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As a growing number of low-resolution (LR) face images are captured by surveillance cameras, LR face
recognition has been a hot issue for recent years. Previous efforts on LR face recognition typically assume
each subject has multiple high-resolution (HR) training samples. However, this assumption may not hold
in some special cases such as law-enforcement where only a single HR sample per person exists in the
training set. For LR face recognition in SSPP scenario, it often suffers from overfitting and singular matrix
problems. In this paper, we are the first to investigate LR face recognition with single sample per per-
son, and propose a cluster-based regularized simultaneous discriminant analysis (C-RSDA) method based
on SDA. C-RSDA regularizes the between-class and within-class scatter matrices respectively with inter-
cluster and intra-cluster scatter matrices, where the cluster-based scatter matrices are computed from
unsupervised clustering. With the cluster-based scatter matrices, not only the singularity problem is re-
solved, but overfitting problem is overcomed as more variations are exploited from the limited training
samples. Thus, the proposed C-RSDA enhances the discriminative power of the feature subspace. We ex-
tensively evaluate C-RSDA on recognizing LR face images captured in both controlled and uncontrolled
environments. The encouraging experimental results demonstrate the effectiveness of the proposed ap-
proach.
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1. Introduction niques developed for HR images. Moreover, HR face images of sub-
jects are usually enrolled in the gallery set, the dimensional mis-

Face recognition for single sample per person (SSPP), i.e., con- match between gallery and probe images makes LR face recogni-

ducting face recognition when there is only one sample of each
subject in the training set, has been a topical issue for recent years,
because its significant application in law enforcement. Many tech-
niques have been proposed to deal with SSPP face recognition [1-
6], and all of them so far are designed for high-resolution (HR)
face images. In the last decade, for security and law enforcement
purposes, an ever-increased number of surveillance cameras have
been installed in public area. This proliferation of cameras as well
as the significance for real-world applications raises the new re-
quirement for face recognition algorithms to be competent enough
to well recognize the surveillance camera quality face images. Due
to the large distances between the cameras and the subjects, face
regions in the captured images are usually small, resulting in very
low-resolution (LR) face images. Recognizing such low-resolution
face images is termed as LR face recognition. Compared with high-
resolution face images, as demonstrated in [7], the LR faces in-
volve more noise and lack effective features, which considerably
degrades the performance of conventional face recognition tech-
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tion even more challenging.

The most straightforward way to address this dimensional mis-
match is to down-sample the HR gallery images to LR ones, and
then perform classification on all the LR images. However, this
down-sampling removes some discriminative information embed-
ded in HR gallery images, which results in disappointing recogni-
tion accuracy. To enhance the recognition performance on LR im-
ages, two types of methods have been developed in the literature:
(i) super-resolution based techniques and (ii) coupled mappings
based techniques.

1.1. Super-resolution based techniques

Super-resolution based techniques rely on super-resolution
methods to first reconstruct HR probe images from correspond-
ing LR ones, and then perform recognition on the reconstructed
HR probe images. As an instrument to enhance the resolution of
images, super-resolution techniques have been developed steadily.
These super-resolution techniques typically focus on learning the
relationship between LR and HR image patches. Various learn-
ing algorithms have been employed to learn this LR-HR map-
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ping, such as local linear regression [8,9], sparse representation
[10,11], manifold learning [12] and convolutional networks [13,14].
These super-resolution methods are mostly designed to be vision-
oriented, which means they are designed to obtain good HR re-
constructions from LR images, and are not necessarily optimized
for recognition purposes.

Recently, there have been some efforts towards recognition-
oriented super-resolution techniques. The recognition-oriented
super-resolution is more suitable for LR face recognition, because it
takes face recognition into consideration when performing super-
resolution. Since the decrease in image resolution results in loss of
high frequency components, Bilgazyev et al. [15] propose to build
a dictionary of high frequency components in the facial data, and
then these high frequency components are added to LR face im-
ages to perform super-resolution. Studies on human vision systems
have shown that the high-frequency information by itself is not
sufficient for recognition of low-quality facial images [16], hence
super-resolution in the pixel domain will not help much to im-
prove the recognition performance of LR face images. To overcome
this problem, Huang et al. [17] present a method to perform super-
resolution on coherent feature domain by establishing a nonlin-
ear mapping between HR and LR features. Compared to the pixel
domain super-resolution methods, their approach is computation-
ally efficient and robust. These super-resolution methods are spe-
cially devised for LR face recognition, but they perform HR face
reconstruction and recognition sequentially. To address this issue,
some progress has been made in simultaneous super-resolution
and recognition, which embeds the super-resolution process into
face recognition. Instead of performing super-resolution and recog-
nition independently as two separate sequential process, Jia et al.
[18] propose to integrate these two processes together by di-
rectly computing a maximum likelihood identity parameter vec-
tor in HR tensor space for recognition. Hennings-Yeomans et al.
[19] present a discriminative approach that combines recognition
with HR reconstruction simultaneously by introducing the super-
resolution constraints and feature constraints in a regularization
framework. Zou et al. [20] develop a relationship-learning based al-
gorithm, in which a new data constraint and a discriminative con-
straint are designed for good visual quality image reconstruction
and discriminative feature extraction, respectively. The recognition-
oriented super-resolution methods, especially those performing
super-resolution and recognition synchronously, improve the per-
formance of LR face recognition. Unfortunately, the computational
cost to perform super-resolution is high. In addition, when the res-
olution of a probe image is very low, for example, 8 x 8 pixels, the
performance of these algorithms is depressing, because it is quite
difficult to recover much meaningful information from such limited
pixels by super-resolution.

1.2. Coupled mappings based techniques

To avoid super-resolution process, coupled mappings based ap-
proaches are also developed to address LR face recognition prob-
lem. These methods are inspired from canonical correlation anal-
ysis (CCA) [21] and aim to learn two different mappings: one for
HR images and one for LR image. These learned mappings are first
employed to project images of different resolutions into a uni-
fied subspace, followed by the classification in the resultant sub-
space. Based on the framework of coupled mappings (CMs), Li
et al. [22] introduce locality preserving objective into the optimiza-
tion of CMs model and propose coupled locality preserving map-
pings (CLPMs). CLMPs learn the two mappings in an unsupervised
manner. To incorporate the label information, some supervised
CMs models are also developed. Siena et al. [23] extend the prin-
ciples of marginal fisher analysis and propose coupled marginal
fisher analysis (CMFA) by utilizing the local relationship of data.

Inspired by maximum margin projection, Zhang et al. [24] propose
large margin coupled mapping algorithm, by which two projec-
tions are learned to maximize the distance of features with dif-
ferent labels and minimize the distance of features with identi-
cal label in the common space. Zhou et al. [25] and Zhang et al.
[26] propose simultaneous discriminant analysis (SDA) and cou-
pled marginal discriminant mappings respectively to improve the
classification discriminability of CMs. Both methods introduce the
within-class scatter and between-class scatter into CMs. To further
enhance the recognition performance, the geometry structure in-
formation of samples are integrated into CMs models [27-29]. Shi
et al. [27] combine local and global geometry structures together
to learn the coupled mappings, while both Jiang et al. [28] and
Xing et al. [29] propose to obtain the coupled mappings by dis-
criminant manifold analysis. Lately, Biswas et al. [30,31] improve
the matching performance of the LR face images based on multi-
dimensional scaling. The coupled mappings ensure that the dis-
tances between LR and HR images in the latent subspace approx-
imate the distances between two corresponding HR images. Be-
sides, kernel tricks have been introduced into CMs to deal with
LR face recognition, so that images can be projected into the uni-
fied subspace by coupled non-linear mappings. Such methods are
coupled kernel embedding [32], coupled kernel fisher discrimina-
tive analysis [33], and kernel coupled distance metric learning [34].
Most recently, domain adaption or transfer learning is also embed-
ded into CMs. These approaches deeply exploit the discriminant
information from source domain (HR images) to target domain (LR
images), and have reported promising results. Two typical methods
using domain adaption or transfer learning technique are proposed
by Ren et al. [34] and Kan et al. [35], respectively.

1.3. Motivation

All of the methods discussed so far are designed based on
the assumption that there are multiple HR images of each sub-
ject in the training/gallery set. This assumption may not always be
true as single sample per person (SSPP) may occur in some law-
enforcement situations, leading to SSPP face recognition problem.
Many efforts [1-4] have been made to address SSPP face recogni-
tion of HR probe images. However, to the best of our knowledge,
there are no attempts to cope with SSPP face recognition of LR
probe images. To fill this gap in face recognition, we work on ad-
dressing this problem in this paper.

In SSPP situation, it is more difficult to recognize a LR probe
face. Less training HR samples of subjects in the training set lead
to weak ability to cover sufficient variations, which further induces
overfitting problem. Moreover, when employing Fisher criterion to
do discriminative analysis, the singularity of the within-class scat-
ter matrix will be a negative factor. A popular way to deal with sin-
gularity is to regularize the within-class scatter matrix by adding
an identity matrix to it [23,25,26]. However, the introduction of
the identity matrix does not bring in any discriminative informa-
tion for classification, and is unable to solve overfitting.

As the unsupervised clustering algorithms gather similar sam-
ples and separate dissimilar ones, some within-class and between-
class variations can be exploited from such clusters. Based on SDA,
we propose a cluster-based regularized simultaneous discriminant
analysis (C-RSDA) method to address LR face recognition when
there is single HR face sample per person in the training set. By
employing the cluster-based regularization, the singularity prob-
lem is solved; meanwhile, as more variations are sought from the
limited training samples, the overfitting problem is also settled, so
that more discriminative information is introduced into the opti-
mization of the feature subspace. The proposed C-RSDA aims to
learn two mappings that can project the HR face images and LR
face images into a unified subspace, in which samples from the
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Fig. 1. The pipeline of our proposed C-RSDA.

same class gather as close as possible; meanwhile, samples from
different classes disperse as far as possible with a large margin.

The reminder of this paper is organized as follows. In Section 2,
we introduce LR face recognition problem. Section 3 provides the
details of C-RSDA, and analyzes the significance of the proposed
approach; besides, the relationship between the proposed method
and SDA is also presented in this section. Section 4 presents the
results of experimental evaluation on three popular face databases.
We make a brief conclusion in Section 5.

2. Problem statement

In this work, we focus on addressing the low-resolution face
recognition problem in which only one HR face image of each sub-
ject is enrolled in the training set, and the LR face images are to
be recognized.

Assume we have a gallery set of HR face images H=
[h1,hy, - hc] € RMXC) where h; denotes the HR image, M is the
feature dimension, and C is the number of classes, each class has
only one HR image. Given a probe LR face image, | € R™, m is the
feature dimension of LR face image and m < <M, it is impossible to
directly compare the similarity between HR samples and the probe
sample since their dimensions are not equal. An alternative way is
to project the HR and LR images into a unified subspace by learn-
ing a couple of mappings: fy: RM — RY for HR images and f.: R™
— RY for LR images, where R? denotes the unified subspace and d
< m. Thus, the similarity among HR gallery projections and probe
LR projection can be calculated in the unified subspace, and recog-
nition can be performed. The probe LR is assigned a class label by

c)=j when j=argmaxs(fu(hy). fi(h). (1)

where ¢(l) is the class label of probe LR sample [, s(o, o) is the
similarity metric. If we define fy and f; as linear projections, then
fu(h;) and fi(I) can be respectively formulated as fy(h;) = Pghj and
fih =PLTl, where Py and P, are M x d and m x d matrices, re-
spectively.

When learning Py and P, we expect s(fy(h;), fi(I)) to be large
if | belongs to the same class as h;, and be small otherwise. It
means that in the unified subspace, the projections of the same
class accumulated and those of different classes decentralized, re-
gardless of their original identity of HR or LR. To achieve this goal,
we compute the between-class and within-class scatter matrices
by considering the class label information in the unified projection
subspace, and propose the following objective function, which is
similar to that of SDA:
]B(PHYPL) , (2)
Jw Py, B)
where Jp(Py, Pr) and Jw(Py, Py) are measures of between-class and
within-class scatters in the unified subspace. The above objection
function can be solved by a generalized Eigen decomposition prob-
lem.

J(Py, P) = max

3. Proposed C-RSDA

We assume that the number of LR samples equals the num-
ber of HR samples for each subject in the training set. This is rea-
sonable because in most cases the training LR samples have to be
acquired by smoothly down sampling the HR ones. Note that if
there is only one HR sample for each subject in the gallery set,
in the unified subspace there will be only two projection samples
for each subject, one is from a HR image and the other is from a
LR image. As the number of projections in each class is small, it
is easy to encounter overfitting or small-sample-size problem. To
avoid this, we attempt to regularize SDA by clustering and propose
C-RSDA, which enhances the discriminative power of the unified
subspace.

The core thought of the proposed C-RSDA is to employ both
cluster-based scatter matrices and class-based scatter matrices to
more accurately estimate the true scatter matrices with limited
training samples. We utilize SDA as the basic framework to demon-
strate our idea in this paper, because SDA is easily understood and
computed. Fig. 1 illustrates the core idea of the proposed C-RSDA.
It is worth pointing out that this idea can be introduced into any
methods or frameworks using either the between-class scatter ma-
trix or the within-class scatter matrix or both, to better assess the
inter-class or intra-class variations. In order to clearly describe the
proposed C-RSDA, we first introduce Cluster SDA, which is the gen-
eralization of SDA. When each cluster is right a class, Cluster SDA
is the same as SDA.

3.1. Cluster SDA

Let L=[l;,L,---,lc] e R™<C be the corresponding LR images
of HR samples in the gallery set. With the two linear mappings,
the projections of HR and LR samples in the unified subspace
can be expressed as: flj =Plh;, and f] =Pll;, where j=1,2,---,C,
flj and T] are the projections of HR and LR samples, respectively.
To get the mappings of Cluster SDA, we first group the train-
ing data into K non-overlapping clusters. Compared with LR im-
ages, HR images include more discriminative information, hence
we conduct clustering on HR face images, and the clustering re-
sult can be directly used to group LR images. The clustering can be
expressed as

H:H]Uqu,-~~,HK, (3)

(4)

where H; is the ith cluster. The cluster label of a sample h; is de-
noted by c(h;) with c(h;) € (1, 2, -+, K).

Then we compute the means of samples in each cluster of HR
and LR images as

H,‘ﬂHj:@ for Vi # j,
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1 1
ML = Z lj7 MH = 17 Z hj, (5)
N; ) N; )
c(ly)=i c(hj)=i

where N; is the number of samples in H;, and i =1,2, ... ,K. The
total means of LR and HR images are computed by

K K
ML=%ZZU,MH=%Z > hy (6)
i=1 ¢(1j)=i i=1 ¢(hy)=i
Regardless of the original identity (HR or LR) of projections,
the mean of projection in each cluster, and the total mean of
all projections in the common subspace, can be calculated as
follows:

1 ~ ~ 1
Hi= ZN( > hi+ Y lj) = Q(PIEMHi +P ). (7)
1

c(hy)=i clp=i

K K
“221c<z b+ > lj>=;(P;uH+PLTm). (8)
i=1 c(hj)=i i=1 c(l))=i

After obtaining the projections of samples and mean vectors,
it is trivial to compute the intra-cluster and inter-cluster scatters
in the unified subspace, just by following the way to characterize
the scatter matrices in LDA. In the unified projection subspace, the
intra-cluster scatter is computed by

o-2( 2 6w 2 )

i=1 \c(h))=i c(lj)=i

K . .
Wt Wt Py
— T pT HH HL
_[PH PL]Z[wi W1i||:pi|
i tH "ViL L

=Ppr'stop 9)

where P = [P,_T, PLT | is the concatenation of the mappings Py and

P, S&’,O is the intra-cluster scatter matrix of the projections of HR
and LR images when the HR samples are grouped in K clusters. The
blocks in Sf,\lf) are

, 1 1 T
Wi = > (hj - 5#1—@) (hj - 5#«1—@) +ZNiMH,-M;T-1i
c(hj)=i
i 1 T
Wi = oy NilkH [y
: 1
Wiy = ) FL g
; 1 1 T r
W}, = Z (lj - EML,) <lj - 5/&,) +ZNilLLil'LLi’ (11)

cj=i

where N; is the number of samples in the ith cluster of HR images,
and C=N; + Ny + -+ Ng.

Similarly, the inter-cluster scatter in the projected subspace can
be computed by

K
B0 =23 N — )’
i=1
X [Bun B |[Pu
- [ 7)Y
~ [ B Bu [ P
_ pT¢)
= P'S,VP, (12)
where SI(JK) is the inter-cluster scatter matrix of all the projections
when HR images are grouped in K clusters. The blocks in SIEK) are

K
Buy = % D Ni(en, — ) (s, — MH)T
i-1

1K
B = 5 > Ni(tn, — o) (e, — ML)T
i=1
1 & T
By = 5 D ONi(pr, — ) (s, — 140
i=1
1& T
Bu=35 ZNi(ML, — ) (1, — ) (13)

1

If we want to find out which cluster a probe LR face belongs
to in the projected subspace, the Fisher discriminant criterion is
helpful to find the couple of mappings. According to Eq. (2), the
optimal projections are obtained by

[PH PL]opt = arg max Jrisher (P)

o r(Ps{P) ”
= argmax ——=argmax ————=.
J9O Tr(PTS}, P)

3.2. Cluster-based regularization

As our goal is to find out the class to which the probe LR face
belongs, the easiest way is to set K = C in Eq. (14), which indicates
that no clustering is conducted. Then the optimal projections can
be acquired by solving the following problem:

[P P] = arg max ﬁ—argmaxw (15)
H Llope — ]‘EIC) - Tr(pTS‘SE)P) )

where 5&,0 and Sgc) are the within-class and between-class scatter
matrices, respectively.

Because there is only one HR sample and one LR sample in each
class, there will be only two projection samples for each subject in
the unified subspace. With the limited number of samples in each
class, it is difficult to accurately measure the within-class scatter
matrix 55‘9 and the between-class scatter matrix Sgc), which gives
rise to overfitting and thus lowers the discriminative power of the
feature subspace. To overcome this problem, we propose to regu-
larize S,Sf) and Sl(f) respectively by using cluster-based scatter ma-

trices S‘%{) and S,(JK). This is based on the fact that samples in the
same cluster share more similarities and thus involve some infor-
mation of intra-class variations; meanwhile, samples in different
clusters are quite distinctive and the mean vectors of various clus-
ters include some discriminative information [36].

In this work, we employ correlation criterion to quantitatively
measure the similarity between samples, and K-means method to
conduct clustering. As K-means algorithm is sensitive to initial ran-
domly selected cluster centers, we run the clustering algorithm
T times with different initializations and obtain diverse cluster-
ing results. Corresponding to different initializations, there are T
intra-cluster and inter-cluster scatter matrices. Then the within-
class and between-class scatter matrices are regularized by the av-
eraged intra-cluster and inter-cluster scatter matrices, respectively.
With the regularization, Eq. (15) can be rewritten as

T
[Pu PL]0 = arg max J—Bzarg max M, (16)
Pt Jw Tr(PTSwP)
where Jy, and Jp are the total within-class and between-class
scatters, respectively; Sy, and Sp are the total within-class and
between-class scatter matrices, respectively; and

1 T
Sw =asSy + (1 —a)f;s%)

1 T
Sp= S, + (=P DSy - (17)
r=1
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In Eq. (17),0 <@ < 1 and 0 < B < 1 are the regularization pa-
rameters that balance the weight between class-based scatter ma-
trices and cluster-based scatter matrices. The three parameters in-
volved in Eq. (17), i.e,, o, B and K, are usually determined empiri-
cally. Because the optimization problem characterized by Eq. (16) is
similar to that in SDA, meanwhile the cluster-based scatter matri-
ces are used to regularize the class-based scatter matrices, we call
the proposed approach Cluster-based Regularized SDA (C-RSDA for
short). The solution of the optimization problem in (17) can be ob-
tained by conducting the standard Eigen decomposition:

Sw'Ss = Ap. (18)

where A is the eigenvalue and p is the corresponding eigenvector.
The optimal solution of (17) is the eigenvectors associated with the
first d largest eigenvalues.

Using the cluster-based scatter matrices to regularize the class-
based scatter matrices has two advantages. First, it helps to avoid
the matrix singularity problem of Sy, so C-RSDA can produce more
stable results. Second, it is good for mining more intra-class and
inter-class variations from limited number of samples, thus the
within-class and between-class scatter matrices can be more accu-
rately estimated, which overcomes overfitting, making the unified
projection subspace more discriminative.

3.3. Matching

During matching, the feature vectors of both the LR probe and
HR gallery images are first projected into the unified subspace by
the learned two mappings. If X, and x¢ respectively denote the fea-
ture vectors corresponding to an LR probe and an HR gallery im-
age, the feature vectors in the common subspace are given by

Xg = PiXq, Xp = P Xp. (19)
The similarity between the probe and gallery image is mea-
sured by cosine criterion between their projected features:

RoXD
§—_—__ -&» (20)

(ReXe) (%%})
3.4. Relationship with SDA

When =1 and B=1, the optimization problem in (16) is iden-
tical to that of SDA, which is formulated by Eq. (15). Therefore,
SDA can be viewed as a special case of the proposed C-RSDA. SDA
works well when there are multiple training images for each sub-
ject in the HR image set. If there is only one HR training sample
for each subject, the number of projection samples of each class in
the common subspace is small, it is difficult for SDA to truthfully
characterize the within- and between-class scatter matrices. There-
fore, conducting SDA in this situation will be prone to overfitting,
and the within-scatter matrix will be often singular.

To avoid this problem, SDA was improved by its regularized ver-
sion:

JO Tr(P's;”P)
[PH PL]opt —arg max]f,()vT)Z arg max Tr(PT (5\(,5) 1 VR)p) ’ 21)

in which R is the regularization term and y is the regularization
coefficient. In [25], two kinds of regularizations were proposed: R
is an identity matrix or a specially designed matrix by consider-
ing local consistency [37]. On the one hand, when R is an identity
matrix, it is the I, — norm regularization, this regularization term
does not include any intra-class information that will be useful for
classification. On the other hand, when R is a specially designed
matrix by considering local consistency, it does incorporate some
local geometry information about the distribution of HR and LR

samples; however, it fails to explore more variations from those
local geometries. Besides, compared with the proposed C-RSDA,
Eq. (21) chooses to regularize only the within-class scatter matrix,
instead of both scatter matrices.

3.5. Why cluster- based regularization?

We are not the first to use clustering results of samples to do
regularization. Ahead of us, several works have explored the ad-
vantage of cluster-based regularization. Soares et al. [38] introduce
a cluster-based regularization term to boost the semi-supervised
classifier, Wang et al. [39] apply cluster-based regularization to
learn discriminative dictionary. Both two works aim to make full
use of the cluster structure in designing their loss functions. To ad-
dress SSPP for HR face images, Pang et al. [40] propose to replace
the within-class scatter matrix with the within-cluster scatter ma-
trix, thus LDA can be applied even if there is only one training
sample of each subject. Recently, Pang et al. [36] put forward to
learn regularized LDA by clustering to deal with small sample size
problem of HR face recognition. These two works intent to exploit
more variations from limited samples. Inspired by this, we bring
in the cluster-based regularization into coupled mappings frame-
work to tackle SSPP face recognition for LR face images. Though
the above works have explained from different perspectives why
cluster-based regularization is helpful, we next offer our insight
into this issue.

3.5.1. Exploiting more variations from clusters

As our method employs cluster-based regularization, we first vi-
sualize some clustering results of images. We run K-means algo-
rithm four times, Fig. 2 illustrates four clustering results in which
each cluster contains Subject 17. The left subfigure shows the orig-
inal HR gallery images, and the right one displays the correspond-
ing reconstructed face images using PCA eigenvectors. It is difficult
to find similarities in a cluster from Fig. 2(a), but we can figure out
some common features in a cluster according to the reconstructed
faces. In Fig. 2(b), the faces in the first row show similar expression
(the corners of the mouth show some similarity); the faces in the
second row have similar left half face; the faces in the fourth row
seem to have beard, and have similar textures around the eyes.
Though we cannot express what similarity exists among faces in
the third row, we believe they do share some likeness since they
are clustered together. Consequently, many similarity features, i.e.,
intra-cluster variations are extracted from clusters.

We can also observe from Fig. 2 that different clustering results
share some common faces. By run the clustering algorithm more
times, we find that faces in the same cluster as Subject 17 are
mostly those in Fig. 2, through various combinations. This implies
that Fig. 2 includes a group of similar faces. We exhibit four group
of similar faces in Fig. 3. Note that analogous result as Fig. 2 shows
will be obtained for each group if we run K-means algorithm sev-
eral times. We can trivially discover the similarity in each group
of reconstructed faces, and different groups present different sim-
ilarities. Therefore, the inter-cluster variations can be exploited for
each clustering results.

Together with LR gallery face images, we can get two parts of
cluster-based variations in the common projected subspace, both
of them contribute to enhancing the discriminative ability of the
subspace. Figs. 6 and 7 illustrate the usefulness of cluster-based
variations.

3.5.2. Avoiding overfitting and singularity

We have demonstrated that variations can be explored from
clustering results of face images, now we disclose how the cluster-
based variations help avoid overfitting and singularity problem. Ac-
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Fig. 3. Four group similar faces (for each group, images in the top row are the original HR gallery faces and those in the bottom row are the reconstructed faces)

cording to Egs. (9), (16) and (17), we reformulate the total within-

c c
class scatter as follows: =« Z (fl, - ul)z + Z (l ,u,)
i=1 c(hj)=i i=1 c(lj)=i
ESY S (- w)’
© 0 R hii — i
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oo & - 2
—a PTS(C)P-l— 1- ZPTS\%?P +_ozT ;;C(U_ii (lii_,u'ii)
r=1 == j)=
C - - ¢ ~ 2 I
co(2( X Gy X G Ol o
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wii)? denote the within-cluster scatter in the common subspace
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to Egs. (12), (16) and (17), we reformulate the total between-class
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scatter in the common subspace computed by all samples.

Because there is only one HR gallery image and only one LR
gallery image for each class, we can seek few class-based variations
from them, which leads to overfitting for classification. However,
we observe from Eq. (22) that a proportion of the total within-
scatter is added to each class, which means that intra-cluster vari-
ations exploited from clustering results are used to enrich the
intra-class variations for each class; similarly, we observe from
Eq. (23) that a proportion of the total between-scatter is summed
to each class, that is to say, inter-cluster variations exploited from
clustering results are used to enrich the inter-class variations.
Therefore, more variations (include class-based and cluster-based
variations) are embedded into the common subspace and overfit-
ting is solved.

Note that Sy = aS(C) +(1-

where ]EI uster _

) ZS(K) For every clustering

result, there are multiple samples m most of clusters, hence the
intra-cluster scatter matrix is always non-singular. As a result, the
total within-class scatter matrix Sy, will be non-singular, and sta-
ble results can be obtained.

4. Experimental evaluation

In this section, we describe the details of extensive experi-
ments, which are performed to evaluate the effectiveness of the
proposed approach to match LR probe images with HR gallery face
images.

4.1. Data description

Most experiments described in this paper are performed on
FERET face data set [41]. As the grayscale FERET database is not
available to be downloaded any more, all grayscale images used in
our experiments are obtained from the color FERET database cur-
rently distributed in the official website. The FERET database con-
sists of 13,539 facial images corresponding to 1565 subjects, who
are diverse across ethnicity, gender, and age. In our experiments,
a subset from FERET database is chosen to compare our approach
with the state-of-the-art methods that can address low-resolution
face recognition problem. There are four groups (Fa, Fb, Dup1, and
Dup2) in the selected subset. Fa containing 994 frontal images of
994 subjects, is used as Gallery, while Fb (992 images of expres-
sion variations), Dup1 (736 images), and Dup2 (228 images) are
the Probe sets. It is worth mentioning that we are the first to eval-
uate the LR face recognition performance on Dup1 and Dup2 probe
sets of FERET database.

We also perform matching experiments on two more challeng-
ing databases, i.e., labeled faces in the wild (LFW) [42] and Surveil-
lance Cameras Face (SCface) database [43]. The two databases in-
clude face images captured in the uncontrolled environment. Brief
description of the datasets is provided along with the details of the
experiments.

4.2. Experimental settings

All face images are aligned and cropped using the location of
their eyes. The HR images are resized to 64 x 64 pixels, and the
LR images are down-sampled from the HR ones using a standard
bilinear interpolation technique. In our work, we test LR face im-
ages of 5 different resolutions, i.e., 8 x 8, 10 x 10, 12 x 12, 14 x
14 and 16 x 16 pixels. Fig. 4 shows three HR face images and their
corresponding LR samples in FERET subset. For training, the pro-
posed algorithm needs both HR and LR images of the same subject
to learn the coupled mappings. Note that there are only one HR
sample and one LR sample for each subject in the training set.
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Fig. 5. Comparison of HR images created by different super-resolution algorithms. The 1st column is the original HR faces, and the input LR faces for super-resolution

algorithms are 8 x 8 pixels (the 1st row) and 16 x 16 pixels (the 2nd row).

Table 1
The baseline recognition results (%) on FERET dataset.
L-L H-H
8x8 10x 10 12x12 14 x 14 16 x 16 PCA LBP
Fb 69.46 71.07 71.47 71.77 72.08 74.37 93.00

Dup1 29.76 3247 35.46 36.55 37.50 4270  61.00
Dup2 13.60 17.11 20.18 20.61 21.05 3046  50.00

Notes: ‘L-L’ means LR images are used in both training and testing process, ‘H-H’
means HR images are used in both training and testing process.

In all experiments, the standard Principal Component Analysis
(PCA) [44] is firstly used to eliminate the useless information in
the original HR and LR images, which induces the improvement
of recognition accuracy. The number of PCA coefficients used to
represent the face images is determined based on the number of
eigenvalues preserving 99.99% of the total energy. The parameters
in the proposed algorithm, i.e., K, T, « and B are empirically set
to 20, 80, 0.6 and 0.3 respectively when conducting experiments
on FERET database. The choices of various parameter values are
discussed in latter subsection. Unless otherwise stated, all experi-
ments report accuracy in terms of rank-1 recognition performance.

4.3. Experimental results

4.3.1. Baseline results

To show clearly how effective the proposed approach is in rec-
ognizing LR faces, we first obtain some baseline recognition re-
sults to be compared with. One part of baseline results is obtained
by matching LR probe images with down-sampled gallery images,
which is denoted by L-L in the reported results. The other part of
results are gained by directly matching high-resolution version of
probe LR images against HR gallery images, which is denoted by
H-H. For experiments in this subsection, we employ PCA technique
to extract features and the nearest neighbor classifier to make clas-
sification. We also use LBP feature to get better recognition perfor-
mance in H-H setting. Table 1 displays these baseline recognition
results on FERET database. It is obvious that the performance in
L-L setting is typically much worse than that in H-H setting, and
the recognition accuracy is from bad to worse with the decrease of
resolution in L-L setting.

4.3.2. Performance comparison with super-resolution techniques

For matching an LR probe with an HR gallery image, one of
the most commonly used approaches is to obtain an HR recon-
struction of the LR probe image firstly using a super-resolution
technique, and then the reconstructed HR probe images is used
for matching with the HR gallery sample. For comparison, we fol-
low the work of [30] and apply three different super-resolution

Table 2
Recognition performance (%) comparison of super-resolution techniques.
SR1 SR2 SR3 C-RSDA L-L H-H
8x8 Fb 3730 2117 27.72 8236 69.46  74.37
Dup1 571 6.39 856  41.85 29.76  42.70
Dup2 0.88 2.63 614 3465 13.60 3046
16x16 Fb 7026 7329 7429 8629 72.08 7437
Dup1 31.93 3841 4158 59.24 3750 4270
Dup2 2193 28.07 3377 5175 21.05 3046

techniques to obtain HR images from LR probe images. The three
techniques are Bicubic Interpolation (SR1), Sparse Regression-based
super-resolution (SR2) [10] and Sparse Representation-based super-
resolution (SR3) [11]. For Bicubic Interpolation, a standard MATLAB
interpolation function is utilized; while for the other two methods,
we have used the code available from the authors’ websites. In this
subsection, we choose the probe images of two different resolu-
tions, namely, 8 x 8 and 16 x 16 to evaluate various approaches.
Fig. 5 shows examples of HR images created by the three super-
resolution techniques described above.

As the proposed C-RSDA is based on discriminant analysis, to
provide fair comparisons, we get the recognition rates of super-
resolutions based methods by using LDA technique. Specifically, (i)
the HR counterparts of gallery LR images are firstly obtained by
super-resolution techniques, these virtual HR images together with
the original gallery HR images constitute the training set; (ii) each
class has two samples in the training set, PCA+ LDA technique
is employed to get the discriminative subspace and then to ex-
tract training features from only the original HR images; (iii) the
HR counterparts of the LR probe images are obtained by super-
resolution techniques and then projected into the discriminative
subspace to extract testing features; (iv) matching testing features
against training features by nearest neighbor classifier with cosine
metric. Table 2 presents the rank-1 recognition performance of the
proposed approach along with those of the three different super-
resolution approaches on FERET data subset.

As can be seen, when the resolution of probe LR faces is quite
low, namely 8 x 8 pixels, every super-resolution method per-
forms badly, even much worse than the standard LR matching
(L-L), which implies that it is quite difficult to recover meaning-
ful information from images of such a low resolution. When the
resolution of probe LR images increases to 16 x 16 pixels, the
super-resolution methods perform much better, however, the per-
formance of SR1 is still inferior to that of L-L matching, while the
performance of the two elaborated super-resolution techniques is
better than L-L matching but still worse than H-H baseline perfor-
mance. This may be partly attributed to the fact that these super-
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Fig. 6. Recognition accuracy versus various values of « and 8 for different low resolutions.

resolution techniques are not customized for a face matching ap-
plication. Not surprisingly, the proposed approach performs signifi-
cantly better than all the super-resolution techniques in every sce-
nario, and its performance is much better than the HR versus HR
setting in most cases, even though the resolution of probe LR faces
is quite low.

4.3.3. Performance comparison with coupled mappings approaches

Since C-RSDA learns two mappings, we then compare our pro-
posed method with three different coupled mappings approaches,
namely, CLPM [22], CMFA [23] and SDA [25]. To make fair com-
parisons, we finely tune the parameters for each compared tech-
nique. For CLPM, the scale parameter o and the number of nearest
neighbors of an HR image N(i) are set to be 11 and 1, respectively;
for CMFA, the regularization constant «, the number of the nearest
intra-class neighbors k; and the number of the nearest inter-class
neighbors kyare set to be 107>, 1 and 20, respectively; for SDA, we
employ I, — norm to regularize the within-class scatter matrix, as
the authors did in their work, and tune two regularization coeffi-
cients to be y=n=10-5, All the approaches are evaluated on the LR
probe images of 5 different resolution, and for each experiment the
nearest neighbor classifier with cosine metric is used to make clas-
sification. The recognition performance of the compared methods,
together with the baseline performance, is tabulated in Table 3.

The effectiveness of the our proposed C-RSDA can be demon-
strated by the following three facts: (i) among the four coupled
mapping methods, the C-RSDA achieves the best performance for
each experiment on Fb and Dup1l probe sets, and performs best
or nearly best on Dup2 probe set; (ii) according to the average
performance over various resolutions, C-RSDA reaches the high-
est recognition rates of 85.36% for Fb probe set, 51.44% for Dupl
and 43.07% for Dup2; (iii) compared with the baseline performance
of HH(PCA), C-RSDA attains either better or much better perfor-
mance in all experiments; (iv) compared with the baseline results
of HH(LBP), the overall performance of C-RSDA is lower by a mar-
gin within only 10%.

In addition, it can be observed from Table 3 that C-RSDA
largely surpasses SDA in each experiment, which indicates that the
cluster-based regularization employed in the proposed method is

Table 3
Recognition performance (%) comparison with couple mapping techniques.
8x38 10x10 12x12 14x14 16x16  Ave.
Fb CLPM 7994  82.56 82.46 84.07 84.48 82.70
CMFA 72.08 7540 75.40 74.60 75.60 74.62
SDA 68.75  72.08 71.77 71.88 72.08 71.31
C-RSDA 8236 8548 86.29 86.39 86.29 85.36
HH(PCA)  74.37 74.37 74.37 74.37 74.37 74.37
HH(LBP) 93.00 93.00 93.00 93.00 93.00 93.00
Dupl  CLPM 3954 4416 50.95 56.52 59.24 50.08
CMFA 2486  28.26 32.88 35.33 36.14 31.49
SDA 2745  31.66 33.97 37.50 37.77 33.67
C-RSDA 4285  46.60 52.85 56.66 59.24 51.64
HH(PCA) 42.70 42.70 42.70 42.70 42.70 42.70
HH(LBP) 61.00 61.00 61.00 61.00 61.00 61.00
Dup2 CLPM 31.14 35.96 42.11 47.81 5219 41.84
CMFA 13.60  20.61 23.25 22.81 24.12 20.88
SDA 14.04 18.42 18.86 20.61 20.18 18.42
C-RSDA 3465  37.72 43.86 47.37 51.75 43.07
HH(PCA) 3046  30.46 30.46 30.46 30.46 30.46
HH(LBP) 50.00 50.00 50.00 50.00 50.00 50.00

very efficient in LR face recognition when there is single HR image
for each subject in the training set.

4.4. Parameter analysis

We now evaluate the robustness of the proposed C-RSDA al-
gorithm with different parametric choices. The proposed method
involves four parameters, namely, regularization parameter « and
B, the cluster number K and the clustering times T. In the follow-
ing analysis, we conduct experiments using HR gallery images of
resolution 64 x 64 pixels, LR probe images of 8 x 8 and 12 x 12
pixels.

4.4.1. The effect of regularization parameter o and B

The parameter o and 8 are used to regularize the within-class
and between-class scatter matrices, they play a crucial role in the
proposed algorithm. Two sets of experiments are conducted by fix-
ing K =20 and T = 80, varying both « and 8 from 0 to 1 by an
increment of 0.1. The first set of experiments are used to examine
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Fig. 7. Recognition accuracy versus various values of « and B on different probe sets.

the effect of parameters when C-RSDA is employed to recognize
LR images of different resolutions. Fig. 6 shows the plots of rank-
1 recognition rates on Fb probe subset versus various values of o
and B, the results in left and right subfigures are obtained when
probe LR images in Fb subset are 8 x 8 pixels and 12 x 12 pixels,
respectively. The second set of experiments are used to examine
the effect of parameters when C-RSDA is employed to recognize
LR images in different probe sets. Fig. 7 shows the plots of rank-1
recognition rates on Dup1 and Dup2 probe subsets versus various
values of o and B, the results in left and right subfigure are ac-
quired when Dup1 and Dup2 are used as probe sets, respectively;
LR images in both probe sets in this experiment are 8 x 8 pixels.

As can be seen, figures in both Figs. 6 and 7 have similar 3D
shapes, we describe it in detail in the following. When o = 8 =0,
the recognition rate is lowest, it is as expected since the two total
scatter matrices are replaced by the cluster-based scatter matrices.
When o = =1, which means that no cluster-based regulariza-
tion is imposed on the scatter matrices, the corresponding recog-
nition accuracy is significantly better than that when o = 8 =0,
but much lower than the highest point. When « = 8 = 0, though
the recognition performance is quite low, it is higher than zero
and occupies more than one quarter of the recognition rates when
o = B = 1. This reveals that the cluster-based scatter matrices are
beneficial for classification. The highest recognition rate is achieved
when 0 <« <1and 0 < 8 < 1 in all subfigures. When 0 < o < 1
and 0 < B < 1, the recognition accuracy in each subfigure slightly
fluctuates around its highest value. It suggests that the proposed C-
RSDA algorithm can perform well with very flexible choices of pa-
rameter values. Specially, when 8 = 0, the recognition rate ascends
with the increase of the value of «, but it drops before reaches the
peak point; when o = 0, the recognition rate does not show appar-
ent trend with the changes of 8. This implies that the intra-cluster
scatter matrix plays a more influential role in boosting the perfor-
mance than the inter-cluster scatter matrix.

4.4.2. The effect of the number of clusters K
We utilize the cluster-based scatter matrices to do regulariza-
tion in our proposed method, so the number of clusters is an-

Table 4
The recognition accuracy (%) and standard deviation with respect
to various cluster times T

T 20 40 60 80 100
Ave. 8231 82.49 82.51 82.61 82.58
Std. 0.0045 0.0032 0.0030 0.0022 0.0016

other vital parameter in our algorithm. In this subsection, we in-
vestigate the effect of cluster number K on the recognition perfor-
mance. Two sets of experiments are conducted by fixing «=0.6,
p=0.3 and T = 80, varying K from 5 to 40 by an increment of 5.
Fig. 8 illustrates the recognition rates versus various values of K.
The left subfigure shows the results on Fb probe set while the left
one shows the results on Dup1 and Dup2 probe sets.

As it is shown, when the LR probe sets are fb_12 x 12,
dup1_8 x 8 and dup1_12 x 12, the corresponding recognition rate
firstly rises and then drops with the increase of K, and reaches
their peak value at K=20; when fb_12 x 12 is the probe set, the
recognition rate shows an ascending trend with the increase of K,
but it goes up slightly when K is more than 20. Therefore, neither
too small nor too large values of K are beneficial, and a moderate
value of K can ensure the proposed C-RSDA to achieve satisfying
results.

4.4.3. The effect of clustering times T

To eliminate the influence caused by the instability of K-means
algorithm, we run the clustering algorithm for T times to calculate
the cluster-based scatter matrices. The effect of T is tested in this
part. We use Fb, which contains LR image of 8 x 8 pixels, as probe
set, set ®=0.6, $=0.3 and K = 20, and vary the value of T to con-
duct experiments. For each value of T, we run C-RSDA algorithm
10 times and get the average recognition rates. Table 4 displays
the recognition accuracy (%) and standard deviation with respect
to various clustering times T. From Table 4, we find that the value
of T has slight effect on the recognition performance when T > 20.
Furthermore, the recognition rate is quite stable by run the clus-
tering algorithm for over 20 times since all of the standard devia-
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Table 5
The recognition results (%) on LFW dataset.
8x8 12x12 16 x 16 Ave.
CLPM 410 6.58 747 6.05
CMFA 9.49 10.38 10.89 10.25
SDA 4.94 6.96 7.85 6.58
C-RSDA 1228  14.43 15.06 13.92
H-H(PCA) 3.92 3.92 3.92 3.92

tions are less than 0.005, though it is more stable when the value
of T is larger. Considering the efficiency and stability, selecting the
value of T between 40 to 80 is a favorable choice for the proposed
method.

4.5. Evaluation on unconstrained face images

To show the recognition performance of our C-RSDA algo-
rithm on face images captured in unconstrained circumstances, we
conduct two series of experiments on LFW database and SCface
database.

4.5.1. Evaluation on LFW database

The LFW contains images of 5749 individuals taken under an
unconstrained setting. The complex surroundings of image captur-
ing and inaccurate alignment of faces make the LFW data quite
challenging for LR face recognition in the SSPP setting. LFW-a is
a subset of the LFW dataset, and the images in LFW-a have been
aligned with a commercial software tool. In this subsection, we
gather the subjects containing no less than ten samples and then
get a dataset with 158 subjects from LFW-a database, and further
choose one most frontal face image for each subject to construct
the HR gallery set, then select the first 5 face images from the re-
maining ones for every person to construct HR probe set. All HR
images are resized to 64 x 64 pixels, the LR gallery images and
LR probe images are obtained by downsampling corresponding HR
ones via bilinear interpolation. Our task on this database is to rec-
ognize LR face images of three resolutions,8 x 8, 12 x 12, 16 x
16 pixels. Fig. 9 displays the sample images of one subject in LFW
subset.

We use the same experimental setting as before to run the
proposed algorithm on LFW subset. Table 5 displays the recogni-

Fig. 9. Sample images in LFW subset (Images in the 1st column are gallery images,
and the rest images are probe ones).

tion results of various methods on this data set. It clearly shows
that the recognition accuracy is quite low (less than 17%) for each
method in every case. The reason is that face images in LFW
face database are captured under unconstrained circumstances and
much more complicated than images in FERET dataset, these face
images are hardly frontal and each probe face involves at least
one variation of expression, pose, illumination and occlusion. On
this challenging dataset, the proposed C-RSDA performs best, it
achieves the accuracy larger than 12% for each low resolution and
the averaged accuracy is 13.92%; the following is CMFA, whose av-
eraged recognition rate is 10.25%, 2.67% lower than C-RSDA; CLPM
and SDA are competitive, both accuracies are much less than 10%.
We also observe that each CMs based method performs better than
the baseline method PCA, which indicates that the unsupervised
PCA technique is inferior to deal with such complicated face im-
ages. According to Table 5, we see the advantage of C-RSDA on
recognizing LR faces captured in complicated environment.

4.5.2. Evaluation on SCface database
The SCface database contains images of 130 subjects taken
in uncontrolled indoor environment using five video surveillance
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Fig. 11. The cropped grey-scaled images of samples in SCface database.

cameras at three different distances (4.20, 2.60 and 1.00 m). As
in typical commercial surveillance systems, the database was col-
lected with the camera placed slightly above the subject’s head
and also the individuals were not required to look at a fixed point
during the recordings, which is most like the real-world circum-
stance, thus making the dataset much more challenging. In our ex-
periment, a subset containing five sections of images is selected:
the first section includes images captured by a high-quality photo
camera, images in this section are HR faces; the other four sections
include images captured by camera 1-4 at 3 different distances,
images in these sections are LR faces. Fig. 10 illustrates some sam-
ple images of two subjects in SCface dataset. For HR faces, we align
and crop them into 64 x 64 pixels; for all of the LR faces, we align
and crop them into 16 x 16 pixels. Fig. 11 shows the cropped im-
ages of samples in Fig. 10.

We conduct two sets of experiments on SCface database to
evaluate the LR face recognition algorithms. In the first set of ex-
periments, 130 subjects’ HR face images and their virtual LR im-
ages, which are obtained by downsampling the corresponding HR
ones, are used for training purpose. The LR images captured by
4 cameras at 3 distances are considered as probe samples, thus
there are 12 probe sets. It worth noting that the training LR im-
ages and probe LR ones are not captured in the same condition,
which makes the recognition task more difficult. We set K =8
and use the same values of other parameters as before to run
the proposed algorithm. Table 6 displays the recognition results
of various methods in this strict scenario. We only compare the
proposed algorithm to the coupled mapping based methods, be-
cause these methods have shown better performance than super-
resolution based methods in the previous experiments. As can be

Table 6
The recognition results (%) on SCface dataset when virtual LR images are
used for training.

Caml1 Cam2 Cam3 Cam4  Ave.

Dis1 (4.2m) CLPM 1.54 2.31 2.31 2.31 212
CMFA 3.85 3.85 3.08 3.08 3.46
SDA 1.54 231 0.77 3.08 1.92
C-RSDA  6.92 4.62 5.38 3.85 519
Dis2 (26m) CLPM 1.54 3.85 1.54 231 2.31
CMFA 3.08 3.08 4.62 4.62 3.85
SDA 1.54 1.54 2.31 538 2.69
C-RSDA  7.69 6.92 3.85 5.38 5.96
Dis3 (1 m) CLPM 3.08 3.08 1.54 231 2.50
CMFA 4.62 6.15 3.08 3.08 4.23
SDA 4.62 3.08 3.85 3.85 3.85
C-RSDA  6.15 7.69 4.62 6.15 6.15

seen from Table 6, all coupled mapping based approaches show
extremely low recognition rates, which are less than 8%. This at-
tributes to the fact that the gallery LR images are virtually gener-
ated, which is not helpful for extracting discriminative features to
recognize those real LR images captured by cameras. Though the
experimental setting is quite rigorous, the proposed C-RSDA ex-
hibits better performance than other compared methods.

In the second set of experiments, we choose the HR images
of the first 65 subjects to be the HR gallery images, and real LR
images (which were captured by cameras) of the first 65 sub-
jects to be the LR gallery images. The real LR images of remain-
ing 65 subjects are elected to be the LR probe images, hence the
gallery LR images and probe LR ones are acquired in the same
condition, but there is no overlapping subjects in the gallery and
probe sets. We set K = 2 and use the same values of other param-
eters as before. Table 7 displays the recognition results of com-
pared methods on SCface database when the real LR face images
are used in the training process. It can be seen from Table 7,
the recognition performance of all the methods is far from satis-
fying. However, compared with other methods, the proposed C-
RSDA achieves the highest recognition rates on this real-world
face dataset, which again demonstrate its effectiveness on LR face
recognition. As shown in Table 7, the recognition rates in this ex-
periment of all methods are higher than those in the former ex-
periment. One intuitive reason is that there are 65 subjects in the
probe sets, which is the half of that in the previous experiment.
But the primary cause leading to the improvement of recognition
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Table 7
The recognition results (%) on SCface dataset when real LR images are used
for training.

Cam1 Cam2 Cam3 Cam4  Ave.

Dis1 (42m) CLPM 3.08 4.62 3.08 3.08 3.46
CMFA 4.62 4.62 4.62 3.08 423
SDA 12.31 12.31 18.46 12.31 13.85
C-RSDA 1385 13.85 20.00 15.38 15.77
Dis2 (2.6 m)  CLPM 3.08 6.15 4.62 3.08 423
CMFA 5.38 538 7.69 538 5.96
SDA 15.38 18.64 10.77 23.08 16.97
C-RSDA 1692  20.00 10.77 24.62 18.08
Dis3 (1 m) CLPM 6.15 1.54 1.54 3.08 3.08
CMFA 10.00 4.62 7.69 8.46 7.69
SDA 16.92 12.31 20.00 16.92 16.54

C-RSDA 2000 10.77  23.08 20.00 18.46

performance is that the real LR face images are used to extract fea-
tures. By comparing Table 6 and Table 7, we can observe that SDA
and C-RSDA significantly promote the recognition rates after using
real LR training images, whereas CLPM and CMFA get slight im-
provement. The proposed approach again presents the best perfor-
mance over most probe sets, and achieves the best average recog-
nition rates of 15.77%, 18.08% and 18.46% respectively when the
distance between subjects and cameras are 4.2m, 2.6 m and 1 m.

5. Conclusion

In this paper, we propose a novel coupled mappings based
method, named cluster-based regularized SDA, to cope with low-
resolution face recognition problem where there is only one HR
training sample in each class. The main idea is to employ cluster-
based scatter matrices to regularize the class-based scatter matri-
ces and then to learn coupled mappings simultaneously to project
HR and LR images into a discriminative feature subspace. With lim-
ited training samples, we introduce more discriminative informa-
tion into the feature subspace by exploiting variations from clus-
tering results. We conduct extensive experiments on FERET dataset,
and the impressive results demonstrate that our approach out-
performs some of the state-of-the-art super-resolution techniques
as well as coupled mappings based methods. We then test the
proposed approach on two more complicated databases, i.e., la-
beled faces in the wild (LFW database) and a real surveillance
face database (SCface database), the experimental results on the
two challenging datasets further show its effectiveness on low-
resolution face recognition.
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