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Abstract—In video surveillance, the captured face images are 
usually of low resolution. Thus, a framework based on singular 
value decomposition (SVD) for performing both face 
hallucination and recognition simultaneously is proposed in this 
paper. Conventionally, low-resolution (LR) face recognition is 
carried out by super-resolving the LR input face first, and then 
performing face recognition to identify the input face. By 
considering face hallucination and recognition simultaneously, 
the accuracy of both the hallucination and the recognition can be 
improved. In this paper, singular values are first proved to be 
effective for representing face images, and the singular values of 
a face image at different resolutions have approximately a linear 
relation. In our algorithm, each face image is represented by 
using SVD. For each LR input face, the corresponding LR and 
high-resolution (HR) face-image pairs can then be selected from 
the face gallery. Based on these selected LR-HR pairs, the 
mapping functions for interpolating the two matrices in the SVD 
representation for the reconstruction of HR face images can be 
learned more accurately. Therefore, the final estimation of the 
high-frequency details of the HR face images will become more 
reliable and effective. Experimental results demonstrate that our 
proposed framework can achieve promising results for both face 
hallucination and recognition.  

 

Index Terms—Face hallucination; low-resolution face 
recognition; singular value decomposition; mapping model. 
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I. INTRODUCTION 

ace recognition is an important task in video surveillance. 
The two primary tasks of face recognition are face 
identification and verification. In face identification, a 

query face is compared to the gallery faces in a dataset so as to 
determine its identity. For face verification, the claimed 
identity of a query face is verified. Face recognition can 
achieve a highly accurate performance under controlled 
conditions, such as under frontal light sources, frontal view, 
no occlusion, neutral facial expression, etc. However, low-
resolution (LR) faces are a difficult problem in the face-
recognition domain. Although current digital cameras can 
capture images at high resolution, face images captured in 
outdoor circumstances and at a distance, with a compressed 
video format, are usually of low resolution and low quality. To 
achieve effective video surveillance, both face hallucination 
and face recognition are needed simultaneously. 

In the image-processing research field, reconstruction of a 
high-resolution (HR) image from its LR inputs is called super-
resolution (SR). For face images, this technology is also called 
face hallucination [1], which has become one of the most 
important fields of face recognition. Face hallucination was 
first proposed by Baker et al. [1], and has drawn many 
researchers’ attention since then. A pixel-wise SR method was 
proposed in [1], which uses the Laplacian pyramid and the 
Gaussian pyramid to decompose an image into a pyramid of 
features in order to generate a HR face image. Later, the 
limitations of super-resolution, and how to break the 
limitations, were introduced in [2]. Freeman et al. [3] 
proposed a nonparametric patch-based prior combined with 
the Markov random field model to produce the desired HR 
images. In [4], temporal correspondence and a prior model 
were combined to hallucinate faces. Many researchers [5, 6, 7, 
11] have further developed patch-based SR frameworks. A 
sparse-coding method [7] was proposed to represent a LR 
input patch as a combination of its raw, neighboring image 
patches; the target HR patch is generated directly by using the 
same combination coefficients for the corresponding 
neighboring HR patches. The algorithms proposed in [5, 6] 
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also used the same approach, in which a number of similar 
neighbors to the LR input patches are searched from a training 
dataset, and then a specific method is adopted to reconstruct 
the corresponding HR images. In [8], Wang et al. proposed a 
holistic face-hallucination method which employs Principal 
Component Analysis (PCA) to represent a LR input image as 
a linear combination of LR training samples. The 
corresponding HR image is then estimated using the same 
linear combination of the corresponding HR training samples. 
Park et al. [9] utilized the PCA-based SR framework [8] to 
develop an example-based face-hallucination method. As the 
PCA method considers global-structural information about 
facial images, it is less suitable for use in patch-based 
approaches [12]. In [10], a hybrid method was proposed, 
based on global and local constraints, for applying face 
hallucination to unregistered images. In [11], a novel example-
based image SR method was proposed, in which a class-
specific predictor is designed for each class of patches so as to 
improve the accuracy of estimating the missing high-
frequency content. Another early learning-based SR technique 
was developed by Qiu [12, 13]. These methods are based on 
the observation that, for a LR version of an image that visually 
resembles its HR counterpart, the LR and its corresponding 
HR image should be intrinsically correlated. In other words, 
the LR image can be used as an input to predict its HR 
counterpart. Ma et al. [14] proposed a method to hallucinate 
HR image patches using patches at the same position in each 
training image. Then, the optimal weights for the training 
position-patches are estimated, and are used to reconstruct the 
corresponding HR patches. Recently, a new face-hallucination 
framework  namely, from local-pixel structure to global 
image SR (LPS-GIS)  was developed in [15], and is based on 
the assumption that two similar face images should have 
similar local-pixel structures. This new framework uses an 
input LR face image to search a face database for similar 
example HR faces in order to learn the local-pixel structures 
for the target HR face. In [16], a synthesized approach which 
utilizes both the shape and the texture components was 
proposed. These two components are based on accurately 
aligned local image regions. To achieve sufficient accuracy in 
alignment, shape reconstruction is solved together with texture 
reconstruction in a coordinated manner.  

In order to investigate the problem of unconstrained face 
recognition, the LFW database (Labeled Faces in the Wild) 
was designed to evaluate the performance of different 
algorithms. The LFW database consists of real-world face 
images, which were collected ‘in the wild’ with different 
poses, lighting conditions, resolutions, qualities, expressions, 
gender, races, occlusions, and make-up [41]. Later, different 
types of "aligned" images became available, namely the LFW 
funneled images (the LFW images aligned by funneling [42]) 
and the LFW deep-funneled images (the LFW images aligned 
by deep funneling [43]), to evaluate the performance of 
different face recognition algorithms. 

Currently, most existing methods focus only on face 
reconstruction, and seldom consider face recognition and 
hallucination simultaneously. In [17], an approach for 
simultaneous face SR and feature extraction for LR face 
verification was proposed. This approach simultaneously 
provides fitness measures of the SR results from both the 
reconstruction and recognition perspectives. In [37], Zou and 
Yuen proposed an approach to learning the relationship 
between the HR image space and the very low-resolution 
(VLR) image space for face SR. The proposed discriminative 
SR (DSR) method, with a discriminative constraint, is used to 
learn the proper relationship, based on class information, for 
face-recognition applications. 

In contrast to the previous work on face-hallucination 
[36], we investigate the two important issues, i.e. face 
hallucination and face recognition, simultaneously. Most 
existing methods focus on constructing HR faces followed by 
face recognition, i.e. in two separate and independent steps, 
for LR face recognition. In this paper, the core contribution is 
that we have extended a face-hallucination technique so that 
both face recognition and hallucination are considered 
simultaneously. In particular, a novel and efficient scheme is 
proposed for the simultaneous hallucination and recognition of 
LR face images via singular value decomposition (SVD) and a 
LR-HR mapping model for the SVD representation. In our 
approach, face images are represented using SVD, and the 
hallucination and recognition of LR faces are taken into 
account simultaneously. We have proved [36] that, based on 
the Frobenius norm, the corresponding singular values of an 
image across different resolutions have approximately a linear 
relationship. This makes the estimation of the singular values 
of HR face images more reliable. Furthermore, the left and 
right matrices in the SVD representation can be interpolated to 
a higher resolution using bicubic interpolation [29]; this 
interpolation method applied to these two matrices will not 
change the holistic structure or the pattern of the face image. 
Our proposed approach can be applied to both face 
verification and identification.  

Our simultaneous face-hallucination and face-verification 
algorithm is denoted as SHV. As the claimed identity of the 
query is known, the claim will simply be rejected if the 
difference between the singular values of the query and those 
of the claimed faces in the database is larger than a certain 
threshold. If the difference is smaller than the threshold, super-
resolution will be performed based on the mapping models 
learned from the claimed LR-HR face pairs. The LR-to-HR 
mapping matrices of the respective claimed face pairs are 
learned for estimating the high-frequency information or any 
detailed local features missed in the estimated HR faces 
generated by interpolating the two SVD matrices. The 
hallucinated faces are then used for verification again. On the 
other hand, the algorithm for simultaneous face hallucination 
and identification is denoted as SHI. In this algorithm, the Q 
faces that are the most similar to the input LR face image are 
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first searched from a gallery database of LR-HR pairs, based 
on its singular values. Suppose that these Q faces belong to M 
distinct subjects, where M < Q. For each of these M identities, 
the corresponding mapping models are learned and used to 
super-resolve the query input. Therefore, M HR face images 
for the LR query are generated. Then, the differences between 
each of the M HR face images and the corresponding HR face 
images in the database are computed based on PCA. The input 
LR face is assigned to the class of the face with the smallest 
difference. Fig. 1 illustrates the proposed framework for the 
simultaneous hallucination and identification of LR faces 
based on SVD and the LR-to-HR mapping models. 

As is well known, for a novel face which is significantly 
different from the training samples, most of the existing 
learning-based face-hallucination methods will likely produce 
artifacts and discontinuities in the reconstruction results. The 
face-recognition steps in the proposed approach have the 
advantage that the abovementioned problem can be solved, to 
a certain extent. If the referred faces do not have similar 
holistic structures and patterns to the LR input, these faces will 
be rejected during face recognition. Concurrently, with the aid 
of face recognition, the estimation of the high-frequency 
details of the HR face images will become more reliable and 
effective.  

 

 

Fig. 1. The proposed framework for the simultaneous hallucination and 
identification of LR faces, based on SVD and a mapping-model method. 

 

      The rest of the paper is organized as follows. In Section II, 
we will present a simple mapping model for hallucinating 

SVD matrices. Section III introduces our proposed face- 
hallucination and -recognition scheme. Experimental results 
are presented in Section IV, and the paper closes with a 
conclusion and discussion in Section V.  

II. SINGULAR VALUE DECOMPOSITION AND THE MAPPING 

MODEL 

A. Singular value decomposition of face images 

In this section, we use a mathematical framework to achieve 
an effective image representation for face hallucination [36]. 
Our proposed framework projects an image I of size mn on to 
the eigenspace using SVD. The image I can be viewed as a 
matrix with m rows and n columns. By using SVD, I can be 
decomposed as follows:. 

,TI UWV  (1) 

where EVVUU TT  , and E is an identity matrix. The 
matrix U is a mm column-orthogonal matrix, while V is a 
nn orthogonal matrix. The elements iw  on the diagonal of W 

are called singular values (the square root of the eigenvalues), 
i.e. 

1 2( , , ).i nW diag w w  ....,w ,....,w  (2) 

The singular value vector s of the image I is defined as 
follows: 

1 2[ , , ] ,T
i ns w w  ....,w ....,w  (3) 

where 1  i  n, and iw  is the ith singular value of I in the 

singular value vector s such that iw  1iw  . It can be observed 

that the singular values decrease dramatically. The following 
definitions can be used to measure the information accounted 
for by the ith eigenvector [18]: 

2 2

1

( ) ,
i iind

n

i
i

wf i w


   (4) 

and the accumulation of the first k eigenvectors [19] can be 
measured as follows: 

2 2

1 1

( ) .
i icu

k n

i
u

i
mf k w w

 

    (5) 

In general, the first several eigenvectors are sufficient to 
account for almost all of the information contained in an 
image. This observation is also true for texture images [20, 21] 
and face images [36, 39].  

Since the singular values decrease rapidly and the first few 
eigenvectors can account for most of the information, the 

original matrix W can be approximated as ˆ
IW  as follows:  

1 2
ˆ ( , ,...., ,0, 0),I kW diag w w w ....,  (6) 

and we have 

2 2

1 1

,
i i

n k

i i

w w
 

   (7) 

where k is the number of singular values or eigenvectors to be 
retained. We choose the first k singular values, rather than all 
the n non-zero singular values available, because those high-
order singular values represent the high-frequency content, or 
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noise, in the interpolated LR face image under consideration. 
Based on the first k singular values, we can obtain an 

approximated image ˆ,I  which contains almost the same 

information as the original image I. The image ˆ,I  which can 
be viewed as a matrix, can be expressed as follows: 

ˆ ˆ .T
II UW V  (8) 

B. The diagonal matrix W at different resolutions  

According to [22, 36], if a matrix A has singular values 
,iw where 1 ,i n  then 

2

1

|| ||
iF

n

i

wA


  , (9) 

where || ||FA  is the Frobenius norm of the matrix A, which is 

defined as the square root of the sum of the squares of all its 
entries. entries. The proof of (9) can be found in [36]. 
     Furthermore, we observe that when a LR image Il is 
interpolated or super-resolved to produce a new HR image Ih 
with a magnification factor of α, the first k leading singular 
values in the singular-value vector 

 Tk
hhhh wwws ,,,, 21   of the image Ih can be 

approximated as α times of the first k leading singular values 

in the singular value vector  Tk
llll wwws ,,,, 21   of the 

original image lI . Hence, we have 

h ls s .  (10) 

In other words, the leading singular values of the same 
image under different resolutions are approximately 
proportional to each other, with the magnification factor α as 
the proportional constant. 

Theorem 1: If a LR image Il is interpolated to produce a HR 
image Ih with a magnification factor of α, then the first k 
leading singular values in the singular-value vector sh of the 
new image Ih are α times the corresponding first k leading 
singular values of the singular-value vector sl of the original 
image Il. 

 
Proof: Suppose that Il is interpolated to produce a new HR 

image Ih with a magnification factor of α, then we have: 
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[4]

    h ls s  . 

[1] An interpolation method, with a magnification factor of α, 
produces α×α neighboring pixels in the interpolated image Ih 
with similar values to the corresponding pixel in the original 
LR image Il. For instance, the nearest-neighbor interpolation 

generates α×α neighbors of equal values, and the bilinear and 
bicubic-interpolation methods produce α×α similar pixels. 

[2] According to (9), 
1

2 2|| ||
iF

n

i

wA


  . 

[3] According to (7), 2 2

1 1
i i

n k

i i

w w
 

  . 

[4]  By linear algebra, the spectral norm (i.e. the Euclidean 
norm) of the matrix A is the largest singular value of A, i.e.  

                            2 1|| ||A w .                                                                        
For image Ih and the original LR image Il, we have: 

                     1
2|| ||h hI w , and                                                                 

                     1
2|| ||l lI w .                                                                        

Since the image Ih, with a magnification factor of α, has 
similar values to the corresponding pixel in the original LR 

image Il, we have 
2 2h l l 2

I αI a I  . This is equivalent to: 

                    1 1.h lw w                                                                        

Then, the linear relationship becomes: 

              2 22

2 2

k k
i i
h l

i i

w w
 

  .                                                           

Now, we can set 1
hw = 0 and 1

lw = 0, the new image '
hI and '

lI  

can be expressed as follows: 
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. 

The Euclidean norms of the matrix '
hI and '

lI  are their 

corresponding largest singular values, as follows: 
                             '

2
2|| ||h hI w , and                                                         

                             '
2

2|| ||l lI w .                                                               

Similarly, since ' ' '
2 2 2|| || || || || ||h l lI I I   , we have: 

                                2 2 ,h lw w                                                            

Therefore, the linear relationship becomes: 

                          2 22

3 3

k k
i i
h l

i i

w w
 

  .                                                

Using the principle of mathematical induction, we can also set 
1
hw = 0, 2

hw = 0 and 1
lw = 0, 2

lw = 0. Thus, we have: 

                                        3 3 ,h lw w  until                                                   

                                        .k k
h lw w                                                            
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This proves (10), which means that the leading singular 

values of the same image under different resolutions are 
approximately proportional to each other with the 
magnification factor α. In addition, since the Euclidean norm 
of the matrix A is the largest singular value of A [22, 39], and 

with (10), we can utilize the largest singular value 1
hw  of Ih 

and the largest singular value 1
lw  of the original LR image Il, 

respectively, to normalize the global feature to form scale-
invariant feature vectors, as follows: 

1/ ,h h hs s w  and 1/ .l l ls s w                           (11) 

We can see that h ls s  , which means that the singular 

values are normalized so that face images at different 
resolutions can be compared directly [39]. 

C. The proposed mapping model: mapping U and V in the 
eigenspace 

Suppose that a HR face image is denoted as hI  and the 

corresponding LR image is denoted as lI . These two images, 

hI  and lI , can be expressed in the eigenspace using SVD as 

follow [36]: 
T
hhhh VWUI   and (12) 

T
llll VWUI  . (13) 

The two matrices lU  and lV  for lI  can be interpolated using 

the bicubic algorithm [29] to form two new matrices lU   and 

lV   that have the same size as hU  and hV , respectively. 

Define two mapping matrices uP  and vP , as follows: 

,ulh PUU   and (14) 

.vlh PVV   (15) 

The two matrices uP  and vP  can be computed approximately 

as follows: 

  1
,T T

u l l l hP U U E U U


     and (16) 

  1T T
v l l l hP V V E V V


    , (17) 

where   is a small positive integer and E is a unit matrix. An 

estimation of hU  and hV , denoted as hÛ  and hV̂ , 

respectively, can be expressed as follows:  
,

~ˆ
ulh PUU   and (18) 

.
~ˆ

vlh PVV   (19) 

For the purpose of super-resolution, a HR image can be 

reconstructed from a LR image using the matrices hÛ  and 

hV̂ , which can be learned from a pair of LR-HR training face 

images; and the diagonal matrix ˆ
hW  is computed using the 

scheme described in Section II.B. Thus, we have 
ˆ ˆ ˆ T

h h h hI U W V .  (20) 

III. SIMULTANEOUS HALLUCINATION AND RECOGNITION OF 

LOW-RESOLUTION FACES 

For simultaneous face hallucination and face recognition, 
we consider the algorithms HSV and HSI separately. The 
major difference between these two algorithms is in the 
selection of the LR-HR training pairs when performing face 
super-resolution for face verification and identification  

A. Simultaneous face hallucination and verification (SHV) 

Given a pair of face images, the task of face verification is to 
verify whether they belong to the same person or not. In our 
framework for simultaneous face hallucination and 
verification, we will first use the singular values of face 
images as a global scale-invariant feature vector for their 
representation according to Equation (11). We define a 
similarity function, SIM , to measure the similarity between 
an input query and the claimed identity in the gallery database, 
based on singular values only, as follows: 

1 21 2 2
( , ) 1 ,I ISIM I I s s                          (21)                   

where 
2

 is the 2L norm, and 
1I

s and 
2Is  are the normalized 

leading singular values utilizing the largest singular value, i.e. 
Equation (11), of the input LR probe and the claimed identity 
in the gallery database, respectively. If the difference between 
the singular values of the query and the claimed identity is 
larger than a certain threshold, i.e 1SIM T , .the claimed face 

will be rejected. If the difference is smaller than the threshold, 
i.e. 1SIM>T ,super-resolution will be performed based on the 

mapping models learned from the claimed LR-HR face pairs. 
The threshold 1T  is empirically set by experiments. Then, the 

face hallucination of the input LR face, using only the claimed 
face pairs as references to estimate the mapping functions for 
interpolating the two matrices in the SVD representation, is 
described in the following 

    Suppose that N face images of the claimed identity in the 
gallery set can pass the face-verification process based on 
singular values, and that the face images in the gallery are 
 times the input LR face image Il. These N face images are 
down-sampled to form N pairs of LR and HR training face 

images, denoted as i
lI  and  i

hI  (i = 1, ..., N), respectively. The 

LR training images should have a high structural similarity to 
the LR input face after alignment. Based on the N face pairs, N 
corresponding HR face images can be reconstructed from the 
LR face using the mapping model scheme described in Section 
II.B, i.e. 

,
~ˆ i

u
i

l
i
h PUU   and (22) 

,
~ˆ i

v
i

l
i

h PVV 
 

(23) 

where 1  i  N.  

 We can now learn the mapping matrices uP
~

 and vP
~

 for face 

hallucination using the individual mapping matrices i
uP

~
 and 

i
vP

~
, learned from the N pairs of HR and LR images. A linear 
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combination of the mapping matrices can be written as 
follows:

 

1

,
N

i
u i u

i

P P


    and (24) 

1

,
N

i
v i v

i

P P


    (25) 

where i  and i  are the embedding coefficients [36] for uP
~

 

and vP
~

, respectively. 

After the LR input image lI  is decomposed by SVD using 

(12), its lU  and lV  can be interpolated to generate two new 

matrices lU   and lV   with the same size as hU  and hV  for the 

desired HR image hI , respectively. Then, the corresponding 

approximated matrices hÛ  and hV̂  can be computed as 

follows: 

,
~ˆ

ulh PUU   and (26) 

.
~ˆ

vlh PVV   (27) 

As described in Section II.B, the leading singular values in 

the diagonal matrix ˆ
hW  can be estimated using the linear 

relationship lh ss  . The number of leading singular values k 

to be used can be determined by using (5), such that the first k 
leading singular values can represent a sufficient amount of 
information about the face images. In our algorithm, we 
choose ( )cumuf k   (where  =0.99 in our experiment). After 

estimating the first k leading singular values, we can also 
estimate the remaining singular values, denoted as 

 Tn
h

k
h

k
hh wwwks   , , ,)( 21  , in the diagonal matrix ˆ

hW  

using a linear combination of the remaining singular values 

 Tni
h

ki
h

ki
h

i
h wwwks   , , ,)( ,2,1,   of the N similar HR images, 

as follows: 

      Tn
h

k
h

k
hh wwwks   , , ,)( 21    

  Tni
h

ki
h

ki
h

N

i
i

i
h

N

i
i wwws   , , , ,2,1,

11

 


  .    (28) 

 Now, the HR image hÎ  can be reconstructed using the 

estimated matrices hÛ  and hV̂ , and the diagonal matrix ˆ
hW , 

as follows: 
ˆ ˆ ˆ ˆ T
h h h hI U W V .  (29) 

The reconstructed image hÎ  should be similar to the N HR 

training face images. The following squared error )(iE  can be 

used to measure the reconstruction error: 

 
2

1

N
i
h h

i

ˆE i I I


  ,  s.t. ĥ lI α I  .          (30)                                                 

The optimal reconstruction weights i , i  and i  can be 

derived by minimizing the following formulation: 

  
i

i

2

1

arg min

arg min s t

i i

i i

, ,

N
i
h h h l, ,

i

E i

ˆ ˆI I , I. .. α I

  

  







      
  


    (31)                   

The global constrained least-square problem can be 
computed using the iterative method in [23], and the 
determined weights are normalized so that their sum is one. 

To further improve the visual quality of the reconstructed 
HR images, our proposed algorithm also estimates the 

residual-error matrix C , which comprises the high-frequency 
information about a face image, and represents the detailed 
local features missing from the reconstructed global HR 
image. This residual information is added as the missing high-
frequency information to achieve high-quality face 
hallucination. Based on our proposed SVD-based mapping 

model, the matrix C  can be estimated from the individual 

residual errors of the selected training samples ˆi i
h hC I I  , 

where ˆ ˆ ˆ ˆ T
h h h hI =U W V , as defined in (19). We use a Gaussian 

function to measure the similarity of two images, and the 
weight i  reflects the global similarity as follows: 

2

2

ˆ
exp

i
h h

i

I I




      
 

, (32) 

where i = 1, ..., N, and   controls the effect of the gray-level 
difference between the HR training sample and the 
reconstructed HR image. The weights i  are then normalized 

so that their sum is equal to 1. After that, the matrix C  can be 
computed as follows: 

                         i
1

N
i

i

C C


   

 
1

N
i

i h h
i

ˆδ I I


  . (33) 

Having determined the residual-error matrix, the final 

reconstructed HR face image, denoted as hI , can be computed 

as follows: 

.ˆ CII hh   (34) 

With the aid of face verification, this will make the 
reconstructed HR image more reliable and accurate. In 
addition, another merit of our proposed algorithm is that face 
verification can help prevent the production of artifacts and 
discontinuities during the face-hallucination stage. Based on 
the reconstructed HR face images and with the Potential-Field 
Representation of HR face images [39], face verification based 
on PCA can be conducted. If the query input is the claimed 
identity, the mapping models learned should be correct and 
effective for the reconstruction. A high level of verification 
accuracy can be achieved. Otherwise, i.e. the query is not the 
claimed identity, the accuracy will be degraded. 
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B. Simultaneous face hallucination and identification 
(SHI) 

For simultaneous face hallucination and identification, Q 
faces that are the most similar to the input LR face image are 
first searched from a gallery database of LR-HR pairs based 
on its singular values [39], as shown in Fig. 1. Suppose that 
these Q faces belong to M distinct subjects, where M < Q, and 
for each of the M identities, the corresponding mapping 
models are learned and used to super-resolve the query input. 

Therefore, M hallucinated HR face images j
hI , 1 2j  , , ...,M,  

for the LR query are generated using the face hallucination 
algorithm introduced in Section III.A. Then, the differences 
between each of the M hallucinated HR face images and the 
corresponding HR face images of the jth distinct subject, 

1 2j  , , ...,M,  in the gallery database are computed using the 

eigenface method [31].  
    Fig. 1 illustrates the proposed framework for the 

simultaneous hallucination and identification of LR faces. In 
our framework, the targeted HR U and V matrices of the query 
input are computed using the mapping models [36] learned 
from the LR-HR pairs of the respective M distinct subjects. If 
the query input and the identity of the subject under 
consideration are the same person, the mapping models should 
be correct, and hence the HR query face image generated 
should resemble the corresponding HR face images in the 
database. Otherwise, the reconstructed HR face is unlikely to 
be similar to the HR face images of different subjects in the 
gallery database. By considering face hallucination and 
identification simultaneously, both the face-hallucination and -
identification performances can be improved.  

IV. EXPERIMENTAL RESULTS 

In order to verify the effectiveness of the proposed schemes, 
the combined dataset used in [15, 36] and the LFW database 
[42, 43] are both used to evaluate the performance of our 
proposed framework. The facial images in the combined 
dataset were selected from the GT [24], AR [25], and FERET 
[26] databases, which contain 40, 70, and 500 persons, 
respectively. Five images with a near-frontal view, neutral 
expression, and different illuminations are randomly chosen 
from each class for the experiments. Thus, the total number of 
images in the database is 610×5 = 3,050 images. All the facial 
images are well aligned based on the position of the two eyes, 
using the method in [27, 40]. The parameters λ in (22) and 
 in (35) are empirically set at 0.001 and 50, respectively. 
Our experiments show that using all of the above settings can 
achieve a satisfactory overall performance. A number of 
experiments were conducted to verify the effectiveness of our 
schemes. Our proposed SHV and SHI schemes will be 
evaluated in Section IV.A and Section IV.B, respectively. 
Furthermore, experiment results on the LFW database, which 
are shown in Section IV.C, verify the effectiveness of our 
SHV and SHI schemes on real-world face images under 
unconstrained conditions. 

  
A. Experiments on Simultaneous Face Hallucination and 
Verification (SHV) 

The task of face verification is to determine whether a pair 
of face images belong to the same person. In the experiments, 
the database consists of 3,050 face images of 610 distinct 
subjects; the original HR facial images are cropped to a size of 
72×64 pixels, and the LR faces are of size 18×16 pixels. We 
followed the standard 10-fold cross-validation over the 
combined database in the experiments for face verification. 
The similarity function SIM defined in Equation (21) is used 
to measure the similarity between an input query and the 
claimed identity in the gallery database for face verification.  

In this section, we evaluate the effectiveness of the proposed 
face-verification approach. The PCA-based algorithm [31] 
(also known as eigenfaces) is a benchmark for appearance- 
based and image-based face recognition/ verification 
approaches [32]. Therefore, it is used in these experiments to 
illustrate the effectiveness of our algorithm. As in [33, 34], 
the 1L  norm distance metric is used, which is a more suitable 

distance measure than the Euclidean distance metric ( 2L ) for 

PCA-based algorithms. The state-of-the-art algorithm 
proposed in [17] for the recognition of low-resolution faces, 
namely 2 2S R , is employed for comparison. Furthermore, two 
more state-of-the-art methods namely, the discriminative 
constraint-based DSR method [37], which employs the class-
label information, and the coupled kernel embedding (CKE) 
feature-extraction method [38]  are also compared for LR 
face recognition. For the DSR method [37], images from 610 
persons (one per person) are randomly selected to form the 
training set; the rest of the images form the testing (probe) set. 
As in [37], the training pairs are clustered using linearity 
clustering, so that the relationship between the data pairs in 
each cluster can be linearly approximated. Following [38], 610 
images are also randomly selected from the database, and 
projection directions are trained using the Gaussian-kernel- 
based CKE algorithm. The kernel parameter is set at 3, and 40 
features in the embedding space are extracted for matching. 

 

 
           Eigenfaces[31]   2 2S R [17]  DSR[37]    CKE [38]    Our SHV method 

Fig. 2. Identification accuracy (IDA) levels for different algorithms. 
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Figure 2 shows the identification accuracy (IDA) level, 

which is the percentage of the probes that are correctly 
identified by an algorithm. As shown in Fig. 2, the PCA-based 
algorithm achieves an IDA of 32.36% only. The performance 
of the 2 2S R algorithm can further improve the IDA 
significantly, to 46.05%. Both the DSR and CKE methods 
produce good recognition results compared to that of the PCA-
based algorithm: i.e. 53.22% and 52.35%, respectively. Our 
proposed SHV method can increase the IDA to 54.11%, i.e. 
achieving a better performance than both the DSR-based 
algorithm and the CKE algorithm. These experimental results 
prove that our proposed scheme is effective. The receiver 
operating characteristics (ROC) curve is shown in Figure 3. 
The ROC characteristics show that the proposed SHV method 
outperforms the other, state-of-the-art methods. 

The input LR face can be hallucinated by using the 
respective mapping models for the matrices U and V based on 
the LR-HR face pairs of the claimed identity. For comparison, 
two interpolation algorithms, namely the bicubic-interpolation 
algorithm [29] and the edge-directed interpolation (NEDI) 
method [30], are applied for face hallucination. Five more 
state-of-the-art face-hallucination algorithms are also 
compared to our proposed method: two PCA-based, holistic 
SR methods (the eigentransformation method [8] and a variant 
of Park’s method [9]); one patch-based method (Freeman’s 
method [3]); Liu’s method [10] based on a global parametric 
model and a local nonparametric model; and a SVD mapping-
based method [36]. The version of Park’s method used in this 
paper is different from the original algorithm in [9] in that the 
training images are warped with reference to the LR input 
face, rather than with reference to a predefined reference face. 

In the experiments, we evaluate all of these methods by 
reconstructing the HR facial images with a magnification 
factor of 4. All the testing images of resolution 18×16 pixels 
are evaluated using the “leave-one-out” approach. Two 
objective quality measures, PSNR (the peak signal-to-noise 
ratio) and SSIM (full name should be given here) [28], are 
used to evaluate the performances of the different methods. 

  

 
Fig. 3. Receiver operating characteristics (ROC) curve for the different 
algorithms. 

 
Fig. 4 shows some samples of the reconstruction results 
generated using the different state-of-the-art face-hallucination 
algorithms, with a magnification factor α=4. It can be seen 
from Fig. 4(b) that the bicubic-interpolation algorithm 
produces the blurriest results. The results in Fig. 4(c) are 
generated using the NEDI method. However, if a face image 
has a very low resolution (i.e. below 18×16 pixels), the NEDI 
method struggles to distinguish edges, and hence also 
produces blurry results as compared to the other SR methods. 
Figs. 4(d) and 4(e) are the results generated using the 
eigentransformation method and the variant of Park’s method, 
respectively, which are both holistic/global face-hallucination 
methods. Plausible face structures can be clearly inferred in 
the resulting HR images, which show a better visual quality 
than both the bicubic-interpolation and the NEDI algorithms. 
Nevertheless, as the method is purely holistic, it cannot 
effectively reconstruct the fine individual facial details of 
those novel testing faces. If a testing face image is very 
different from the faces in the database, infidelity will occur in 
the reconstructed HR faces. Park's method employs the 
morphable face model to capture the shape variations in the 
novel testing faces, so it outperforms the eigentransformation 
method. However, the HR textures are still reconstructed in a 
holistic manner, like in the eigentransformation method. The 
face-hallucination results using the patch-based SR methods 
are illustrated in Fig. 4(f). It can be seen that Freeman’s 
method can provide plausible HR facial images with sharp 
edges and corners. However, as some of the patches are badly 
matched and/or conflict with adjacent ones, some structural 
errors and discontinuities appear in the reconstructed HR 
images; these errors are typical drawbacks with most patch-
based SR methods. Furthermore, patch-based SR usually 
requires a large number of image-patch pairs for learning, and 
therefore is computationally expensive. In addition, there are 
some artifacts in the reconstructed HR images, as shown in 
Fig. 4(f). Compared with the holistic-based and the patch-
based approaches, Liu’s method [10] utilizes both global and 
local prior information via a global parametric model and a 
local nonparametric model. Thus, as shown in Fig. 4(g), the 
method can produce not only visually plausible face 
structures, but also fine details and textures like those in the 
HR  



1051-8215 (c) 2015 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See
http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/TCSVT.2015.2400772, IEEE Transactions on Circuits and Systems for Video Technology

> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 

 

 

9

 
 (a)         (b)         (c)        (d)          (e)         (f)           (g)         (h)         (i) 

Fig. 4. Face-hallucination results reconstructed using different methods with a 
magnification factor of 4: (a) the original images, (b) bicubic interpolation, (c) 
NEDI, (d) the eigentransformation method, (e) a variant of Park’s method, (f) 
Freeman’s method, (g) Liu’s method, (h) the SVD mapping-based method, 
and (i) our proposed SHV method. 

 
TABLE I 

THE AVERAGE PSNR AND SSIM OF THE DIFFERENT FACE-HALLUCINATION 

ALGORITHMS WITH A MAGNIFICATION FACTOR OF 4. 
 

Face-hallucination algorithms PSNR(dB) SSIM 

Bicubic interpolation  
NEDI 
Eigentransformation method 
A variant of Park’s method 
Freeman’s method 
Liu’s method 
Mapping method 
Our proposed SHV method. 
Our proposed SHI method. 

19.32 
19.58 
21.58 
22.07 
22.34 
21.86 
22.69 
22.72 
22.83 

0.5507 
0.5585 
0.6392 
0.6410 
0.6515 
0.6443 
0.6532 
0.6627 
0.6685 

 
training images. However, some parts of the hallucinated 
faces, such as the mouth, are somewhat different from the 
original face. This can be partially attributed to the properties 
of the PCA-based global model used in this approach. Unlike 
Liu’s method, our proposed framework can retain the main 
energy of the LR faces, and the mapping scheme and the 
residual matrix can produce high-resolution results with clear 
details, as shown in Fig. 4(h). In this paper, our proposed 
framework for the simultaneous verification and hallucination 
of LR faces can select similar holistic structures and patterns 
with the LR input during the face-verification stage. It has the 
advantage of preventing the algorithm from producing 
artifacts and discontinuities in the reconstruction results, and 
the estimation of the high-frequency details of the HR face 
images will become more reliable and effective. As can be 
seen from Fig. 4(i), plausible HR images with a holistic 
structure and more details with a better visual quality can be 
obtained. Table I tabulates the average PSNR and SSIM of the 

different methods with a magnification factor of 4. The results 
show that our method is superior, in terms of both 
measurements, to the other, state-of-the-art algorithms. 

 
B. Experiments on Simultaneous Face Hallucination and 
Identification (SHI) 

In this section, extensive experiments were performed to 
evaluate the effectiveness of the proposed simultaneous face 
hallucination and identification (SHI) algorithm. In the 
experiments, LR faces of three different resolutions are 
considered: 18×16, 16×14, and 14×12 pixels, respectively. 
The number of searched faces Q is set at 40, i.e. Q = 40 faces 
that are the most similar to the input LR face are searched 
from a gallery database of LR-HR face pairs based on singular 
values using Equation (11). A face of each subject is randomly 
selected from the database to form a gallery dataset, while the 
remaining faces are used for testing in the experiments. 
Eigenfaces are used to measure the differences between each 
of the M hallucinated HR face images and the corresponding 
HR face images in the gallery dataset. 

For comparison, the state-of-the-art methods considered in 
Section IV.A are also evaluated for LR face recognition. We 
also evaluate the performances of LR face recognition for 
super-resolved LR images, first using the SVD-based SR 
algorithm [36], then using eigenfaces, the local binary pattern 
(LBP) [44, 45] feature, and the Gabor [46, 47] for face 
recognition. In other words, face super-resolution and face 
recognition are performed in two steps, and we denote these 
three methods as SR+Eigenfaces, SR+LBP, and SR+Gabor, 
respectively. Table 2 tabulates the average recognition rates of 
the different state-of-the-art algorithms with LR faces at three 
different resolutions. We have also measured the recognition 
rates of the PCA-based [31], LBP [45], and Gabor [47] on the 
LR face images directly. With the use of the SVD-based SR 
methods first with a magnification factor of 4, the recognition 
rates of these three methods increase by 2% to 4% only. The 
reason for these performances is that the image resolutions are 
very low, so the distortions in the super-resolved face images 
are still significant. Extracting features from these distorted 
images will further magnify the distortions. For example, the 
respective improvements are 1.81%, 1.61%, and 1.49% for the 
three methods with the LR faces of size 18×16 pixels. In 
contrast, all the four simultaneous hallucination and 
recognition methods, i.e. 2 2S R  [17], DSR [37], CKE [38], and 
our SHI method, can achieve much better performances than 
performing super-resolution and recognition separately. This 
validates the superior performance of the simultaneous-
hallucination and -recognition-based schemes. Our SHI 
method outperforms the other three methods. When compared 
to the DSR and CKE methods, our method can achieve an 
improvement of about 1% in terms of recognition rate. 

When the LR faces are reduced to the resolution of 16×14 
and 14×12 pixels, the recognition performances of all the 
methods degrade. For the resolution of 16×14 pixels, the DSR 
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method, and the CKE method achieve recognition rates of 
70.85% and 70.32%, respectively; this is much better than that 
of the PCA-based algorithm, which is 37.11%. The average 
recognition rate of our proposed SHI method is 71.33%. When 
the resolution is 14×12 pixels, the PCA-based algorithm, the 
DSR method, and the CKE method achieves recognition rates 
of 34.06%, 69.19%, and 68.85%, respectively. Our proposed 
SHI method outperforms all of these methods, and achieves a 
recognition rate of 69.50%. This shows the effectiveness of 
our proposed method. 

 
 

  

(a) 

  

(b) 

 

                                                            (c) 
Figure 5. The CMC curves of the different methods on the combined database 
with LR faces of sizes: (a) 18×16, (b) 16×14, and (c) 14×12 pixels. 

Figures 5 shows the recognition performance of the different 
methods in terms of the cumulative matching characteristic 
(CMC) curve, which evaluates the ranking capability of an 
identification algorithm, when the resolutions of the LR faces 
are 18×16, 16×14, and 14×12 pixels, respectively. From these 
results, we can see that our proposed SHI method outperforms 
the other state-of-the-art algorithms. 

For simultaneous face hallucination, Table I also tabulates 
the average PSNR and SSIM of the proposed simultaneous 
face-hallucination and -identification (SHI) method with a 
magnification factor of 4. From Table I, it can be seen that our 
SHI method is superior to the different state-of-the-art 
methods in terms of both the average PSNR and SSIM. Table 
II and Figs. 5, 6, and 7 show that our proposed SHI method is 
also superior in terms of the recognition rate and the CMC 
curve compared to other, state-of-the-art face-identification 
algorithms. These experimental results prove that our 
proposed scheme of simultaneous face hallucination and 
identification is effective, and can achieve an excellent 
performance. 

 
TABLE II 

 THE AVERAGE RECOGNITION RATES OF TEN DIFFERENT FACE RECOGNITION 

SCHEMES WITH THE LR FACES OF SIZES 18×16 PIXELS AND 16×14 PIXELS, 
RESPECTIVELY. 

 

 

C. Experimental results on the real-world LFW database 

In order to test the robustness and effectiveness of the 
proposed schemes on real-world face images under 
unconstrained conditions, the LFW database [42. 43] (Labeled 
Faces in the Wild, a database of real-world face images 
designed to study the problem of unconstrained face 
recognition) was used to evaluate the performance of our 
proposed framework. The images in the LFW database were 
collected ‘in the wild,’ with variations in pose, lighting 
condition, resolution, quality, expression, gender, race, 

Face sizes 

Recognition methods 

18×16  16×14 14×12 

Eigenfaces[31] 39.44% 37.11% 34. 06% 

LBP[45] 42.58% 40.86% 37.33% 

Gabor[47] 43.71% 41.75% 38.04% 

SR[36]+Eigenfaces[31] 41.25% 39.21% 36.10% 

SR[36]+LBP[45] 44.19% 42.63% 41.08% 

SR[36]+Gabor[47] 45.20% 43.55% 41.45% 

2 2S R [17]  55.70% 53.05% 51.88% 

DSR[37]  71.66% 70.85% 69.19% 

CKE[38] 71.24% 70.32% 68.85% 

Our SHI method 72.15% 71.33% 69.50% 
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occlusion, and make-up [42. 43]. The LFW database contains 
facial images of 5,749 individuals, 1,680 of which have more 
than one image, and 610 of which have more than four images 
in the database. Four images are randomly chosen from each 
of the 610 individuals with more than four images in the LFW 
database for the experiments. All the facial images are well 
aligned using the deep-funneling method in [43]. Extensive 
experiments have been conducted on the LFW database to 
verify the effectiveness of our schemes, and the experimental 
results of our proposed SHV and SHI schemes are provided in 
Section IV.C.1 and Section IV.C.2, respectively. 

 
1) Experiments on Simultaneous Face Hallucination and 
Verification (SHV) 

For face verification, the 610 individuals LFW database that 
have more than four images and are well aligned [43] are 
cropped to a size of 72×64 pixels, and the corresponding LR 
faces are of size 18×16 pixels. We have followed the standard 
10-fold cross-validation with the LFW database in the 
experiments for face verification. Our SHV algorithm is 
compared to the state-of-the-art methods described in Section 
IV.A, with the same parameters in Section IV.A. 

   

 

        Eigenfaces[31]   2 2S R [17]  DSR[37]    CKE [38]    Our SHV method 

Fig. 6. Identification accuracy (IDA) levels for different algorithms. 

 

Figure 6 shows the IDA level on the real-world LFW 
database. We can see that the PCA-based algorithm achieves 
an IDA of 30.03% only. The 2 2S R  algorithm can drastically 
improve the IDA, to 42.40%. In contrast to the PCA-based 
algorithm, both the DSR and CKE methods achieve good 
recognition results, namely 51.55% and 51.08%, respectively. 
It is noted that our proposed SHV method outperforms both 
the DSR-based algorithm and the CKE algorithm, with an 
IDA of 52.64%. Furthermore, the ROC curves for the different 
algorithms on the LFW database are shown in Fig. 7. From the 

results, it can be seen that the proposed SHV method produces 
a superior performance. 

 

 

Figure 7. The ROC curves for the different algorithms on the LFW database. 

 

2) Experiments on Simultaneous Face Hallucination and 
Identification (SHI) 

To evaluate the proposed simultaneous face-hallucination and 
-identification (SHI) algorithm, LR faces of three different 
resolutions are considered: 18×16, 16×14, and 14×12 pixels, 
respectively. The state-of-the-art methods used in Section 
IV.B are also employed for LR face recognition. Table III 
tabulates the average recognition rates of the different state-of-
the-art algorithms on the LFW database for the LR faces at the 
three different resolutions. We can see that performing super- 
resolution and identification separately, i.e. SR+Eigenfaces, 
SR+LBP, and SR+Gabor, once again gives a slightly better 
result than that of LR face recognition without using super-
resolution. The four simultaneous hallucination and 
recognition methods, 2 2S R , DSR, CKE, and our SHI method, 
produce a much better performance than that of super- 
resolution identification separately. The experiment results 
show that the recognition rates of the eigenfaces method are 
36.23%, 34.60%, and 32.09% when the LR faces are of 
resolutions 18×16, 16×14, and 14×12 pixels, respectively. The 
use of SR methods before face identification can improve the 
recognition rates by 1% to 2% only. The 2 2S R  algorithm 
achieves much better recognition rates than the eigenfaces 
method; the corresponding rates are 52.95%, 51.18%, and 
50.04%, respectively. Both DSR and CKE can further improve 
the average recognition rates to 68.27%, 67.42% and 65.75%, 
respectively, and 68.10%, 67.18% and 65.13%, respectively, 
for the three resolutions. Our proposed SHI method can 
consistently achieve the best recognition rates of 69.20%, 
68.05% and 66.19%, respectively, which clearly show the 
effectiveness of our proposed method. 
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TABLE III 

THE RECOGNITION RATES OF TEN DIFFERENT FACE RECOGNITION METHODS ON 

THE LFW DATABASE WITH LR FACES OF SIZES 18×16 PIXELS, 16×14 PIXELS, 
AND 14×12 PIXELS, RESPECTIVELY. 

 

  

Figure 8 shows the recognition performances of the 
different methods in terms of the CMC curves on the LFW 
database, with the resolutions of the LR faces being 18×16, 
16×14, and 14×12 pixels, respectively. The results show that 
our proposed SHI method is very effective and produces a 
superior performance when compared to existing state-of-the-
art methods.  

 

  

(a) 

  

(b) 

 

                                                            (c)                                                    
Figure 8. The CMC curves of the different methods on the LFW database with 
LR faces of sizes: (a) 18×16, (b) 16×14, and (c) 14×12 pixels. 

 

V. CONCLUSION AND DISCUSSION 

A novel approach for the simultaneous hallucination and 
recognition of LR faces has been proposed. In our framework, 
the hallucination and recognition of LR faces are taken into 
account simultaneously. Our proposed scheme can retain the 
holistic structure and the high-frequency details of face 
images, and it outperforms other, state-of-the-art algorithms in 
terms of both PSNR and SSIM. Experiments have shown that 
our proposed method is practicable and can produce plausible 
HR images with both a holistic structure and high-frequency 
details. Meanwhile, experiment results also demonstrate that 
our proposed simultaneous framework can achieve superior 
results for both face verification and identification. 
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