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Abstract
Sparse representation classification methods achieve favorable classification per-
formance with large-scale training sample spaces, but suffer from high com-
putational costs. To address this issue in sparse representation methods, this
work proposes constructing an L_2-norm constraint on the reconstructed sam-
ples, which enhances competition among category-specific components within
the reconstructed samples to achieve a group sparsity effect, ultimately improv-
ing classification accuracy. Since the method can directly obtain a closed-form
solution, the computational cost of solving is significantly reduced, while the
sparsity of the resulting coefficients is comparable to that of conventional meth-
ods. Comparative experiments with similar methods on publicly available face
and object image datasets demonstrate that the method achieves excellent image
recognition performance under complex conditions.
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Abstract

Sparse representation classification (SRC) demonstrates strong performance
when the training sample space is sufficiently large, but suffers from high com-
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putational cost. To address this limitation, we propose constructing an L2-norm
constraint on reconstruction samples to intensify competition among different
class components during reconstruction, thereby achieving group sparsity effects
and improving classification accuracy. Since our method admits a closed-form
solution, computational costs are substantially reduced while producing coeffi-
cient sparsity comparable to traditional approaches. Comparative experiments
on public face and object image datasets demonstrate that the proposed method
achieves excellent recognition performance under complex conditions.

Key words: sparse representation; face recognition; collaborative representa-
tion; reconstruction sample

0 Introduction
Face recognition represents a prominent research direction in computer vision
and pattern recognition. As a crucial biometric identification method, it plays vi-
tal roles in numerous real-world applications including airport security systems,
mobile face unlocking, and facial payment authentication. Existing face recog-
nition techniques primarily fall into three categories: geometry-based methods,
template-based methods, and mathematical statistical model-based methods [1].
As deployment deepens, algorithms must handle increasingly complex scenarios
where variations in illumination, expression, pose, and occlusion significantly
impact performance, creating urgent demand for more robust and efficient solu-
tions.

Since Wright et al. [2] introduced Sparse Representation-based Classification
(SRC) for face recognition in 2009, the approach has attracted widespread at-
tention. SRC performs sparse linear regression of test faces over a dictionary
composed of training samples to obtain reconstructed faces, then compares sim-
ilarity between reconstruction components across different classes and the test
sample to determine identity. SRC employs L1-norm regularization on represen-
tation coefficients to encourage sparsity. Wright argued that with sufficient test
samples and adequately sparse coefficients, SRC can perfectly reconstruct test
samples. The L1-regularized minimization problem is solved through iterative
optimization, with relevant algorithms surveyed in [3]. Experiments demon-
strate that SRC achieves excellent classification results in face recognition when
training samples are abundant. Subsequent research [4–9] has further validated
its effectiveness in image processing and face recognition.

However, Zhang et al. contend that SRC’s success primarily stems from collab-
orative representation mechanisms, leading them to propose CRC_RLS (Col-
laborative Representation Classification with Regularized Least Square) [10].
CRC_RLS replaces L1-norm with L2-norm regularization to achieve similar
sparse constraints. Due to its closed-form solution, CRC_RLS offers signif-
icantly faster computation than SRC, though with lower coefficient sparsity.
To achieve comparable sparsity while maintaining computational efficiency, Xu
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et al. developed a series of supervised sparse representation methods [11–15].
Among them, TPTSR [11] (Two-Phase Test Sample Representation) fits sam-
ples in two stages: first eliminating training samples with small contributions,
then refitting with remaining samples to achieve SRC-like sparsity. Since both
fitting stages apply L2-norm constraints, TPTSR incurs minimal computational
cost. Both CRC_RLS and TPTSR aim to achieve SRC-like sparsity with faster
solving speeds, a research direction that also includes weighted approaches.

AWCRC (Adaptive and Weighted Collaborative Representation Classification)
[16] represents a typical weighted collaborative representation method that ap-
plies weighted constraints to coefficients based on distances between test and
training samples to obtain sparse coefficients. ProCRC [17] achieves fast sparse
coefficients by constraining the norm of reconstruction samples from multiple
classes, while DSRC [18] similarly constructs constraints in the sample recon-
struction space. Their strong performance demonstrates that appropriate con-
straints on reconstruction samples can effectively substitute for L1-norm coeffi-
cient regularization.

To develop faster and more robust face recognition algorithms, this paper
proposes a sparse representation classification method based on L2-norm
constraints on reconstruction samples. By constraining the joint modulus
length of every two class components in the reconstructed sample, our approach
simultaneously controls both the magnitude of different class reconstruction
components and their angular relationships, thereby increasing the probability
that test samples are represented by single-class samples and improving overall
classification performance. Comparative experiments on mainstream face and
object image databases demonstrate the proposed method’s strong performance
in image recognition.

1 Sparse Representation Classification Methods
Sparse representation classification performs linear regression fitting of test sam-
ples over a dictionary composed of training samples, then determines test sample
identity based on reconstruction effectiveness across different class components.
Let 𝑋 = [𝑋1, 𝑋2, … , 𝑋𝑐] denote the training sample dictionary containing 𝑐
classes, where 𝑋𝑖 represents samples from class 𝑖. Let 𝑦 denote the test sample.
Linear fitting yields 𝑦 = 𝑋𝑎 + 𝜖, where 𝑎 = [𝑎1, 𝑎2, … , 𝑎𝑐] represents the overall
coefficient vector and 𝑦𝑖 = 𝑋𝑖𝑎𝑖 denotes the reconstruction component for class
𝑖.
Unlike direct linear regression (least squares), SRC imposes L1-norm regulariza-
tion on coefficients, with the objective function:

min
𝑎

‖𝑦 − 𝑋𝑎‖2
2 + 𝜆‖𝑎‖1 (1)

where the first term is the fidelity term and the second is the regularization term.
Traditional least squares includes only the fidelity term, while Equation (1)
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resembles Lasso [19] in regression, serving both regression and variable selection
purposes.

Although L1-norm implicitly selects training samples during regression, iterative
solving incurs high computational cost. CRC_RLS replaces the regularization
norm with L2-norm:

min
𝑎

‖𝑦 − 𝑋𝑎‖2
2 + 𝜆‖𝑎‖2

2 (2)

CRC_RLS resembles ridge regression, introducing relaxed sparse constraints to
maximize fitting capability when dictionary elements are insufficient.

However, when dictionary elements are adequate, L2-norm constraints yield
less sparse coefficients, hindering classification. Recent work addresses this by
constraining reconstruction samples to induce sparsity [17,18,20,21]. DSRC adds
a regularization term constraining reconstruction sample modulus length:

min
𝑎

‖𝑦 − 𝑋𝑎‖2
2 + 𝜆‖𝑎‖2

2 + 𝛾
𝑐

∑
𝑖=1

‖𝑋𝑖𝑎𝑖‖2
2 (3)

Due to L1-norm’s properties, most training samples weakly correlated with test
samples lose representation opportunity. With limited training samples, test
samples may be misclassified due to loss of representation from weakly corre-
lated but correct-class samples. Conversely, L2-norm encourages more training
samples to represent test samples, ideally positioning reconstructed samples at
training sample centers where each sample contributes. Both L1-norm and L2-
norm share a common limitation: classification performance heavily depends on
training sample distribution. When test samples seek optimal representation by
minimizing regularization terms, all samples combine with equal probability
since training samples carry no label information. When inter-class differences
are small, test samples likely receive representation from multiple classes, in-
creasing misclassification risk. Incorporating label information into training
samples would enhance representation consistency and improve classification.

In regression, Group Lasso [22] applies different constraints to coefficients—L2-
norm within classes and L1-norm between classes—to increase the likelihood of
combining same-class samples. This paper enhances competition among differ-
ent class reconstruction samples to increase same-class combination probability,
achieving Group Lasso-like sparsity. Our method adds a new regularization
term to CRC_RLS, constraining the sum of pairwise modulus lengths among
different class components to eliminate weakly expressive classes while strength-
ening dominant classes in the overall reconstruction, thereby improving recog-
nition capability.
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2.1 Algorithm Description
Let 𝑋 = [𝑋1, 𝑋2, … , 𝑋𝑐] denote a dictionary containing 𝑐 class training samples,
𝑦 the test sample, and 𝑎 = [𝑎1, 𝑎2, … , 𝑎𝑐] the overall coefficient vector. We pro-
pose RCSRC (Reconstruction Constraint Sparse Representation Classification),
which adds a constraint term on different class components in reconstruction
samples to CRC_RLS. The objective function is:

min
𝑎

1
2‖𝑦 − 𝑋𝑎‖2

2 + 𝜆
2 ‖𝑎‖2

2 + 𝛾
2

𝑐
∑
𝑖=1

𝑐
∑

𝑗=1,𝑗≠𝑖
‖𝑋𝑖𝑎𝑖 + 𝑋𝑗𝑎𝑗‖2

2 (5)

where 𝑦𝑖 = 𝑋𝑖𝑎𝑖 represents class 𝑖’s reconstruction component, and 𝜆 and 𝛾
balance the fidelity and regularization terms. Direct differentiation of Equation
(5) and setting to zero yields the closed-form solution:

𝑎 = [(1 + 𝛾(𝑐 − 1))𝑋𝑇 𝑋 + 𝜆𝐼 + 𝛾Φ]−1𝑋𝑇 𝑦 (6)

where 𝐼 is the identity matrix and Φ is defined as:

Φ =
⎡
⎢⎢
⎣

0 𝑋𝑇
1 𝑋2 ⋯ 𝑋𝑇

1 𝑋𝑐
𝑋𝑇

2 𝑋1 0 ⋯ 𝑋𝑇
2 𝑋𝑐

⋮ ⋮ ⋱ ⋮
𝑋𝑇

𝑐 𝑋1 𝑋𝑇
𝑐 𝑋2 ⋯ 0

⎤
⎥⎥
⎦

Classification prediction is made by computing distances between reconstruction
samples from different class components and the test sample:

label(𝑦) = arg min
𝑖

‖𝑦 − 𝑋𝑖𝑎𝑖‖2 (7)

The complete algorithm proceeds as follows: First, normalize column vectors in
training set 𝑋. Then compute coefficient 𝑎 using Equation (6). Finally, deter-
mine test sample label using Equation (7). Input parameters include training
set 𝑋, test sample 𝑦, regularization parameters 𝜆 and 𝛾, and total number of
classes 𝑐.

Additionally, ProCRC constrains the modulus length of reconstruction samples
formed by multiple classes on top of CRC_RLS:

min
𝑎

‖𝑦 − 𝑋𝑎‖2
2 + 𝜆‖𝑎‖2

2 + 𝛾
𝑐

∑
𝑖=1

‖𝑋𝑖𝑎𝑖‖2
2 (8)

Experiments demonstrate that constraints on reconstruction sample modulus
length effectively enhance coefficient sparsity and improve classification accu-
racy.
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2.2 Algorithm Analysis
This research extends traditional sparse representation to develop computation-
ally efficient methods with adequate coefficient sparsity. Both theoretical and
experimental evidence [2] confirms sparse representation’s advantages in face
recognition, though sparse constraints only benefit classification when dictionary
elements are sufficiently numerous.

RCSRC’s objective function (5) comprises three components: a fidelity term,
a regularization term, and a reconstruction sample modulus constraint. The
fidelity term ensures reconstruction samples vary within reasonable bounds of
test samples. The L2-norm regularization on coefficients maintains coefficients
within reasonable ranges. The third term ensures proper competition among
different class reconstruction components, promoting same-class sample combi-
nation while suppressing weakly expressive classes. Expanding the third term
reveals:

𝑐
∑
𝑖=1

𝑐
∑

𝑗=1,𝑗≠𝑖
‖𝑋𝑖𝑎𝑖 + 𝑋𝑗𝑎𝑗‖2

2 =
𝑐

∑
𝑖=1

(𝑐 − 1)‖𝑋𝑖𝑎𝑖‖2
2 +

𝑐
∑
𝑖=1

𝑐
∑

𝑗=1,𝑗≠𝑖
𝑦𝑇

𝑖 𝑦𝑗

where ‖𝑋𝑖𝑎𝑖‖2
2 represents the modulus length of reconstruction component for

class 𝑖, and 𝑦𝑇
𝑖 𝑦𝑗 indicates correlation between class 𝑖 and 𝑗 components. The

modulus constraint suppresses weakly correlated components to small values,
while correlation constraints minimize inter-class correlations. This benefits sce-
narios with numerous training sample classes by enabling final reconstruction
samples to be dominated by only a few class components, eliminating weakly
correlated categories’influence on classification. Since SRC and CRC_RLS
lack label information, they blindly select samples based solely on correlation.
As training sample classes increase, distribution spaces from different classes
increasingly overlap. When test samples reside within overlapping regions of
multiple class distribution spaces, selected training samples inevitably span mul-
tiple spaces. RCSRC, however, leverages known class information to holistically
eliminate weakly correlated class samples, constructing reconstruction samples
spanning fewer spaces.

To demonstrate RCSRC’s coefficient sparsity, we conducted experiments on
the Extended YaleB [23] face database using 31 classes with 20 faces per class.
Figure 1 [Figure 1: see original paper]–3 show coefficient distributions for a test
face image from class 1 computed by RCSRC, CRC_RLS, and SRC respectively.
To quantitatively compare sparsity, we computed the Sparsity Concentration
Index (SCI) as defined in [2]:

SCI(𝑎) = 𝑐 ⋅ max𝑖 ‖𝛿𝑖(𝑎)‖1/‖𝑎‖1 − 1
𝑐 − 1 ∈ [0, 1]

where 𝛿𝑖(𝑎) extracts coefficients belonging to class 𝑖. Larger SCI values indicate
higher concentration—SCI = 1 means coefficients concentrate in a single class
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while others are zero; SCI = 0 means absolute coefficient sums are equal across
all classes. Computed SCI values are: RCSRC = 0.2045, CRC_RLS = 0.1393,
and SRC = 0.9308. Computation times are: RCSRC = 0.040482 s, CRC_RLS
= 0.014769 s, SRC = 0.294314 s (experimental environment: Intel i9-7980XE
CPU, 16 GB RAM, MATLAB 2018a). RCSRC achieves coefficient sparsity
between SRC and CRC_RLS while offering significant speed advantages over
SRC.

3 Experimental Analysis
We evaluated RCSRC’s performance across mainstream face and object image
databases: Georgia Tech (GT) [24], Extended YaleB [23], LFW [25], and COIL-
20 [26]. Compared algorithms include SRC [2], CRC [10], ProCRC [17], and
DSRC [18], with SRC solved via L1LS. All experiments ran on a PC with
MATLAB 2018a, Intel i9-7980XE CPU, and 16 GB RAM.

a) Georgia Tech Face Database. GT contains 750 face images from 50 in-
dividuals (15 images per person), featuring expression, illumination, and scale
variations. All images were grayscale-converted, manually cropped, and resized
to 25×20 pixels, then stretched into column vectors to form the dictionary. Fig-
ure 4 [Figure 4: see original paper] shows cropped sample images. We randomly
selected 8 and 10 images per class for training, using the remainder for test-
ing, repeating each experiment 10 times. Table 1 presents average classification
accuracy and variance.

b) Extended YaleB Face Database. Extended YaleB comprises 2,414 face
images from 31 subjects captured under controlled laboratory lighting condi-
tions. We used 64 images per person, cropped and resized to 20×20 pixels
(Figure 5 [Figure 5: see original paper]). Randomly selecting 10, 15, 20, 25, and
30 images per class for training (remainder for testing), we performed 10 trials
per configuration. Results appear in Table 2 .

RCSRC outperforms other methods by 1%–2%. Accuracy increases with train-
ing sample size up to 20 samples per class, then stabilizes or slightly declines.
This occurs because the linear space spanned by training samples becomes satu-
rated (dictionary columns exceed rows), enabling perfect linear representation of
test samples. Additionally, similar classes experience expanded representation
spaces with more samples, increasing misclassification risk.

c) LFW Face Database. LFW contains over 13,000 web-collected face images
with pose, illumination, expression, and occlusion variations. Figure 6 [Figure
6: see original paper] shows aligned and cropped examples, all resized to 50×40
pixels. We employed two protocols: (1) select classes with >16 samples, using
15 for training; (2) select classes with >11 samples, using 10 for training. Table
3 shows results. LFW’s uncontrolled collection conditions make experiments
challenging due to large intra-class variation and overlapping inter-class distri-
bution spaces. RCSRC’s use of label information clarifies class boundaries,
yielding superior results.
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d) COIL-20 Object Database. COIL-20 contains 20 object classes with 72
multi-view images each, all resized to 15×15 pixels (Figure 7 [Figure 7: see orig-
inal paper]). We randomly selected 10, 15, and 20 images per class for training,
conducting 10 trials per configuration. Table 4 shows results. Object recogni-
tion exhibits larger inter-individual differences than face recognition, resulting
in smaller performance gaps across methods, with RCSRC leading by 1%–3%.

4 Conclusion
Traditional SRC achieves excellent classification under sparse constraints but
suffers high computational cost, while relaxed CRC_RLS reduces cost but yields
insufficient sparsity. Addressing these limitations, we propose RCSRC, an L2-
norm reconstruction sample constraint method that rapidly obtains sparse coef-
ficients by constraining reconstruction sample modulus lengths and inter-class
component correlations. Comparative experiments on mainstream face and ob-
ject databases demonstrate the proposed method’s strong performance in com-
plex face recognition scenarios.
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