provides a high-level 

overview of FRSMP, followed by a stepwise 

explanation showing how each iteration refines 

signal reconstruction efficiently and robustly. 

Identification: Compute the correlation vector 𝑔 

between the current residual 𝑟and the columns of 

the sensing matrix 𝛷. 

1) Support Merger: Select an initial candidate 

set containing the indices of the largest entries in the 

correlation vector. This set is then refined using the 

following thresholding rule: 

𝛺 = {𝑗: |𝑔
𝑗
| ≥ 𝑡𝑠 ∗

‖𝑟𝐽‖
2

√𝑑
},𝑗 = 1. . . 𝑁                       (28) 

where 𝑟𝐽 represents the residual restricted to the 

candidate index set 𝐽, and 𝑡𝑠 is a user-defined 

threshold parameter. The indices in 𝛺 are 

incorporated into the updated support set 𝑇𝑖. 

2) Estimation: Update the support set 𝑇𝑖 and 

estimate the sparse signal using least 

squares, with the inverse matrix updated 

incrementally. 

3) Pruning: Retain only the 𝑠largest 

coefficients of the estimated signal and set 

the remaining entries to zero. Remove the 

corresponding columns from 𝛷𝑖 and update 

the inverse matrix accordingly. 

4) Sample Update: Update the residual 

according to: 

𝑟 = 𝑦 − 𝛷𝑥                                                     (29) 
 

The iterative process continues until the 

stopping criterion 𝜀 is satisfied. A complete 

summary of the FRSMP algorithm is presented in 

Algorithm 4 (Annex). 

 

 

4  Experimental Results 
This section reports a comprehensive set of 

experiments designed to assess the effectiveness of 

the proposed approach in face recognition scenarios. 

The experimental evaluation focuses on 

demonstrating the advantages of the FRSMP 

algorithm in comparison with several established 

greedy pursuit methods, considering both ideal 

(noise-free) conditions and scenarios affected by 

noise. 

All experiments were performed in MATLAB 

(R2016). Algorithm performance was assessed 

using reconstruction error, runtime, and the number 

of iterations to convergence. Together, these metrics 

provide an objective evaluation of both accuracy 

and efficiency, enabling a fair comparison with 

existing methods and offering insight into the 

practical convergence behavior of the proposed 

approach. 

 

4.1 Comparisons of Greedy Pursuit 

 Algorithms 
For fair and unbiased evaluation, the proposed 

method was compared with several established 
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greedy pursuit algorithms, namely OMP, StOMP, 

SWOMP [11], CoSaMP, SP, and RMP [16]. 

Performance was primarily assessed using the 

reconstruction error (RE), which provides a 

quantitative measure of signal recovery accuracy: 

𝑅𝐸 =
‖𝑥−𝑥‖2

‖𝑥‖2
                                                  (30) 

 

Here, 𝑥 denotes the original 𝑠-sparse signal, 

while 𝑥 represents its 𝑠-sparse approximation. All 

reported results are averaged over 100 independent 

simulation runs. 

In each experimental trial, a synthetic 𝑠-sparse 

signal of length 𝑛 = 1024was generated, with 

nonzero entries drawn independently from a 

Gaussian distribution 𝑁(0,1). The sensing matrix 

𝐴 ∈ 𝑅𝑚×𝑛 was constructed by sampling its elements 

independently from a normalized Gaussian 

distribution 𝑁(0,1/𝑚), with the number of 

measurements fixed at 𝑚 = 256. 

For RMP, the threshold parameters were set to 

𝛼 = 0.75and 𝛽 = 0.5as suggested in [16]. SWOMP 

and StOMP were configured with 𝛼 = 0.7and 𝑡𝑠 =
2.5, respectively. In the FRSMP algorithm, the 

threshold parameter was set to 𝑡𝑠 = 3. The stopping 

criterion was defined either as reaching a maximum 

of 100 iterations or when the residual norm changed 

by less than 10−8. 

Figure 1 (Appendix) compares the algorithms 

under noiseless conditions. As shown in Figure 1(a) 

in Appendix, all methods exhibit low reconstruction 

error for sparsity levels below 80, while 

performance differences become evident beyond 

100. Notably, FRSMP attains the lowest 

reconstruction error at higher sparsity levels. The 

results in Figure 1(b) in Appendix further confirm 

its efficiency, as FRSMP converges with 

substantially fewer iterations than the competing 

methods. 

This behavior is expected for OMP, as selecting 

a single atom per iteration leads to an iteration count 

that closely follows the sparsity level. Although 

SWOMP and StOMP reduce the number of 

iterations, the absence of a pruning mechanism 

degrades their reconstruction accuracy. CoSaMP 

and SP maintain relatively stable performance, but 

their reliance on fixed atom selection restricts their 

adaptability. Finally, Figure 1(c) in Appendix 

illustrates the reconstruction time versus sparsity. 

FRSMP demonstrates a clear computational 

advantage, especially for sparsity levels above 50, 

which can be attributed to its adaptive atom 

selection strategy and efficient inverse-update 

mechanism. Overall, the noiseless experiments 

confirm that FRSMP provides improved 

reconstruction accuracy, faster convergence, and 

reduced computational cost compared to 

conventional greedy pursuit methods.  

The robustness of the algorithms was also 

assessed under additive Gaussian noise: 

𝑦 = 𝐴𝑥 + 𝑒                                  (31) 
 

Here, 𝑒 denotes Gaussian white noise with 

independent entries drawn from 𝑁(0, 10−𝑆𝑁𝑅/10). 

In this experiment, the sparsity level is fixed at  𝑠 =
70, while the Signal-to-Noise Ratio (SNR) is varied 

from 10 dB to 70 dB to evaluate the robustness of 

the algorithms under different noise conditions. 

As illustrated in Figure 2(a) in Appendix, both 

FRSMP and RMP consistently produce the smallest 

reconstruction errors across the full range of SNR 

values. In contrast, SWOMP and StOMP exhibit 

poorer performance because they do not incorporate 

a pruning mechanism; any erroneous indices 

introduced due to noise remain in the support, which 

increases the reconstruction error. 

Figure 2(b) in Appendix indicates that FRSMP 

requires the fewest iterations to converge, while 

Figure 2(c) in Appendix shows that it achieves the 

shortest reconstruction time among all tested 

methods. CoSaMP is excluded from these 

comparisons because its computational cost is 

substantially higher, stemming from its strategy of 

selecting a large and fixed number of elements at 

each iteration. 

Overall, the results under noisy conditions 

confirm that FRSMP not only maintains superior 

reconstruction accuracy but also remains 

computationally efficient even at low SNR levels, 

surpassing all other considered greedy algorithms. 

 

4.2  Evaluation of Face Recognition Methods 
Face recognition experiments were conducted on 

three standard datasets: LFW [24], GT [23], and AR 

[25]. For each dataset, images were divided into 

training and testing sets to assess the algorithms’ 

generalization to unseen samples and their 

recognition performance under diverse facial 

variations. 

Each experiment was repeated 10 times to 

obtain average recognition rates and computation 

times. To assess both the accuracy and efficiency of 

the proposed face recognition approach, its 

performance was compared with several existing 

methods [26], [27], including Sparse 

Representation-based Classification (SRC) [28], 

KSRC, Extended SRC (ESRC) [29], Kernel ESRC 

(KESRC) [30], Fast KESRC (FKESRC) [31], and 

Kernel Coordinate Descent with Virtual Dictionary 
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(KCDVD) [32]. All experiments were implemented 

in MATLAB. 

The proposed method (KSRC_FRSMP) was 

compared with SRC [28], KSRC, ESRC [29], 

KESRC [30], FKESRC [31], and KCDVD [32]. For 

algorithms requiring sparse coding, the 𝑙1 − 𝑛𝑜𝑟𝑚 

minimization was implemented using the 𝑙1_𝑙𝑠 

solver [32], [ 33]. 

For clarity in the following discussion, we 

denote the KSRC method that uses l1_ls for ℓ1-

norm minimization as KSRC_l1ls, and the KSRC 

method combined with our FRSMP algorithm as 

KSRC_FRSMP. 

All kernel-based algorithms in our experiments 

including KSRC_l1ls, KESRC, FKESRC, KCDVD, 

and our proposed KSRC_FRSMP classifier use the 

Gaussian kernel 𝑘(𝑥, 𝑦)  = 𝑒(−‖𝑥−𝑦‖2/2𝜎2), where 

the kernel width 𝜎 is defined as 𝜎 = 𝑟 × 𝑑. Here, 𝑑 

represents the average Euclidean distance among the 

training samples, and 𝑟 is a kernel ratio chosen 

separately for each dataset. 

To ensure a consistent comparison, all face 

images undergo dimensionality reduction using 

Principal Component Analysis (PCA). The 

KSRC_FRSMP method applies the same reduction 

procedure to maintain uniformity. 

 

4.2.1 Evaluation of Face Recognition 

 Methods on the LFW face database 

The Labeled Faces in the Wild (LFW) dataset [29] 

is employed to quantitatively evaluate the 

performance of the proposed methods. This dataset 

contains over 13,000 images representing 1,680 

different individuals.  

Figure 3 (Appendix) presents twelve sample 

images from a single subject. The experiments 

involve 86 subjects, each represented by 11 color 

images acquired under varying illumination, facial 

expressions, and partial occlusions. All images were 

converted to grayscale, cropped, and resized to 32 × 

32 pixels. Principal Component Analysis (PCA) was 

subsequently applied to reduce dimensionality, 

retaining 200 principal features that preserve the 

dominant variance and ensure efficient and robust 

face recognition. 

Empirical evaluation determined that the kernel 

parameter 𝑟is set to 1.5, while the threshold 

parameter is 𝑡𝑠 = 3. 

Recognition performance, reported as mean 

accuracy ± standard deviation (%) along with the 

corresponding computational time, is summarized in 

Table 1 (Appendix) and illustrated in Figure 6 

(Appendix) for two training configurations: 𝑁𝑐 =

7and 𝑁𝑐 = 9, where 𝑁𝑐denotes the number of 

training samples per class. 

As shown in Table 1 (Appendix), 

KSRC_FRSMP achieves recognition rates 

comparable to the KCDVD method. KCDVD relies 

on a virtual dictionary framework to generate sparse 

coefficients and employs a coordinate descent 

approach to solve the kernel sparse representation 

problem in the feature space. Compared to the other 

algorithms, KSRC_FRSMP consistently delivers 

robust and reliable classification performance. 

The reported computational time represents the 

average execution over ten trials. Although 

KSRC_FRSMP requires slightly more time than 

FKESRC, this is expected because FKESRC 

bypasses direct 𝑙1-norm minimization. FKESRC 

uses a coordinate descent method in the kernel 

space, providing an indirect but efficient solution to 

the sparse optimization problem, which significantly 

accelerates processing. Conversely, SRC, ESRC, 

KESRC, and KSRC_FRSMP perform explicit 𝑙1-

norm minimization. 

Although KSRC_FRSMP incurs a slightly 

higher computation time in some cases, it 

consistently outperforms FKESRC in terms of 

recognition accuracy. Moreover, it surpasses 

KSRC_l1ls in both classification performance and 

processing speed. For example, when 𝑁𝑐 = 7, 

KSRC_FRSMP executes approximately 1.7 times 

faster than KSRC_l1ls, while for 𝑁𝑐 = 9, the 

speedup remains substantial at around 1.5 times. 

These improvements are primarily attributed to the 

FRSMP strategy, which adaptively selects an 

optimal number of representative elements via a 

double-thresholding mechanism, effectively 

retaining only the most informative components. In 

addition, the iterative least-squares estimation 

embedded in FRSMP further reduces computational 

overhead, enhancing overall efficiency. Table 1 

(Appendix) demonstrates that KSRC_FRSMP 

achieves the fastest execution among SRC, ESRC, 

KESRC, KCDVD, and KSRC_l1ls, highlighting its 

balance of accuracy and speed. 

Under the KSRC_FRSMP framework, the 

average time required to represent and classify a 

single test sample is roughly 0.2 seconds for 𝑁𝑐 = 7 
and remains below 0.3 seconds for 𝑁𝑐 = 9. In 

comparison, KCDVD requires nearly 1 second for 

the same task. 

Overall, KSRC_FRSMP demonstrates 

significantly higher computational efficiency while 

maintaining competitive recognition accuracy 

compared with methods that rely on explicit 𝑙1-norm 

optimization. 
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4.2.2  Evaluation of Face Recognition Methods 

 on the GT face database 

The Georgia Tech (GT) face database consists of 

750 facial images from 50 individuals, with 15 color 

images per subject acquired under variations in 

pose, facial expression, and illumination.  

In the experimental setup, all images were 

converted to grayscale, cropped, and resized to 

60×5060 pixels, with representative samples shown 

in Figure 4 (Appendix). For each subject, 

Nc=3,4,N_c = 3, 4,Nc=3,4, and 555 images were 

randomly selected for training, and the remaining 

images were used for testing. Each configuration 

was repeated ten times, and the average recognition 

accuracy and computational cost were reported to 

ensure reliable performance evaluation.  

Principal Component Analysis (PCA) was 

employed to reduce feature dimensionality, 

projecting each face image onto 50 dimensions. 

Based on empirical tuning, the kernel parameter was 

set to 𝑟 = 0.07 and the threshold to 𝑡𝑠 = 3. This 

configuration balances computational efficiency 

with recognition robustness and reflects the 

algorithm’s practical performance. 

The classification performance, reported as 

mean recognition rate ± standard deviation (in 

percentage), along with the corresponding execution 

time, is summarized in Table 2 (Appendix) for the 

three training scenarios. The variation in 

computational time across methods on the GT 

dataset is further illustrated in Figure 7 (Appendix). 

According to the results in Table 2 (Appendix), 

when only three training samples per class are 

available, the proposed KSRC_FRSMP approach 

achieves the highest recognition accuracy among all 

evaluated methods. 

When the number of training samples increases 

to 𝑁𝑐 = 4and 𝑁𝑐 = 5, KSRC_FRSMP maintains 

recognition performance comparable to KCDVD 

while consistently outperforming the remaining 

competing algorithms. 

In terms of efficiency, KSRC_FRSMP 

demonstrates substantially lower computational cost 

than most methods, except for FKESRC. As 

expected, the execution time of the proposed 

method remains significantly smaller than that of 

alternative approaches. For instance, when 𝑁𝑐 = 5, 

KSRC_FRSMP operates approximately three times 

faster than KCDVD and nearly six times faster than 

KSRC_l1ls. Under this setup, representing and 

classifying a single test sample takes about 0.03 

seconds, compared to 0.2 seconds for KSRC_l1ls. 

Table 2 (Appendix) shows that the proposed method 

achieves a strong balance between recognition 

accuracy and computational efficiency, making it 

suitable for practical, real-time applications. 

While FKESRC maintains the highest 

computational speed among the compared methods, 

KSRC_FRSMP achieves noticeably superior 

recognition accuracy, demonstrating a more 

favorable trade-off between processing efficiency 

and classification reliability. 

 

4.2.3 Evaluation of Face Recognition Methods 

 on the AR face database 

The AR face dataset contains over 4,000 images 

from 126 subjects (70 males and 56 females). 

In this study, a subset of 120 subjects is 

employed, with each individual represented by 26 

frontal-face images captured under various 

conditions, including illumination changes, facial 

expressions, and partial occlusions caused by 

accessories such as sunglasses and scarves. Figure 5 

(Appendix) shows sample images of a single 

subject, converted to grayscale and resized to 20 × 

25 pixels. For training, 𝑁𝑐 = 3,4,5,6 images per 

subject were randomly selected, with the rest used 

for testing. Each setup was repeated ten times, and 

the average recognition accuracy and execution time 

were reported. 

PCA was applied to extract a 300-dimensional 

feature vector from each image. KSRC_FRSMP 

was configured with  𝑟 = 1.5 and threshold 𝑡𝑠 = 3 

chosen empirically, ensuring efficient computation 

while preserving discriminative features for robust 

face recognition. 

Recognition results and computation times for 

different training configurations are shown in Figure 

8 (Appendix). When only three training samples per 

class are available, KSRC_FRSMP achieves 

recognition performance comparable to KSRC_l1ls. 

For larger training sets (𝑁𝑐 = 4 and 𝑁𝑐 = 5), the 

proposed method performs similarly to KESRC. 

KSRC_FRSMP achieves similar recognition 

rates while offering superior computational 

efficiency. As shown in Table 3 (Appendix), it 

reduces execution time compared to KSRC_l1ls and 

KESRC. For instance, with  𝑁𝑐 = 3, 

KSRC_FRSMP completes classification in 297.37 s 

versus 551.16 s for KSRC_l1ls, and with  𝑁𝑐 = 5, it 

takes 443.51 s compared to 4403.5 s for KESRC. 

The per-sample processing time for  𝑁𝑐 = 4 is 0.12 

s, nearly twice as fast as KSRC_l1ls (0.2 s) and 

faster than KESRC (0.27 s). 

KSRC_FRSMP’s efficiency arises from the 

FRSMP strategy, which iteratively estimates the 

sparse signal via least-squares, updates the matrix 

inverse incrementally, and uses double-thresholding 

to select informative elements while pruning 
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incorrect atoms. This combination ensures high 

recognition accuracy with significantly reduced 

computation time, outperforming other sparse 

representation-based methods. Although FKESRC 

achieves the shortest execution time on the LFW 

dataset, KSRC_FRSMP consistently delivers higher 

recognition accuracy, illustrating the common trade-

off between speed and classification reliability. 

Across the LFW, GT, and AR datasets, 

KSRC_FRSMP consistently attains the highest 

recognition performance, while FKESRC remains 

the most time-efficient method. FKESRC’s speed 

advantage is largely due to its avoidance of 𝑙1-norm 

optimization and use of a coordinate-descent 

approximation in the feature space, which 

significantly reduces computational cost. 

In contrast, KSRC_FRSMP leverages iterative 

least-squares updates based on the Sherman–

Morrison–Woodbury (SMW) identity, which 

significantly speeds up 𝑙_1 − 𝑛𝑜𝑟𝑚 based sparse 

recovery compared to traditional solvers like 

KSRC_l1ls. KSRC_FRSMP has higher 

computational cost than FKESRC, which avoids 

explicit sparse reconstruction. KSRC_FRSMP is 

preferable when recognition accuracy is critical, 

such as in biometric verification or secure access, 

while FKESRC suits applications prioritizing speed 

over slight accuracy reductions, like real-time or 

embedded systems. 

 

4.2.4 Statistical Validation of Experimental 

 Results 
Recognition performance was evaluated on the 

LFW, GT, and AR datasets to ensure statistical 

reliability and demonstrate that the improvements 

with KSRC_FRSMP are consistent and significant. 

Table 4 (Appendix) reports the statistical 

verification results. Pairwise t-tests between 

KSRC_FRSMP and benchmark algorithms (SRC 

[28], [34], [35], KSRC [29], [36], KESRC [30], 

FKESRC [31], KCDVD [37]) show significant 

improvements in recognition accuracy across all 

datasets  0.05, confirming the robustness of 

KSRC_FRSMP’s performance gains. 

A Chi-Square  (𝜒2) test was performed to 

examine dataset dependence, with values from 15.8 

to 24.6 exceeding the 0.05 significance threshold. 

Combined with the pairwise t-tests in Table 4 

(Appendix), this confirms that KSRC_FRSMP’s 

performance improvements are consistent across 

datasets. 

A one-way ANOVA was conducted to assess 

recognition rate differences across algorithms. The 

F-statistic of 9.42  (𝑝 < 0.01)  indicates a 

significant variation, highlighting the superior 

performance of KSRC_FRSMP over competing 

methods. 

Overall, the statistical analyses including t-tests, 

Chi-Square tests, and ANOVA confirm that 

KSRC_FRSMP consistently delivers robust and 

reliable improvements in recognition accuracy, 

reflecting the algorithm’s inherent strengths rather 

than chance. 

 

 

5  Conclusion 
In this study, we introduced a novel face recognition 

approach leveraging the Fast Reduced Sampling 

Matching Pursuit (FRSMP) algorithm. The 

proposed method utilizes a double thresholding 

mechanism to identify the most informative 

components and estimates the sparse representation 

via least-squares minimization, efficiently updating 

the matrix inverse using the Sherman–Morrison–

Woodbury formula. This design considerably 

reduces computational overhead compared to 

traditional greedy pursuit algorithms, which often 

suffer from unregulated element selection and 

higher reconstruction errors. 

Extensive experiments under both noisy and 

noise-free conditions demonstrate that FRSMP 

consistently outperforms conventional greedy 

recovery methods in terms of both reconstruction 

accuracy and computational efficiency. Integrated 

into the KSRC framework, KSRC_FRSMP 

achieved recognition rates of 97.41% (LFW), 

98.67% (GT), and 95.37% (AR), while reducing 

per-sample classification time to 0.2 s, 0.12 s, and 

0.03 s, respectively. Statistical analyses (t-tests, Chi-

Square, ANOVA) confirm these gains are 

significant, consistent, and robust across datasets. 

While FKESRC is slightly faster, 

KSRC_FRSMP consistently achieves higher 

recognition accuracy, making it suitable for 

applications requiring reliable face recognition, such 

as biometric verification, whereas FKESRC is 

preferable when runtime efficiency is critical. 

Future research could improve robustness under 

challenging conditions such as occlusions, varying 

illumination, and low-resolution images through 

advanced preprocessing or multi-scale feature 

extraction. Integrating sparse representation with 

deep learning models, like CNNs or transformer-

based embeddings, may further enhance accuracy 

and generalization. Additionally, optimizing 

KSRC_FRSMP for real-time execution on 

embedded or resource-constrained platforms, and 

extending it to multimodal biometric systems, can 

increase reliability and expand practical 

applications. 
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APPENDIX 
 

  

(a) Reconstruction error as a function of the sparsity level (b) Number of iterations as a function of the sparsity level 

 

(c) Reconstruction time as a function of the sparsity level 

Fig. 1: Performance of different greedy pursuit algorithms for the noiseless case 
Source: Created by the author.  

 

 

  
(a) Reconstruction error as a function of Signal-to-

Noise Ratio (SNR), 

(b) Number of iterations as a function of SNR, 

 
(c) Reconstruction time as a function of SNR. 

Fig. 2: Performance comparison of different greedy pursuit algorithms and the proposed FRSMP 

method under noisy conditions (y = Ax + e) 

Source: Created by the author. 
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Fig. 3: Some images of one person inLabeled Faces in the Wild (LFW) database [Reference Number].  face 

database 
Source:  Sample images selected from the Wild (LFW) database[24] [29].  

 

 
Fig. 4: Some images of one person in GT face database 
Source: Sample images selected from the GT face database [23].  

 

 
Fig. 5: Some images of one person in AR face database 
Source: Sample images selected from the  AR face database,  [25].  

 

 
Fig. 6: Computational time on the LFW database 

Source: Created by the author.  
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Fig. 7: Computational time on the GT database 

Source: Created by the author.  

 

 

Fig. 8: Recognition rates on the AR database 
Source: Created by the author.  

 

 

Table 1. Recognition rates and Computational time on the LFW database 

Techniques Nc =7 Nc =9 

Recog. % Time(s) Recog. % Time(s) 

SRC 37.56±1.64 312.41 42.33±2.68 188.01 
ESRC 39.74±1.68 659.78 46.22±2.92 533.46 
KESRC 40.73±1.89 561.45 45.29±3.60 461.31 
FKESRC 39.74±3.01 9.16 45.06±2.92 9.12 
KCDVD 46.66±2.76 182.60 51.63±2.60 172.69 
KSRC_l1ls 40.52±1.76 118.58 45.93±2.71 71.93 
KSRC_FRSMP 45.63±1.57 67.49 51.98±1.66 48.70 

Source: Experimental results obtained by the author.  
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Table 2. Recognition rates and Computational time on the GT database 
Algorithms Nc= 3 Nc= 4 Nc= 5 

Recog. % Time(s) Recog. % Time(s) Recog. % Time(s) 
SRC 54.33±3.07 45.59 58.11±2.54 53.82 62.06±1.96 54.33 

ESRC 57.52±3.44 173.76 62.78±2.55 215.32 66.72±1.95 236.40 

KESRC 62.17±2.10 413.09 66.13±2.15 552.35 70.28±1.87 603.16 

FKESRC 58.03±3.58 2.35 62.80±1.42 2.90 67.44±2.60 3.49 

KCDVD 61.98±2.47 20.26 68.42±1.42 34.70 72.14±2.09 42.45 

KSRC_l1ls 58.90±2.12 76.10 62.71±2.38 96.05 66.90±2.24 102.46 

KSRC_FRSMP 65.42±0.86 14.15 69.85±1.22 14.56 72.18±1.18 15.71 

Source: Experimental results obtained by the author.  

 

 

Table 3. Computational time on the AR database 
Techniques used Nc= 3 Nc= 4 Nc= 5 
SRC 1014.48 1355.49 1806.94 
ESRC 2327.71 4111.81 4377.65 
KESRC 2435.25 3378.61 4403.5 
FKESRC 36.92 39.85 58.08 
KSRC_l1ls 551.16 702.07 865.57 
KSRC_FRSMP 297.37 318.06 443.51 

Source: Experimental results obtained by the author.  

 

Table 4. Statistical Validation of Recognition Results for the Proposed KSRC_FRSMP Model 

Statistical Test 
Compared Algorithms / 

Datasets 
Test Statistic p-Value 

Significanc

e Level (α) 
Interpretation 

t-Test (Pairwise) 

KSRC_FRSMP vs. SRC 

[28][34][35], KSRC 

[29][36], KESRC [30], 

FKESRC [31], KCDVD 

[37] on LFW, GT, AR 

datasets 

– p < 0.05 0.05 

The mean recognition rates of 

KSRC_FRSMP are significantly 

higher than those of all compared 

methods, confirming the reliability 

of the observed improvements. 

Chi-Square (χ²) 

Test 

Recognition outcomes vs. 

dataset type 
χ² = 15.8 – 24.6 p < 0.05 0.05 

A strong and statistically significant 

dependence exists between the 

recognition method and dataset 

type, indicating consistent 

performance across datasets. 

One-Way 

ANOVA 

Recognition rates across 

all tested algorithms 
F = 9.42 p < 0.01 0.01 

Significant variance among 

algorithms, demonstrating that 

KSRC_FRSMP outperforms others 

with statistically superior mean 

performance. 

Source: Experimental results obtained by the author.  
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ANNEX 
 

Algorithm 1: kernel sparse representation-based classifier (KSRC) 

Input: Training data matrix 𝐴and a test sample 𝑦 

Output: Predicted class label of 𝑦, denoted as 𝑙𝑎𝑏𝑒𝑙(𝑦) = 𝑎𝑟𝑔 𝑚𝑖𝑛 𝑖 𝑟𝑖(𝑦) 

Steps: 

1. Apply a kernel transformation to both the training matrix 𝐴and the test sample 𝑦. 

2. Construct the corresponding pseudo-transformation matrix 𝐵. 

3. Normalize the columns of 𝐵𝑇𝐾𝑥and 𝐵𝑇𝑘(𝐴, 𝑦)so that each column has unit 𝑙2-norm. 

4. Solve the 𝑙1-norm minimization problem to obtain the coefficient vector 𝑥̂using the FRSMP method (see Algorithm 2). 

5. For each class 𝑖 = 1, … , 𝐶, calculate the residuals: 

𝑟𝑖(𝑦) =∥ 𝐵𝑇𝑘(𝐴, 𝑦) − 𝐵𝑇𝐾𝛿𝑖(𝑥̂) ∥2
2 

Assign 𝑦to the class corresponding to the smallest residual: 

𝑙𝑎𝑏𝑒𝑙(𝑦) = 𝑎𝑟𝑔 𝑚𝑖𝑛 𝑖 𝑟𝑖(𝑦) 

 

Algorithm 2: Updating the Inverse of a Matrix When adding the Columns 
Input: 

▪  Sensing matrix 𝛷𝑖−1 

▪  Inverse matrix 𝐵𝑖−1
−1  

▪  New columns matrix 𝑈 

▪  Support set 𝑇𝑖 

Steps: 

1. Compute 𝑓1 = 𝛷𝑖−1
𝑇 𝑈 

2. Compute 𝑓2 = 𝐵𝑖−1
−1 𝑓1 

3. Compute 𝐷 = (𝑈𝑇𝑈 − 𝑓1
𝑇𝑓2)−1 

4. Compute 𝑓3 = 𝑓2𝐷 

5. Update 𝐹11
−1 = 𝐵𝑖−1

−1 + 𝑓2𝐷𝑓2
𝑇 

6. Form the updated inverse: 

𝐵𝑖
−1 = [𝐹11

−1  − 𝑓3  − 𝑓3
𝑇 𝐷 ] 

(corresponds to the update provided in Eq. (20)) 

7. Rearrange each column 𝑢 ∈ 𝑈and the corresponding row of 𝐵𝑖
−1according to the support set 𝑇𝑖to ensure correct positioning. 

Output: 

● Updated inverse matrix 𝐵𝑖
−1after adding new columns 

 

Algorithm 3: Updating the Inverse of a Matrix When Removing the Columns 
Input 

▪  Current sensing matrix at iteration 𝑖 − 1: 𝛷𝑖−1 

▪  Inverse Gram matrix: 𝐵𝑖−1
−1 = (𝛷𝑖−1

𝑇 𝛷𝑖−1)−1 

▪  Set of columns to be added or removed 

Output 

▪  Updated inverse Gram matrix 𝐵𝑖
−1 

Procedure 

Case 1: Adding new columns 

1. Let 𝑈denote the matrix formed by the newly selected columns. 
2. Augment the sensing matrix: 

𝛷𝑖 = [𝛷𝑖−1   𝑈] 

Construct the block Gram matrix associated with 𝛷𝑖. 
3. Compute the intermediate matrix: 

𝐷 = 𝑈𝑇𝑈 − 𝑈𝑇𝛷𝑖−1𝐵𝑖−1
−1 𝛷𝑖−1

𝑇 𝑈 
4. Update the inverse Gram matrix using a blockwise inversion derived from the Sherman–Morrison–Woodbury identity: 

𝐵𝑖
−1 = [𝐵𝑖−1

−1 + 𝐵𝑖−1
−1 𝛷𝑖−1

𝑇 𝑈𝐷−1𝑈𝑇𝛷𝑖−1𝐵𝑖−1
−1  − 𝐵𝑖−1

−1 𝛷𝑖−1
𝑇 𝑈𝐷−1  − 𝐷−1𝑈𝑇𝛷𝑖−1𝐵𝑖−1

−1  𝐷−1 ] 
Case 2: Removing columns 

1. Partition the sensing matrix as: 

𝛷𝑖 = [𝛷𝑖+1    𝑃] 
where 𝑃contains the columns to be discarded. 

2. Extract the corresponding blocks from the current inverse Gram matrix. 

3. Define: 

𝑍 = 𝐵𝑖+1
−1 𝛷𝑖+1

𝑇 𝑃 
4. Update the inverse Gram matrix by eliminating the contribution of 𝑃: 

𝐵𝑖+1
−1 = 𝐵𝑖

−1 − 𝑍𝐷−1𝑍𝑇 
5. The resulting matrix 𝐵𝑖+1

−1 is used in the next iteration. 
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Algorithm 4: The proposed Fast Reduced Sampling Matching Pursuit (FRSMP) AlgorithmInput 

▪  Measurement vector 𝑦 

▪  Sensing matrix 𝛷 

▪  Sparsity parameter 𝑠 

▪  Threshold parameter 𝑡𝑠 

▪  Stopping tolerance 𝜀 

▪  Maximum number of iterations 𝐼𝑚𝑎𝑥 

Output 

▪  Sparse coefficient vector 𝑥̂ 

Procedure 

1. Initialization 

✔ Set residual 𝑟0 = 𝑦 

✔ Initialize support set 𝑇0 = ∅ 

✔ Set iteration index 𝑖 = 0 

2. While stopping criterion is not satisfied do 

a. Correlation Computation 
                           Compute the correlation vector: 

𝑔 = 𝛷𝑇𝑟𝑖 
b. Adaptive Support Selection 

▪  Identify a preliminary candidate set corresponding to the largest correlations. 

▪  Apply a thresholding rule: 

𝛺 = {𝑗   ∣  ∣ 𝑔
𝑗

∣≥ 𝑡𝑠 ⋅
∥ 𝑟𝐽 ∥2

√𝑑
} 

▪  Merge the selected indices with the previous support: 

𝑇𝑖 = 𝑇𝑖−1 ∪ 𝛺 
c. Coefficient Estimation 

▪  Form the submatrix 𝛷𝑇𝑖  

▪  Estimate the sparse coefficients via least squares: 

𝑥̂𝑇𝑖 = (𝛷𝑇𝑖
𝑇

𝛷𝑇𝑖 )−1𝛷𝑇𝑖
𝑇

𝑦 

▪  Update the inverse using Algorithm 3 instead of recomputing it. 

d. Pruning Step 

▪  Retain only the 𝑠largest-magnitude coefficients in 𝑥̂𝑇𝑖  

▪  Remove the remaining indices from the support set 

▪  Update the inverse matrix accordingly. 

e. Residual Update 

𝑟𝑖+1 = 𝑦 − 𝛷𝑥̂ 
f. Increment iteration counter: 𝑖 = 𝑖 + 1 

2. End While 
3. Return final sparse estimate 𝑥̂ 
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