
Efficient Sparse Representation Classification Using Adaptive
Clustering

Soheil Shafiee, Farhad Kamangar, Vassilis Athitsos, and Junzhou Huang
Department of Computer Science and Engineering, University of Texas at Arlington, Arlington, TX, USA

Abstract— This paper is presenting a method for an efficient
face recognition algorithm based on sparse representation
classification (SRC) using an adaptive K-means clustering.
In the context of face recognition, SRC is implemented based
on the assumption that a face image from a particular
subject can be represented as a linear combination of other
face images from the same subject. SRC uses a set of
extracted features from the original face images as columns
of a training matrix. This training matrix is used to form an
under-determined system of linear equations. An unknown
face image can be classified by finding the sparse solution of
this linear system using an l1-norm optimization which has a
quadratic time complexity. In practice using all the training
face images for a large population increases computational
and memory requirements which may not be feasible to be
used in mobile devices. The proposed method reduces the
size of the training matrix by using adaptive K-means clus-
tering along with SRC method which lowers computational
requirements of the overall recognition system. Experimental
results on a face dataset with 14,794 training face images
from 100 classes show that the new proposed method reduces
the running time of the classification algorithm compared to
SRC method while preserving the accuracy.
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1. Introduction
Face recognition is one of the most challenging real-

world applications in computer vision and over the past few
decades, several methods and algorithms have been proposed
to solve this problem. The face recognition techniques could
be broadly divided into two main groups, i.e. geometric
feature-based and template matching approaches. The main
idea in the geometric feature-based methods is to extract
and record the relative position and salient properties of
distinctive face features such as eyes, mouth corners, chin,
and nose. The geometrical features are then used to create
labeled graphs and structural models which can be used to
discriminate between different classes (individuals) [1],[2].

The template matching algorithms, in their simplest forms,
present the image of each face as a vector of intensity values
in a multi-dimensional space. An unknown face is then
compared to a set of known classes by using a metric, such
as Euclidean distance. There are, of course, variations and

sophisticated approaches to improve the speed and accuracy
of the simple template matching algorithms.

Methods such as Eigen faces [3], Fisher faces [4] and
Laplacian faces [5], reduce the dimensionality of the space
by transforming face images into a coordinate system which
provides more compact support. In [6], it is shown that any
face can be represented in terms of its largest Eigen vectors
called Eigen faces. Later, this approach was used in a face
recognition algorithm [3]. Fisher linear discriminant was
also used to extract face features [4]. Another well-known
method is Laplacian faces, which uses Locality preserving
projections to extract face features [5].

In [7], Wright et al. presented a new approach called
Sparse Representation based Classification (SRC). This clas-
sification method works based on the emerging theory of
compressive sensing (CS) and sparse signal representation
[8], [9]. In SRC, face recognition problem is mapped into
an under-determined system of equations which is solved
using l1-norm minimization. The sparse solution determines
the class of the unknown face image. This method is
shown to achieve high recognition accuracy compared to
other dimensionality reduction methods, such as Eigen faces,
Fisher faces and Laplacian faces [7].

SRC uses the entire training dataset to recognize each
unknown face image. This implies that the speed of the
recognition task at run time is directly affected by the num-
ber of training images. Given the high recognition accuracy
of SRC, it becomes important to reduce the time and memory
requirements of SRC. Improvements in time and memory
efficiency can help make SRC a more practical solution
for portable devices, and can also significantly decrease
the computational load of SRC running on more powerful
hardware.

The time complexity of SRC is quadratic to the number
of training samples [10], and thus reducing the number of
training samples by a relatively modest factor can have
a significant effect on running time. Instead of using all
samples, or using a random selection of samples, as proposed
in [7], our method explicitly identifies an efficient repre-
sentation of training samples. We achieve this by replacing
the original training samples with cluster centers which
are identified by using K-means clustering. The proposed
approach also determines the number of clusters per class
adaptively in order to optimize the runtime efficiency. As
shown in the experiments, our method achieves significantly



better tradeoffs of accuracy vs. efficiency compared to the
method introduced in [7].

The rest of this paper is organized as follows:. In section 2
we briefly review compressive sensing theory and SRC
method, In section 3 details of the proposed method based
on K-means clustering is introduced. Finally the used face
dataset and our experiment details are described in section 4.

2. Sparse Representation based Classifi-
cation
2.1 Compressive Sensing Theory

The system of linear equations y = Ax, where A ∈ Rm×n

is an m by n matrix, is called an under-determined system
if m < n. In this system, the measurement vector y, is a
column vector with m entries, and x which is a column
vector with n entries is the vector to be recovered. The
solution x̂ to this equation is not unique and the sparsest
solution to this equation can be obtained by solving the
following optimization problem:

x̂0 = arg min ‖x‖0 subject to Ax = y , (1)

where ‖.‖0 denotes the l0-norm, which counts the number
of non-zero elements in vector x. Finding the solution for x,
using (1) is an NP-hard problem because all the subsets of
the entries for x should be considered [11].

Based on the theory of compressive sensing, if the solution
x̂0 is sparse while satisfying certain constraints [8], the
solution of the optimization problem (1) is equal to the
solution of the following l1-norm minimization problem:

x̂1 = arg min ‖x‖1 subject to Ax = y . (2)

In fact, vector x̂1 should not necessarily be sparse to be
recovered by (2). It may be sparse in some domain (other
than x̂1’s original domain) [12]. For instance, vector x̂1,
could be a general non-sparse signal which has a sparse
representation in frequency or Wavelet domain.

In practice, due to the existence of noise in measurements,
the solution to y = Ax is not exact. In other words, the
system of linear equations, y = Ax should be modified as
y = Ax + n, where n is an n dimensional noise vector. In
this case, the optimization problem (2) may be reformulated
as follows:

x̂1 = arg min ‖x‖1 subject to ‖Ax− y‖2 ≤ ε , (3)

where, ε > ‖n‖2 , i.e. ε is larger than the energy of the
noise.

2.2 Face Recognition Formulation based on
Sparse Representation

The idea of face recognition in the context of sparse
representation is to set up a system of linear equations,
y = Ax, where A is the training matrix, y is the unknown

face image and x is the sparse representation of the unknown
face as a linear combination of the training faces. Each
training face image is an m dimensional vector v where
m = height×width. Assuming there are Ki training images
from subject i in the dataset, the vectorized version of these
face images from subject i, vi,1, vi,2, . . . , vi,Ki

∈ Rm span
a face subspace where vi,q is the qth training face vector in
class i [13]. In an ideal situation, a test image j of the subject
i, yj

i ∈ Rm could be represented as a linear combination of
training images as follows:

yj
i = xji1vi,1 + xj

i2vi,2 + · · ·+ xj
ikvi,Ki

, (4)

where xji ∈ R are the coefficients and [vi,1, vi,2, . . . , vi,Ki
],

is an m × Ki matrix whose columns represent vectorized
training images from subject i. Considering all n = K1 +
K2+ · · ·+Ks training images from all s subjects, the entire
training set could be represented by the matrix A ∈ Rm×n

where

A = [v1,1, v1,2, . . . , v1,K1
, v2,1, . . . , v2,K2

, . . . , vs,Ks
] . (5)

The linear system shown in (4) can be represented in
matrix form as

y = Ax . (6)

where x = [x11, . . . , x1K1
, x21, . . . , x2K2

, . . . , xs1, . . . , xsKs
]T .

The solution to equation (6) for an ideal test image yj
i ,

will be zji which is a sparse vector whose entries are mostly
zero except for the ones corresponding to ith subject:

zji = [0, 0, . . . , 0, xi1, . . . , xiKi
, 0, 0, . . . , 0]T . (7)

If m < n , i.e. the number of pixels for each image is
smaller than the total number of training images, equation
(6) represents an under-determined system. Assuming that
the face images from one subject represent a subspace with
a lower dimension than m [13], it is possible to recover x
by solving l1-norm minimization problem (2). Having the
recovered vector, x, it is possible to find the class of the
given test image. This classification method is called Sparse
Representation-based Classification (SRC) [7].

In real applications, due to the existence of measurement
noise, both training and test face images are noisy and it
may not be possible to represent a test face image only as
a linear combination of training images which belong to the
same class. To address this problem, the constraint on the
l1-norm minimization problem is changed to consider the
noise effect, as described in section 2.1, equation (3).

Another consideration in the SRC algorithm is the di-
mensionality of face images. if the dimensions of training
face images are large, then it is necessary to have a large
number of training samples for equation (6) to be under-
determined. For example, if the resolution of the training
images is 100 × 100, then matrix A will have 104 rows
which implies that the number of training face images must
be greater than 104.



Fig. 1: Two examples of clusters formed for a face class, top:
12 face images (top left) form cluster 4 which is represented
by its center (top right), bottom: 10 face images (bottom left)
form cluster 6 which is represented by its center (bottom
right).

In order to lower the number of rows in matrix A, it
is possible to reduce the dimensionality of the original
images, m, by using a set of d extracted features where
d � m. Many of the feature extraction algorithms consist
of linear transformations which may be represented as a
matrix multiplication. In this case, the equation (6) could
be rewritten as follows:

ŷ = Ry = RAx = Âx , (8)

where ŷ ∈ Rd represents the extracted feature vector of the
original unknown image y, and R ∈ Rd×m with d � m,
is a feature extraction matrix. Â ∈ Rd×n represents the
training matrix with reduced dimensionality. Using equation
(8), fewer training face images are needed to form an under-
determined system of linear equations. Using Â as the
training matrix, equation (3) can be reformulated as:

x̂1 = arg min ‖x‖1 subject to
∥∥∥Âx− ŷ

∥∥∥
2
≤ ε . (9)

Different dimensionality reduction matrices such as ran-
dom projection, down-sampling, Eigen, Fisher, and Lapla-
cian, are studied in [7]. In this paper we utilize three of
the proposed methods: random projection, down-sampling,
and Eigen features. Random projection algorithm employs
a normal distribution function to randomly select a normal-
ized subset of the original face images as features. Down-
sampling method uses a bi-cubic algorithm to down-sample
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Fig. 2: Histogram of number of clusters for 100 classes based
on adaptive clustering method (Qmax = 20 and τ=0.42167).

the original face images. The Eigen algorithm calculates the
Eigen vectors of the original dataset to form the matrix R
and uses this matrix to reduce the dimensionality of matrix
A. The size of R matrices which were calculated for the
three methods in this work are 100× 3600.

3. Sparse Representation-based Face
Recognition using Adaptive Clustering

The computational complexity of the SRC method is
quadratic [10] because it is based on l1-norm solution of (9).
This implies that if the number of training images is doubled,
the time required for solving (9) will be quadrupled.

In this section we describe a method to reduce the number
of columns in matrix A by using K-means clustering. As
described in section 2.2, faces from one subject form a
subspace of the original m dimensional space. Considering
that many training face samples might contain similar in-
formation, using all the samples to represent a sub-space
is inefficient. In this case, it would be more efficient to
characterize each class by a more representative and smaller
set of image vectors. A commonly used method to represent
a group of samples by a smaller number of representatives
is K-means clustering.

K-means clustering [14], [15] has been widely used in
pattern recognition and machine learning applications and
is a method to partition a dataset into k groups. K-means
selects k cluster centers in data domain which are a more
compact representation of the original data set.

In the proposed approach, the centers of the clusters
are selected to form the columns of the matrix A. Fig. 1
shows two examples of sample face clusters for the same
class along with the computed cluster representatives. Each
sample is a 60× 60 face image.

The number of clusters for each class is adaptively se-
lected based on the variability of the training images for that



CL 1 with 27 faces CL 2 with 13 faces CL 3 with 13 faces CL 4 with 12 faces

CL 5 with 10 faces CL 6 with 10 faces CL 7 with 9 faces CL 8 with 6 faces

CL 9 with 6 faces CL 10 with 6 faces

Fig. 3: Images of 10 cluster centers for one of the training
classes with 112 face images. Number of face images are
also shown for each cluster.

class. The variability of a cluster is defined as the maximum
within-cluster sums of point-to-centroid distance measure

MaxDisti = max
j


√√√√√ Ni

j∑
l=1

(
ui,jl − Ci

j

)2 , (10)

where, N i
j is the number of samples in cluster j of class

i and ui,jl is the lth sample in jth cluster of class i. Ci
j

represents cluster center of the jth cluster in class i.
Consider a dataset with 100 classes and 15000 total

number of training face images. The size of the matrix A
for this dataset will be 3600×15000, assuming that each
face is a 60×60 image. If a matrix of size 100×3600 is
used for feature extraction, then the final size of the matrix
Â for the original SRC will be 100×15000 (Equation (8)
in section 2.2). In comparison, if the average number of
clusters per class is selected to be 10, the size of the matrix
Â for the proposed method will be 100×1000. Although the
size of the matrix Â for the original SRC may be reduced
by selecting a random subset of the training dataset, but the
random selection of the images is not necessarily a good
representative of each class in the dataset.

In practice, the number of clusters for class i, Qi, is
constrained by a predetermined maximum number of clus-
ters, Qmax. Qi, starts from one and is incremented as long
as Qi < Qmax and MaxDisti is smaller than a fixed
predetermined threshold, τ . Applying this approach on the
training dataset will result in different number of clusters
for each class. Classification based on this method is called
K-SRC in this paper. The two parameters Qmax and τ allow
the system to control the number of columns in the training
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Fig. 4: Average time per test in SRC is super-linear to the
number of columns in matrix A.

matrix A. This adjusting feature enables efficiency versus
accuracy tradeoff.

Fig. 2 shows the histogram of number of clusters for
100 classes based on adaptive clustering method. In this
experiment, 100 classes are randomly selected from the face
dataset. Total number of training samples for all classes is
14794 face images and each training sample is a cropped to
a 60× 60 gray face image, i.e. a 3600 dimensional vector.
Adaptive clustering parameters Qmax and τ are selected
such that after clustering the average number of clusters for
each class is equal to 10 (Qmax = 20 and τ =0.42167).
As a result, the total number of training samples in this
experiment is 1000 which forms a 3600 × 1000 training
matrix A. Changing τ will change the average number of
clusters per class which results in a different number of
columns in training matrix A. Our experiments in section 4
show how the size of training matrix A varies by increasing
the threshold τ . Fig. 3 shows the formed cluster centers for
one of the face classes in the training dataset. This class has
a total number of 112 training samples. K-means algorithm
with τ=0.42167 and Qmax = 20 was applied to this class
and as a result, a total number of 10 clusters are formed.
Each cluster is formed by different number of face samples
which is also shown.

3.1 Results

The relationship between the running time and size of
the training matrix for SRC algorithm is shown in Fig. 4.
The average running time for both SRC and the proposed
method is the same because they are both using the same
process to solve the l1−norm minimization problem, which
is quadratic to the number of columns in the training matrix.
It should be noted that at a same computational complexity,
K-SRC achieves higher recognition rates than the original
SRC, as shown by the experiments in section 4.
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Fig. 5: The relationship between τ and number of columns
in matrix A.

4. Experiments
4.1 The Face Dataset

The face dataset used in this work consists of 2D face
images from the FRGC-2 dataset [16]. This dataset contains
36817 face images from 535 subjects (i.e., 535 classes).
Among these classes, 100 classes were randomly selected
for the experiments. Total number of training images is
14794 and the test dataset consists of 400 face images (4
test images per class) which are different from face images
in the training set. The original resolution of the face images
was either 1704 × 2272 or 1200 × 1600. All images were
converted to gray images, normalized and cropped to 60 by
60 pixels.

The first set of experiments were conducted to evaluate
the effect of the MaxDist threshold, τ , on the number of
columns in matrix A, which controls the tradeoff between
running time and recognition accuracy. Fig. 5 shows how the
number of columns in matrix A is affected by increasing
the parameter τ . Parameter Qmax was set to 20 in this
experiment. As it can be seen in this figure, when τ is
increased from 0.05 to 4, the number of columns in matrix
A decreases from 2000 to 204.

Face recognition performance for the original method
(SRC) and new proposed method (K-SRC) is measured and
compared with different number of columns in matrix A.
Recognition accuracy simulations are done for 3 different
methods introduced in [7] i.e. random projections, Eigen
features, and down-sampling. Feature extraction matrix R
is selected to have 100 rows in all simulations. Primal-
dual algorithm introduced in [17] was used to solve the
optimization problem (9).

In order to compare the recognition accuracy for the two
methods (SRC and K-SRC), clustering parameters (Qmax

and τ ) are tuned to achieve some pre-determined total
number of clusters (200, 300, ...) for K-SRC experiments.
Then a similar number of training face images were ran-
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Fig. 6: Recognition rate for K-SRC (blue solid line) and
original SRC (red dashed line) method using different sizes
of matrix A, (a): Random projection, (b): Eigen features and
(c): Down-sampling

domly selected from the whole training dataset to from
the training matrix A and the original SRC method was
conducted on this set. With this scheme, it is possible to
compare the recognition rate of both methods having similar
computational load.

Fig. 6 shows the recognition rates for different sizes of
training matrices using random projection, Eigen features,
and down-sampling. It can be seen that for the same number
of columns in the training matrix, the proposed method
has higher recognition rate compared to the original SRC
method. For instance, using random projection for the K-
SRC method with a 100× 1000 A matrix (an average of 10
clusters per class), recognition accuracy is %95.75 which is
higher than the %85.5 accuracy for the original SRC method
with the same size of matrix A (10 training sample per class).

Fig. 7 shows the recognition rate of both SRC and K-
SRC versus the average running time per test. Examination
of Fig. 7 indicates that for the same average time per
test, the K-SRC outperforms the SRC method in all the
three feature extraction methods. For example , at the 100
msec average time per test, the recognition rates of the K-



SRC method are approximately %96, %93, %95 while the
recognition rates for the SRC method are %76, %75, %70 for
the random projection, Eigen features, and down-sampling
methods respectively.

The efficiency of the proposed K-SRC method is also
shown in Table 1. For example, using a subset of 3500
images (an average number of 35 samples per class) from
the original dataset and a down-sampling matrix R of size
100×3600, results in the training matrix size of 100× 3500
for which the SRC method achieves %94.2 recognition
rate. In contrast, to achieve the same recognition rate, the
proposed method only needs an average number of 5 clusters
per class, which leads to a 100× 500 training matrix. This
is a reduction of number of columns in matrix A by a
factor of 7 (3500 for SRC to 500 for K-SRC). Considering
that the l1−norm minimization solution has a quadratic
computational complexity [10], the proposed K-SRC method
introduces a significant improvement in the running time
for recognition of a single test image. This improvement
is reflected in Table 1, where the down-sampling feature
extraction method leads to a speed improvement of factor 33
(2.64s for SRC to 0.08s for K-SRC) while achieving even a
better recognition rate of %94.7 compared to %94.2. Similar
improvements could be seen from Table 1 using random
projection and Eigen features.

5. Conclusion
In this paper, we proposed an efficient method based on

sparse representation classification (SRC) for face recog-
nition application. In this approach, instead of using the
original face images, clusters of training face images are
used to form the training matrix. An adaptive K-means
method is implemented to form the training data clusters.
Adjusting the parameters of the adaptive clustering algorithm
allows for a controlled trade off between speed and accuracy
of the recognition process. Three different feature extraction
algorithms were used in the experiments and results were
compared with the original SRC algorithm. We have tested
our method on a face dataset with 14794 training face
images from 100 classes. Results show that the proposed
approach reduces the running time and memory requirements
of the recognition task while preserving the classification

Table 1: Recognition rate, running time per test and number
of columns in matrix A for K-SRC and SRC methods for
classifications of faces from 100 subjects using random,
Eigen and down-sampling features.

Method K-SRC SRC
Acc(%) Time(s) A Col. Acc(%) Time(s) A Col.

Random 95.0 0.03 300 94.0 0.81 2000
Eigen 95.0 0.18 900 94.2 1.33 2500

Down-Sampling 94.7 0.08 500 94.2 2.64 3500
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Fig. 7: Recognition rate for K-SRC (blue solid line) and
original SRC (red dashed line) method versus the average
execution time for each test, (a): Random projection, (b):
Eigen features and (c): Down-sampling

accuracy in comparison with the original SRC method. The
experiments show that the proposed method can speed up
the recognition process time up to 40 times when compared
to the SRC algorithm. This improvements makes the new
approach more feasible for implementation on mobile and
other devices with low processing resources.
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