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Generalized Face Super-Resolution

Kui Jia and Shaogang Gong

Abstract—Existing learning-based face super-resolution (hallu-
cination) techniques generate high-resolution images of a single
facial modality (i.e., at a fixed expression, pose and illumina-
tion) given one or set of low-resolution face images as probe.
Here, we present a generalized approach based on a hierar-
chical tensor (multilinear) space representation for hallucinating
high-resolution face images across multiple modalities, achieving
generalization to variations in expression and pose. In particular,
we formulate a unified tensor which can be reduced to two parts:
a global image-based tensor for modeling the mappings among
different facial modalities, and a local patch-based multiresolution
tensor for incorporating high-resolution image details. For real-
istic hallucination of unregistered low-resolution faces contained
in raw images, we develop an automatic face alignment algorithm
capable of pixel-wise alignment by iteratively warping the probing
face to its projection in the space of training face images. Our
experiments show not only performance superiority over existing
benchmark face super-resolution techniques on single modal
face hallucination, but also novelty of our approach in coping
with multimodal hallucination and its robustness in automatic
alignment under practical imaging conditions.

Index Terms—Face hallucination, super-resolution, tensor.

|I. PROBLEM STATEMENT

UE to the intrinsic nonrigidness and extrinsic uncontrol-
lable imaging conditions, face images of noncooperative
human subjects captured by live surveillance cameras from a dis-
tance often consist of nonlinear variations caused by changes in
expression, viewpoint (pose), or illumination. The difficulties in
analyzing face images are further compounded when the resolu-
tionoffaceimagesbecomeslow, whichistypicalinCCTV videos.
The missing high-resolution details of facial features and in ap-
pearance can deteriorate effective face image analysis and recog-
nition. This raises two important questions need be addressed. 1)
Given low-resolution face images, how do we recover or syn-
thesize the lost high-frequency details at a predefined pose and
expression but with unknown identity? 2) How do we build a uni-
fied model capable of coping with variations from different and
multiple modalities where each modality defines one source of
variation such as change in expression, pose, or illumination?
There have been some considerations in addressing the second
problem [9]-[11], [15], [16], [18]-[20], [24]. However, these
techniques can only be applied to high-resolution face images.
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To address the first problem, super-resolution techniques [25],
[26] need to be exploited in order to generate higher resolution
images given a single or a set of low-resolution input images.

The computation of super-resolution requires the recovery
or synthesis of high-frequency information that was lost during
the image formation process, which can be performed using
two different approaches: reconstruction-based [1]-[7], and
learning-based [22], [23], [27], [29]-[31], [36], [43]-[45].
Reconstruction-based approach inherits limitations when mag-
nification factor increases [27]. In our approach, we focus on
learning-based super-resolution, which when applied to human
face images, is also known as “face hallucination” [28].

In this paper, we are motivated by the desire to develop a gen-
eralized model capable of hallucinating face images across mul-
tiple modalities such as expression or pose variations, given any
low-resolution face image input of a single modality. To this
end, we formulate a unified tensor space representation incor-
porating both global and local tensors.

Specifically, we model both the high- and low-resolution
training face images of multiple modalities using a unified
tensor space representation. We reduce this unified tensor to
two components: a global image-based tensor that models
the mappings among different facial modalities, and a local
patch-based multiresolution tensor that incorporates high-res-
olution face image details into the cross-modality mapping
process. Given any low-resolution face image input of a single
modality, we first synthesize multiple low-resolution face
images of different modalities using the trained global tensor.
Based on these synthesized low-resolution face images, we
then use the trained local tensor to construct the corresponding
high-resolution image for each facial modality. Due to that
the high-resolution face image constructed by the local tensor
lacks the highest frequency visual information, we further
add a high-frequency component residue using nonparametric
patch learning from high-resolution training face images. We
integrate this sequential statistical modeling process into a
Bayesian framework, so that given any low-resolution face
image of a single modality, we are able to obtain hallucinated
high-resolution face images of multiple modalities.

Another important underlying issue for face hallucination is
the requirement for accurate pixel-wise face alignment (registra-
tion): even a small amount of misalignment can dramatically de-
grade the hallucination result. Most existing techniques require
that both training and test face images have been manually reg-
istered to a predefined template [28], [31]. Consequently, they
are of limited use in many practical scenarios, where the faces
contained in raw images are normally of nonfrontal views at
low resolution. Recently, Liu et al. [37] proposed automatically
registering low-resolution face images using an algorithm de-
rived from the model of Lucas—Kanade [33]. However, this al-
gorithm only considers a mean training face (although variance
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is taken into account) as registration template; thus, its registra-
tion process is rather ad hoc and sensitive to initialization. To
overcome the problem, we develop a different automatic face
alignment algorithm in which automatic pixel-wise face regis-
tration is realized by iteratively optimizing geometric transfor-
mation parameters, which warp any probing face contained in
raw images to its projection in a principal component analysis
(PCA) subspace constructed from the low-resolution training
face images. We demonstrate the effectiveness of our algorithm
on accurate registration for generalized face hallucination with
many examples.

Il. RELATED WORK

Traditional learning-based face super-resolution (hallucina-
tion) techniques generate high-resolution upright frontal view
face images without nonlinear variations caused by expression,
pose or illumination changes, by modeling the mapping prior
between low- and high-resolution face image spaces [22], [27],
[28], [31], [36]. These techniques build training model prior ei-
ther globally using holistic face images, or locally using patches
or pixels. They can be grouped into two categories.

a) Global face space parameter estimation: Capel and Zis-
serman [31] computed eigenfaces from a training face
database as a model prior to constrain and super-resolve
low-resolution face images. Combined with a MAP es-
timator, they recovered super-resolution images from a
high-resolution eigenface space. Wang and Tang [21] con-
sidered the face hallucination problem as a transforma-
tion between different face styles. They used PCA to fit
an input low-resolution face image to a linear combina-
tion of low-resolution face images in the training set. A
high-resolution image was then rendered by replacing the
low-resolution training images with their high-resolution
correspondences, while retaining the same combination
coefficients.

b) Local image primitive intensity restoration: Rather
than globally using the whole face, Baker and Kanade
[27] locally established a prior based on a set of training
face images pixel by pixel using Gaussian, Laplacian
and feature pyramids. Freeman et al. [29], [30] used a
homogeneous Markov random field (MRF) model which
builds the relation between low-resolution “observation”
patches and underlying high-resolution “scene” patches,
and the relation between neighboring “scene” patches.
They used this model for generic image super-resolution.
Liu and Shum [36] combined the PCA model-based ap-
proach with Freeman et al.’s image primitive technique.
They developed a mixture model combining a global
parametric model called the “global face image” carrying
common facial properties, and a local nonparametric
model called the “local feature image” recording local in-
dividualities. The high-resolution image is a composition
of both.

Learning-based techniques have also been extended to video
by taking into consideration of temporal constraints. In [42], a
direct application of Freeman et al.’s model to video sequences
was attempted, but severe video artifacts were encountered.
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As a remedy, an ad-hoc solution was proposed, consisting of
re-using high-resolution solutions for achieving more coherent
videos. Alternatively, Dedeoglu et al. [43] extended the work
of [27] to super-resolve a single face video sequence, using
different videos of the same face as training data. By exploiting
a Bayesian framework and spatio-temporal constraints, they
reported an extremely high 16 x 16 face magnification factor.
However, none of these techniques addressed the problem of
generalization of face image super-resolution to multimodali-
ties of nonlinear variations in expression, pose or illumination.
To that end, we recently proposed a multimodal tensor model for
face super-resolution [16], [17]. Part of this paper is an exten-
sion of our earlier work in [17]. Despite its ability for multiple
expression hallucination, the earlier model did not in general
cope well with nonlinear deformations. We extend the model
here by building a unified tensor space representation incorpo-
rating both mapping relations amongst different modalities and
also between high- and low-resolutions. We choose a global
image-based tensor to perform synthesis across different facial
modalities, and a local patch-based multiresolution tensor for
hallucination. Another new contribution of this paper is an au-
tomatic face alignment algorithm. For applications in practical
scenarios where faces captured in raw images are normally of
nonfrontal views at low resolution, we develop an automatic
face alignment algorithm in order to register the low-resolution
faces so as to obtain good generalized face hallucination results.

I1l. TENSOR SPACE FACE REPRESENTATION

A. Multilinear Analysis: Tensor SVD

Multilinear analysis [10]-[14] is a general extension of
traditional linear methods such as PCA or matrix SVD.
Instead of modeling relations within vectors or matrices, mul-
tilinear analysis provides a means to investigate the mappings
between multiple factor spaces.! Given an N*"-order tensor
A € RIvIzxIn anelement of Aisdenotedas A;,..; ...;, OF
iy, Where 1 <4, < I,. If we refer to I, rank in tensor
terminology, we generalize the matrix definition and refer to
column vectors of matrices as mode-1 vectors and row vectors
of matrices as mode-2 vectors. The mode-n vectors of the N'**
order tensor are the 7,,-dimensional vectors obtained from A by
varying index i,, while keeping the other indices fixed. We can
unfold or flatten tensor .4 by taking the mode-n vectors as the
column vectors of matrix A(™ ¢ RIX(IilaTnoilngi-In),
This provides easy manipulation in tensor algebra. We can
also reconstruct a tensor by the inverse process of mode-n
unfolding.

We can generalize the product of two matrices to the product
of a tensor and a matrix. The mode-n product of a tensor A €
RItxI2xxInX--XInpyy g matrix M € R7»*T» denoted by
A x,, M, isatensor B € RI > XTn—1XJuxXTng1xXIn whose
entries are computed by

(A X M)y iy _jinsnin = D Qi _yiningaooin M

7’71

Ay

1We denote scalars by lower-case letters
upper-case , matrices by bold upper-case
by calligraphic letters .

, vectors by
, and tensors
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Fig. 1. Tensor construction illustration using block-wise images of multiple facial expressions at low and high resolution. (a) Face images of multiple modalities
in the high-resolution training dataset are blurred and subsampled to get their corresponding low-resolution versions (here, multiple facial expression images from
one training individual are shown as an example of such a process). (b) Low- and high-resolution training face images are uniformly decomposed into overlapped

image blocks. (c) Fifth-order tensor

This mode-n product of tensor and matrix can be expressed in
terms of unfolding matrices for ease of usage

™) = MA™. 1)

In singular value decomposition of matrices, a matrix D is
decomposed as U; £U7, the product of an orthogonal column
space represented by the left matrix U; € RD*71, a diag-
onal singular value matrix ¥ € R”7*”2, and an orthogonal
row space represented by the right matrix U, € R2%72, This
matrix product can also be written as a mode-n product D =
¥ x1 Uy xo Uy, We can thus generalize SVD of matrices to
multilinear Higher-Order SVD (HOSVD). An N **-order tensor
A € RIvxIxxIN can be written as the product

A=Zx;U; x5 Uy x--- x5y Upn (2

where U,, is a unitary matrix, and Z is the core tensor having
the property of all-orthogonality, that is, two subtensors Z; —,
and Z; —p are orthogonal for all possible values of n, a and
[ subject to a # (3. The HOSVD of a given tensor .4 can be
computed as follows. The mode-n singular matrix U,, can di-
rectly be found as the left singular matrix of the mode-n ma-
trix unfolding of A, afterwards, based on the product of tensor
and matrix as in (1), the core tensor Z can be computed by
Z = Ax,UT x,UT - x5 UL Equation (2) gives the basic
representation of a multilinear model. With mode-n unfolding
and folding, and by rearranging (2), we have

S=Bx,Vr (3)

where S is a subtensor of .A corresponding to a fixed row vector
V.I' of singular matrix U,,, and

B=Zx1U;  Xp1 Up_1 Xpg1 Upgr - Xy Up.

for the obtained block-wise image ensemble; only high-resolution images are shown.

This expression is the basis for recovering original data from a
tensor structure. If we index into basis tensor B for particular
V.T', we can recover different modal sample vector data.

B. Modeling Multimodalities at Different Resolutions

Face images share some common properties in pixel distri-
bution, even though they appear differently under variations in
expression, viewpoint or illumination. A tensor structure pro-
vides a powerful mechanism to incorporate information and in-
teraction of these image ensembles of multiple modalities at
different resolutions. More precisely, given a training dataset
of high-resolution face images, we blur and subsample them
with different Gaussian filters and subsampling factors, while
keeping the image size unchanged, so to generate a set of low-
resolution training face images. To further improve the mod-
eling accuracy, we uniformly decompose these face images into
overlapped image blocks, and then obtain a hierarchical en-
semble containing block-wise face images of multiple modali-
ties at low- and high-resolution. An illustration of how to obtain
such a hierarchical ensemble is shown in Fig. 1(a) and (b). With
these training data in place, we can construct a fifth-order tensor
D [see Fig. 1(c)]. We use HOSVD to decompose D into

D=2Zx 1 Uidens X2 Umodes X3 Uresos X4 Ublocks X5 Upixels

(4)
where tensor D groups these block-wise training images into a
tensor structure, and the core tensor Z governs the interactions
between the five mode factors. Whilst mode matrix Us;gens SPans
the parameter space of identity, mode matrices U ,,odes: Uresos:
Ublocks, and Upivels Span the spaces of modality, resolution,
block-position, and pixel-value, respectively.

By utilizing the mappings among multiple factor spaces in-
herently embedded in the tensor structure, given a face image
of a single modality we can synthesize multiple images of dif-
ferent modalities. Reversely, given a low-resolution face image
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