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Abstract. Face hallucination is proposed to reconstruct high-resolution (HR) face images from low-resolution
(LR) faces. Though canonical correlation method is a powerful method to depict the linear relationship between
HR and LR face images, it is difficult to uncover the nonlinear relationship between HR and LR images. To solve
this problem, we propose a new face hallucination approach based on locality preserving canonical correlation
analysis, which is referred to as LPCCA-SR. LPCCA-SR first utilizes principal component analysis to reduce
the dimensions of HR and LR face images. Then, it learns the locality consistent coherent low-dimensional
features of HR and LR principal component features. Last, it super-resolves the input LR face images by global
face reconstruction and residual compensation. Experimental results on real-world databases show that our
proposed method is promising.
Keywords: Face hallucination · Face super-resolution reconstruction · Locality preserving canonical correlation analysis

1

Introduction

In the field of face analysis, face images are often of low quality in real world, which brings a lot of difficulties to
face recognition and identification. To overcome this problem, face hallucination (FH), also known as face superresolution (FSR), has been proposed in recent years, which aims at inferring HR facial images from LR ones. Many
super-resolution methods have been proposed in the past few years. Due to its incorporation with prior information,
learning-based methods [7,10,15,17,19] achieve ideal reconstruction effects and become a hotpot of super-resolution
research. These methods learn the texture prior between HR and LR training sets to build the mapping model
between them.
Manifold learning theory assumes that images in HR space share similar local geometry structure with those in
LR space, thus HR images can be reconstructed by corresponding LR ones. Based on this assumption, Chang et al.
proposed a classical face hallucination method named neighbor embedding [3] inspired by manifold learning method
locally linear embedding (LLE). It first seeks the k-nearest neighbors for each LR patches in the LR training set
and then reconstruct them by a linear combination of the corresponding HR patches. Inspired by this idea, many
patch-based methods have been proposed since then. Ma et al. [13] found that hallucinating each HR patch by
the same position instead of seeking k-nearest neighbors in all patches in the training set is more effective since it
has utilized the local similarity. Jung et al. [9] pointed out that, when the number of the training patches which
are located in the same position is much larger than the dimension of these patches, calculating the reconstruction
weights by solving the least square problem may produce biased solutions. Thus they employed convex optimization
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Fig. 1. Flowchart of our proposed LPCCA-SR method for face hallucination

to calculate the reconstruction weights and achieved ideal reconstruction results. Recently, Jiang et al. proposed
the locality-constraint iterative neighbor embedding (LINE) [8] face hallucination method, in which it updates the
k-nearest neighbors and reconstruction weights iteratively and it shows the state-of-the-art performance. Different
from patch-based methods, when we employ some methods to reconstruct face images, some dimension reduction
methods are often used to focus on feature information and to reduce the computational cost. However, some highfrequency information which is also very important is often lost inevitably during the dimension reduction process.
Thus the two-step approaches [6, 12, 20] are usually superior than the pure global face super-resolution methods.
In addition to the above methods, it is also worth mentioning that deep-learning based methods [2, 10, 11, 18] have
been very popular nowadays. Whereas, despite its outstanding performance, these methods usually need large-scale
training set and require lots of time to train the model.
Inspired by previous work, Huang et al. [6] employed canonical correlation analysis (CCA) to learn the linear
correlations between HR and LR facial features and achieved ideal reconstruction quality. Nevertheless, as a linear
learning method, CCA is unable to deal with the nonlinear relationships between HR and LR images promisingly.
In this paper, we propose a new face hallucination method called LPCCA-SR. By adding locality information to
CCA, the nonlinear relationships between HR and LR images can also be well depicted. Fig. 1 shows the flowchart of
our proposed LPCCA-SR. We employ the general data reduction method PCA to extract the principle component
of HR and LR images. Then we learn a coherent space to maximize the consistency of HR and LR features such
that the linear and nonlinear relationships between HR and LR images can be maintained. Last, by global face
reconstruction and residual compensation, we can reconstruct the HR image from input LR image.
The rest of this paper is organized as follows. In section 2 we will briefly talk about the related work. And next,
in section 3, we introduce our method in detail. Experimental results are shown in section 4 and we conclude this
paper in section 5.
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Related work

Canonical correlation analysis (CCA), originally developed by Hotelling in [5], is a powerful way of measuring the
linear correlation between two sets of variables. Huang et al. [6] proposed a CCA-based FSR method for HR and LR
images, in which they learn a coherent space by CCA for HR and LR features and project them into the subspace
such that the linear relationships between HR and LR features are well maintained. Despite its excellence in face
hallucination, it cannot deal with the nonlinear relationships between HR and LR images.
Sun et al. [14] proposed a new method named LPCCA to overcome the disability of CCA that it cannot discover
the nonlinear relationship between HR and LR features and then applied this method to data visualization and
pose estimation which achieved promising results. By adding locality to CCA, the correlation between HR and LR
images can be well maintained. In this paper, we introduce this method to face hallucination.

3
3.1

Proposed method
Formulation and solution


We assume that there are 
m HR facial image vectors IH = Ih1 , Ih2 , · · · , Ihm } ∈ <p×m and corresponding m LR
facial image vectors IL = Il1 , Il2 , · · · , Ilm } ∈ <q×m , where p and q separately denote the dimensionality of HR
and LR facial image vectors. We compute the mean image vectors of HR and LR face images µh and µl and then
center each HR and LR face image by Iˆhi = Ihi − µh and Iˆli = Ili − µl . To improve the computational efficiency
and reduce the noise, we employ principal component analysis (PCA) to extract the global facial features of HR
and LR training images by the following:
hi = PhT Iˆhi

and li = PlT Iˆli

(1)

where Ph and Pl are the PCA projection matrices and i = 1, 2, · · · , m. Let PCA coefficients H = {h1 , h2 , · · · , hm }
and L = {l1 , l2 , · · · , lm }.
According to [14], we define neh (i) to denote the index set of the local neighbors of hi . That means, if hj is among
the k1 -nearest neighbors of hi , we consider that hj is the local neighbor of hi , thus j ∈ neh (i). The definition is
x m
similar for nel (i). On the basis of definition of local neighborhood, we define the similarity matrices S x = {Sij
}i,j=1
y m
y
and S = {Sij }i,j=1 , where
(
2
exp(− khi − hj k2 /th ), if j ∈ neh (i) or i ∈ neh (j)
x
Sij =
(2)
0, otherwise
(
2
exp(− kli − lj k2 /tl ), if j ∈ nel (i) or i ∈ nel (j)
y
Sij =
(3)
0, otherwise
Note that in (2) and (3) k·k represents 2-norm and the parameter th and tl is generally taken as the mean square
distance or the number with the same magnitude.
With the definition of the similarity matrix, according to [14], the goal of our LPCCA-SR is to find projection
vectors wx and wy for H and L such that the correlation coefficient is maximized. The optimization model is the
following:
wxT HSxy LT wy
q
wxT HSxx H T wx wyT LSyy LT wy

(wx∗ , wy∗ ) = arg max p
wx ,wy
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where Sxy = Dxy − S x ◦ S y , Sxx = Dxx − S x ◦ S x , Syy = Dyy − S y ◦ S y , and the symbol ◦ represents operator.
For matrices A, B ∈ <c×c , (A ◦ B)ij = Aij Bij , where Aij denotes the i-th row and j-th column element of matrix
A. Dxx (Dxy , Dyy ) ∈ <m×m is a diagonal matrix, whose i-th diagonal element equals the sum of the i-th column
elements of matrix S x ◦ S x (S x ◦ S y , S y ◦ S y ).
Since the objective criterion is scale-invariant to wx and wy , the optimization problem in (4) can be formulated
equivalently as
max wxT HSxy LT wy

wx ,wy

s.t. wxT HSxx H T wx = 1

(5)

wyT LSyy LT wy = 1
We are able to obtain vectors wx and wy by the following generalized eigenvalue problem:

 

 
HSxy LT
wx
HSxx H T
wx
=λ
wy
wy
LSyx H T
LSyy LT

(6)

To avoid that matrix HSxx H T and LSyy LT are singular matrices, we add regularization λ to (6) as:

 

 
HSxy LT
wx
HSxx H T + εI
wx
=
λ
wy
wy
LSyx H T
LSyy LT + εI
where ε is a specific positive number and I is the identity matrix.
3.2

Super-resolving face

The proposed face super-resolution approach consists of two steps: global face reconstruction and residual face
compensation.
Global face reconstruction. Since we have computed the projection matrices wx and wy , we can compute the
h
coherent features of HR and LR facial embedding in the common subspace by C h = {C1h , C2h , · · · , Cm
} = wxT H,
l
l
l
l
T
C = {C1 , C2 , · · · , Cm } = wy L. Suppose the input LR image is Il . We first compute its PCA coefficients by
l = PlT (Il − µl ) and then project l into coherent subspace using:
cl = wyT l

(7)

K
l
G
In LPCCA subspace, for cl , we seek K nearest points {cL
=
li }i=1 in C and corresponding optimal weights W
G K
{Wi }i=1 which minimize:
K
K
X
X
ε = cl −
WiG clli
s.t.
WiG = 1
(8)
i=1

i=1

L
According to [6], to solve this least squares problem, we define the local Gram matrix to be Tim = (cl − cL
li )(cl − clm )
and the optimal weights can be found by computing:
P
T −1
(9)
WiG = Pm im
−1
bc Tbc
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Once W G is computed, we can construct the corresponding HR feature in the coherent subspace by a linear
K
combination of corresponding K-nearest HR points {cH
li }i=1 :
ch =

K
X

WiG cH
li

(10)

i=1

Next, the principle component features of the corresponding HR face image are obtained by an inverse transformation:
h = (wxT )† ch
(11)
where † denotes pseudoinverse.
Finally, we can obtain the HR global face image by computing:
Ig = Ph h + µh

(12)

Residual face compensation. During global face reconstruction process, the projection of the face data into a
subspace inevitably loses some information and this is often observed as lack of high-frequency details. To solve this
problem, we add a residual compensation step in order to provide additional details to the output image.
For each LR facial image in the training set IL , we calculate the corresponding globally reconstructed face
image employing (12), denoted as G ∈ <p×m . Then, we separately obtain the HR and LR residual face images by:
Rh = IH − G and Rl = IL − G ↓, where ↓ represents down-sampling. To improve facial detail compensation and
enhance the smoothness of face super-resolution images, we divide each image in Rh and Rl into many overlapping
square patches whose size is n × n. And we denote the total number of all patches in an image as m̂. Let Rjh =
h m
l m
{Rij
}i=1 ∈ <p×m and Rjl = {Rij
}i=1 ∈ <p×m be the set of j-th patch vector of all images in the training set, where
p = n × n and m is the number of training set and j = 1, 2, · · · , m̂. Then, we employ LPCCA to transform residual
r T h
r T l
r
r
patches into common subspace by R̂jh = (wxj
) Rj and R̂jl = (wyj
) Rj , where wxj
and wyj
are the projection
h
l
matrices which we have computed by LPCCA for Rj and Rj respectively and j = 1, 2, · · · , m̂.
Similarly, for a novel LR image Il , we obtain its global face image Ig and compute the residual image by rl =
r T l
Il −Ig ↓ . Then each residual patch vector rjl is transformed into LPCCA coherent subspace as r̂jl = (wyj
) rj . Similar
l
to global face reconstruction process, for each residual patch vector r̂j , the corresponding HR one is reconstructed
by its k nearest neighbors.
After getting all HR residual patch vectors {rjh }m̂
j=1 , we transform the HR features back into images. Using all
h m̂
residual patches {rj }j=1 , with pixels in the overlapping areas averaged, we obtain the residual image R. Together
with (12), the super-resolution face of Il is obtained by: Ih = Ig + R.

4

Experiments

To test the performance of the proposed LPCCA-SR method, we carry out several face-reconstruction experiments
on CAS-PEAL [4] and CelebA database and compare it with CLLR-SR [6], SR2DCCA [1], Eigentransformation
(denoted as ET) [16] and Bicubic. We employ two measures, peak signal-to-noise ratio (PSNR) and structural
similarity indexes (SSIM) to evaluate the super-resolution quality.
For convenience, for two-step methods CLLR-SR, SR2DCCA and our method, we denote Kg as the number of
nearest neighbors that we seek to reconstruct the HR ones in global reconstruction and Kr in residual compensation.
In CLLR-SR, as mentioned by the author, we set Kg = 300, Kr = 160, patch size as 16×16 with 8 pixels overlapped
and choose only 300 images in the training set to train the residual model. In SR2DCCA, we set Kg = 400 and
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Table 1. Parameters of our method on CAS-PEAL and CelebA database
Parameters Kg Ks1 Dl Dh Kr Ks2 patch size overlap
CAS-PEAL 900 5 360 600 200 200
8×8
6
CelebA 950 5 300 400 200 300
8×8
6

Kr = 900. In Eigentransformation, we set a = 2 and reserve 99% PCA energy of LR and HR images. In our method,
we set the patch size as 8 × 8 with 6 pixels overlapped.
Instead of the normal energy reservation strategy, we reserve specific numbers of eigenvectors of the PCA
projection matrices Ph and Pl in (1) of LR and HR images respectively. We use Dh and Dl to represent the
dimension we reserve for HR and LR image vectors. When computing similarity matrix S xx (S yy ), there is also a
specific number of neighbors we seek, denoted as Ks1 and Ks2 in global and residual process respectively. Parameters
are presented in Table 1.
4.1

Experiment on CAS-PEAL database

CAS-PEAL database contains 99,594 controlled images from 1,040 individuals. We employ 1,040 frontal images
from 1,040 persons to conduct super-resolution task. We randomly select 1,000 images to form the training set and
use the rest 40 images as testing set. All the images are resized to 96 × 96 and the LR images are 24 × 24 with the
scale-factor of 4×. Note that as the pre-trained process, we imresize all LR images with the same size of HR images
by the imresize function of MATLAB.
The reconstruction effect of several methods is recorded in Table 2 and we also visualize some hallucinated facial
images in Fig. 2. As can be seen from Table 2, our method achieves the best quantitative results. Fig. 2 shows that
our method can reconstruct more facial details compared with other methods.
4.2

Experiment on CelebA database

CelebA is a large-scale face attributes dataset with 202,599 images from 10,177 identities. In this experiment, we
randomly select 1,000 images as the training set and 20 images as testing set. Note that all 1,020 images come from
different people. We crop each image into 80 × 80 to form the HR set and downsample it by the magnitude 4 to
20 × 20 as the LR set. Also, we imresize LR images to the same size with HR images as our pre-trained process.
All these methods apply the super-resolution algorithm on the luminance component of the YCbCr model, while
the chrominance components were up-scaled using the bicubic interpolation. The results are presented in Table 3
and Fig. 3.
As we can observe from Table 3, our proposed LPCCA-SR method achieves the best PSNR and SSIM values.
We also visualized some reconstruction images. Fig. 3 explains that our method can generate comparable pleasing
visual effects with CLLR-SR method and better than SR2DCCA, ET and Bicubic method. Due to the addition of
locality information, our method reconstruct more rich facial details and is clearer than compared methods.

5

Conclusion

We in this paper propose a new face hallucination approach based on LPCCA. It first extracts the global component
features of HR and LR facial images respectively. Then it employs the locality preserving CCA to learn the linear and
nonlinear mapping between HR and LR global features. Last, it super-resolves the input LR face images by global
face reconstruction and residual compensation. Experimental results prove that our method has the state-of-the-art
performance.
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Fig. 2. Visual comparision on the CAS-PEAL database
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Fig. 3. Visual comparision on the CelebA database
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Table 2. Average PSNR and SSIM values of 40 testing images on the CAS-PEAL database
Method Ours CLLR-SR SR2DCCA ET Bicubic
PSNR 30.51
28.92
27.83
27.84 28.11
SSIM 0.9009 0.8677
0.8177 0.8351 0.8753
Table 3. Average PSNR and SSIM values of 20 testing images on the CelebA database
Method Ours CLLR-SR SR2DCCA ET Bicubic
PSNR 28.57
27.45
26.84
25.93 27.49
SSIM 0.9276 0.9102
0.8813 0.8805 0.9244
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