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Abstract This paper describes an example-based Bayesian the original and simulated LR images. By minimizing this
method for 3D-assisted pose-independent facial texture super- error with respect to HR pixels iteratively, the nal HR
resolution. The method utilizes a 3D morphable model to map a6 js obtained. Irani and Peleg [2] presented an iterative
facial texture from a 2D fac_e image to a pose- a_nd shap_e- back-proiecti IBP : uti hi hich
normalized texture map and vice versa. The center piece of this ack-projection (IBP) super-resolution _approac In-whic
method is a generative model to describe the process of forming the error between the observed LR images and the LR
an image from a pose- and shape-normalized texture map. images estimated by the generative model is back-projected
The goal is to reconstruct a high-resolution texture map given to update the estimate for the HR image in each iteration.
an Iow-r(_asolution fgce image._T_he prior knowledge about _the Tom and Katsaggelos [13] usedraaximum Likelihood
sought high-resolution texture is incorporated into the Bayesian . . . . .
framework by using a recognition-based prior that encourages (ML) estlmatlpn approach for simultaneous rgglstratlon and
the gradient values of the texture map to be close to some Super-resolution. Although the ML method improves the
predicted values. input images, for large magni cation factors the estimation

We develop the generative model and formulate the problem pecomes highly ill-conditioned and the solution is highly
as MAP estimation. The results show that this framework is  gangitive to noise in the input observations, the parameters
capable of performing pose-lndependent face recognition even f th fi del dt istrati Att t
when the sample set only contains exemplar face images with ol the generative model, and 1o registration error. Atlempts
frontal pose. We present results in frontal and non-frontal 0 overcome this problem include placing hard constraints
poses. We also demonstrate that the technique can be utilized on the individual pixel intensities or the use of a Bayesian
to improve facg recognition results when the. probe images have prior model of the super-resolved image by modelling the
a lower resolution compared to the gallery images. image as a rst-order stationary Markov Random Field

| INTRODUCTION (MRF) and_ including a §patia|_ prior_ to model the spatial
dependencies of the neighboring pixels. The latter would

Image super-resolution is the process of constructing @sult in amaximum a posteriorf(MAP) estimation. Such
high-resolution image given one or more lower-resolutiofyiors are typically either chosen to impose some kind of
images of the same scene or object. Many methods haygoothness on the image (e.g. Gaussian MRF) or have some
been proposed in the literature which can be largely classi eglgge preserving characteristics (e.g. Huber-MRF). Schultz
as reconstruction-based (e.g. [1], [2], [3], [4]) or exampleand Stevenson [4] proposed a discontinuity preserving MAP
based (e.g. [5], [6], [7], [8], [9], [10], [11], [12]) methods. reconstruction method using the Huber-Markov Gibbs prior
The reconstruction-based methods try to fuse informatiofy super-resolving low-resolution video sequences. A joint
from multiple low-resolution (LR) observations of the scenayap estimation for simultaneous registration and super-
to build a higher-resolution image. The main source Ofegolution was proposed by Hardé al. [14] which uses
information for such methods in order to build the soughf Gaussian prior.
high-r650|uti0n (HR) image is low-resolution observations Baker and Kanade [15] showed that reconstruction con-
and prior knowledge about the image formation process. Thgraints provide far less useful information as the magni -
information about the image formation process is generalyation factor increases. They showed that for large enough
incorporated into a generative model which models thgagni cation factors, any smoothness prior leads to overly
process of generating the low-resolution observations givefinooth results with very littte amount of high-frequency
the sought HR image. These methods usually try to build gAformation regardless of the number of LR observations
HR image that can satisfy the super-resolutieconstruction ysed. This means that there is effectively a theoretical limit
constraintthat the HR image, if appropriately warped anto how well reconstruction-based methods can perform. As
down-sampled to simulate the image formation procesg, remedy, example-based methods use additional sources of
should y|e|d the low-resolution observations. This Constrainhformation_ In such methodS, a set of exemp|ar images are
was rst used by Pelegt al.[1]. They assumed that the ysed to model or learn the relationship between high- and
imaging process is known and that the low-resolution imagegw-resolution image pairs.
have been registered with SUb-piXEl accuracy. Starting from Freemanet al. [5]’ [6] proposed a patch_based approach
an initial guess for the unknown HR image, the imaginghat used a set of training images to learn the relationship
process is simulated to generate a set of simulated LR imaggsyveen a sharp image and its low-resolution counterpart.
resembling the LR inputs. An error was then de ned betweefthey used a Markov network to probabilistically model
) . ) the relationship between the HR and LR patches. In their
*The authors are with the Centre for Vision, Speech and Signal Pro- . .
cessing, University of Surrey, United Kingdorfip.mortazavian, network, each HR patch is connected to an LR patch and its
j.kittler, w.christmasg @surrey.ac.uk) neighboring HR patches. By blurring and downsampling a
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set of training HR images, the authors generated a training The above face super-resolution methods generate an HR
set of sharp and blurred image pairs which is used to leamnage of a single facial modality (i.e. at a xed expression,
the compatibility functions of this network. pose and illumination). In [12] Jia and Gong have presented
In applications where the problem can be limited to & generalizedface super-resolution method which aims at
speci ¢ object of interest (e.g. human face) building thenulti-modal super-resolution of faces. In other words, given
sample set with images of the same object can result an LR image at a speci c modality, it aims at generating HR
obtaining much more plausible information for exampleimages of the same and other different modalities. A tensor
based super-resolution. Many methods have been speci caklyructure is used to incorporate information and interactions
tailored for face super-resolution ([7], [8], [9], [10], [11], of (training) images of multiple modalities at different res-
[12)]). olutions. The task is then formulated as MAP estimation
Wang and Tang [10] proposed an eigentransformatioof the high-resolution images given the LR observation(s)
approach in which the input image is represented as waith the inter-modal interactions inferred using multi-linear
linear combination of the training LR images using a PCAanalysis. This technique is able to generate HR images in a
transform. The HR image is generated by replacing the LRovel pose. However, it requires sample training images of
images with their HR counterparts while keeping the mixturenultiple modalities in order to perform multi-modal super-
coef cients. Liu et al[7] proposed a two-step method for resolution thus it is limited to poses available in the sample
face super-resolution. This method is based on the faset. In [19] the authors have presented a 3-D assisted facial
that the HR image is a combination of common (globaljexture super-resolution framework in which a 3D morphable
face properties and individual (local) characteristics. Thenodel is used in order to perform pose-independent super-
global and individual properties are captured by a globaksolution in a single frame. The problem is posed as MAP
parametric model H9) and a local non-parametric modelestimation of the morphable model parameters and the HR
(H") respectively. The nal HR imageH) is assumed to texture given the LR observation. Using two assumptions
be a combination of these two modeld:= H9+ H'. Li  about the model parameters and the HR texture, the problem
and Lin [9] have further improved this approach by applyings then broken down into two steps: 1) tting the 3D
PCA to both LR and HR images in the rst step in order tomodel on the LR observation, 2) super-resolving the facial
incorporate the estimation of noise model and also usingtaxture in a texture super-resolution framework similar to the
MAP framework instead of the MRF model for nding the recogstruction([17], [18], [8]) framework. In the framework
optimal local face. proposed by [19], it is assumed that the HR texture can
In [16], Capel and Zisserman presented another exampliee fully recovered from LR texture extracted from the LR
based, domain-speci ¢ method for faces. Each face image ddbservation and a generative model is utilized that generates
broken down into 6 regions and each region is representdiie LR texturegiven the HRtexture The likelihood term in
with PCA. The PCA representation is then used to constrathe MAP framework is de ned using this generative model
the results in an ML estimation framework and also to de navhile the prior term is de ned in a process similar to that of
appropriate prior terms in a MAP estimation framework. [17], [18], [8]. Using this framework, once the HR texture
A very well-known approach for object-speci ¢ super-is constructed, it can be used to generate HR images of the
resolution is Face Hallucination (also named as the face by utilizing the parameters of the tted 3D morphable
recogstructiormethod) proposed by Baker and Kanade [17]model.
[18], [8]}. This approach is applicable to one or more In this work we follow the general approach of [19] but
input images. In the case of multiple input images, thénstead of making the above assumption, we propose a more
geometric registration transformation is assumed to be onfuitable generative model to be used in this framework. Our
translational and the exact translations are assumed to fpposed generative model describes the formation process
known a priori. This approach uses a MAP framework withof the LR imagegiven the HRtexture In section Il we will
arecognition-based prior which is de ned on the gradients describe the generative model used in our framework, and in
of the HR image using recognition results of some genericection Il we formulate the 3D-assisted super-resolution in
local features . Recognition - in this context - means ndinga MAP framework. Some experimental results are presented
the most similar pixel from the training set for each pixel in section IV and section V concludes the paper.
of the LR input image(s). The prior term is then de ned
such that it encourages the gradient of the super-resolution
image to be close to the closest matching training samples.We describe the image formation process with a generative
The Namerecogstructionfor this method is a combination model. The model will describe the process through which
of the termsrecognition and reconstructionwhich suggest an LR image is formed using a 3D morphable model to
the two main sources of information for the method: thenap HR texture from dexture plane to theimage plane.
reconstruction constraints and the recognition-based pri&r 3D morphable model is a vector space representation of
term. 3D faces. We used a morphable model built by Tena [20].
N - _ _ . The model is built using 69 3D face scans. Each raw scan
Although the termFace Hallucinationwas rst coined for this speci c

method, it is also used in a more general sense in the literature to refer%’mpr'ses a 3D mesh and a 2D texture map. T*]@: Z)
(example-based) face super-resolution coordinates of the vertices of the 3D mesh of each face scan

Il. GENERATIVE MODEL

Authorized licensed use limited to: University of Surrey. Downloaded on January 28, 2010 at 16:34 from IEEE Xplore. Restrictions apply.



and the corresponding texture values are concatenated intdl'he texture map extracted from a 2D face image in such a
a shape(S) and atexture(R) vector respectively. Assuming manner represents the shape- and pose-normalized texture of
these vectors are in full dense correspondence for all fatiee face. Hence, in order to generate the image from such a

scans, PCA is used to compress the data: texture map, the image formation process includes projecting
all texels to the image plane according to the shape and pose
Snod= + as ; Rmoa= B+  bjri (1) data, and integrating the texture values within each pixel of

i i the image plane to obtain the nal pixel value. In order to

where 8 and ® are the mean shape and texture vectorroject a texel to the image plane, we project its 4 corners
respectively ang; andr; are theit eigenvectors of the shape and obtain a quadrangle on this plane. We de ne each pixel
and texture covariance matrices respectively. Algaandb; (X Y) of the image asaffectedby texel(p;q) if the area of
are the mixture coef cients known as the model shape arifie overlap between texgb; q) when projected to the image
texture parameters respectively. plane, and pixe{x;y) is not zero. Each pixel value is de ned
Given a single 2D face image as input and a set df our generative model as the weighted sum of the texel
landmarks, the parameters of the 3D morphable model caalues which affect it. The weights de ne the contribution
be estimated such that they represent the 3D shape a@fdeach texel to the pixel value:
texture of the input face. This process is called model
tting which estimates the model parameters together with WXy, p;g;a;r)
a set of rendering parameters -including lighting parameters, focy) = o g WY piqa;r )T(p; A+ h 3)
3D translation, pose angles, camera focal length etc.- such Pa P RERR
that rendering the model with the estimated parameters will Where (p;q) indexes the texels of the texture mdp
produce an image which resembles the input face image. TR6Y) indexes the pixels of the imagg, W is the weight
model obtained by this process represents the 3D shape dhat determines the contribution of texg(p; q) to the value
the texture of the input 2D face image. Model tting can beof pixel f(x;y), andh is an additive pixel noise term. The
formulated as a MAP estimation of the model and rendering€ightW(x;y, p;g;a;r) is de ned as the fraction of the area
parameters given the input face image and the landmari€.the projected texel that lies within pixet;y) on the image

Assuming independence between some parameters: plane. o _
Note that projecting any point of the texture map to the

L L image plane requires information about the 3D shape of the
aibr = a;gﬂaﬂa,bﬂf, L) model in order to nd the equivalent point on the 3D surface
_ - o as well as pose and rendering parameters in order to project
- a;gﬂa)d:(“a’b’r )P(Lja;b:r)P(a)P(b)P(r) @ the point from the 3D surface to the image plane. Heki¢e,
o in (3) is also a function o andr .

where f is the input face imagd, is a set of landmarks

marked onf, a and b are the model shape and texture I1l. A B AYESIAN FORMULATION
parameters respectively, amdis the set of rendering pa- In this section we formulate the 3D-assisted texture super-
rameters. resolution as a MAP estimation problem. Given an LR image

In order to use the real facial texture from the input imagé, the sought HR texture map is:
(as opposed to the textuestimatedby model tting), the
shape and rendering parameters estimated during the model
tting can be used to extract the facial texture from the input
image (where available) and map it to a prede ned texture ) .
coordinate frame. The coordinate frame for such a texture ~ argmax FP(Tjmr; f)P(mrjf)g (4)
map is de ned by a 2D representation of the 3D surface m
of the face model which preserves the geodesic distance bewhere T is an HR texture map, andn is the set of
tween the vertices of the 3D surface. Such a representationdel parameterst(= fa;bg). As in [19], we assume that
obtained using thssomapalgorithm proposed by TenenbaumP(mr jf) peaks at the optimum values ofandr , and has
et al[21]. The texture value for any teXebn this texture @ dense distribution around these values:
map is then extracted from the image by projecting each
texel center to the image plane and nding the texture value P(mrjf)wd(m m)d(r r ) (5)
of the projected point. For texels that are not visible in the

input image, the texture value estimated by model tting wiIIOptimum model and rendering parameters respectively. The

be used. assumption implies that the tting process is ideal. These

. In order to project any point.from the texture map to th(?/ lues can be found by the model tting process described
image plane, the equivalent point on the 3D surface is fouq Il. Instead of tting the model on the LR face image, we

and projected to the image though a pinhole camera mOdﬁ e bilinear interpolation to enlarge the input image prior
2We use the terntexelto refer to the pixels of a 2Bexture magn order to tting. Given the abpve assumpuon_ anc_i the optlmlzed
to avoid confusion with pixels of aimage parameters from the tting process, 4 simpli es to:

T = argmax P(T;mrjf)
T mr

where d is the dirac function andn andr are the
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subjects. The test subjects were chosen from the remaining
subjects in the database. The LR data was generated by tting
the 3D morphable model on HR shots of the test subjects
= argminf logP(fjT;m;r ) logP(T)g (6)and rendering the model with the optimized parameters and
T extracted texture while setting the focal length of the virtual
Using the generative model in (3) and assuming tha&aamera to 8 times smaller than what was estimated for the
the pixel noiseh has ani.i.d. Gaussian distribution with HR samples. In all cases the magni cation ratio for the super-
covariances?, the negative log-likelihood term in 6 can beresolution algorithm is 8.

T = argmaxP(Tjm ;r ;)= argmaxP(fjT;m;r )P(T)
T T

de ned as: .
A. Frontal face super-resolution
N Figure IV-A shows the super-resolution results for some
logP(fjm;r ;T)= , experiments with a frontal face image as the input. From
L f(Xy) _Wixypigmar ) T(p:g) @) left to right, the rst column (a) is the LR image, the second
asp Y P pgWikypgmir ) column (b) is the result of using bilinear interpolation to
A. The recognition-based prior increase the size of the image 8 times. The third column

In order to de ne the prior termP(T), in (6) we follow (C) shows the results obtained with Baker and Kanade's face

an approach similar to that of [17]. First we need to build &allucination. The fourth column (d) of gure IV-A shows
texture sample set. We do this by tting the model to a set dihe results obtained with our algorithm while the fth column
exemplar HR face images and extracting texture from therf€) is the HR face. As seen in the gure IV-A the results of
The extracted texture maps are considered as level zero o approach are comparable, and in some cases visually
texture pyramidNow let f be an LR face image which id 2 more pleasing than the other approach and in most cases
times smaller than the HR images used for the sample séfntain less artifacts.
andt be the LR texture map extracted frola The amount ~ The two right-most columns of gure IV-A illustrate two
of information available irt is equivalent to thét" level of novel views of the same face in high resolution. Using the
the texture pyramid. Hence, for each tekpiq) oft we nd  Super-resolved texture map we can render novel views of the
the most similar texel in the same location from the sampllR face. Note that in some areas which were not visible in
set by comparing th&" level parent structures ([22]) of the the input frontal image, the texture estimated in the tting
sample texels with thB" level parent structure afp;g). The Process is used which can be rather inaccurate in some cases.
horizontal and vertical gradient values of this most similar
sample texel are then taken as the predicted values for t
horizontal and vertical gradient valuestép; q) respectively. A major advantage of our approach is that it does not
Having de ned predictions for the gradient values of all@ssume any pose for the input face. It can be applied to
texels oft, the prior term is de ned by assumingid. LR face images of any pose without the need to extend

Gaussian error with covarianeé for the gradient prediction the sample set. Figure IV-B illustrates the results of super-
process: resolving facial texture when the input is a side view LR

image. The super-resolved texture is rendered to produce the
1 ) same pose as the input and super-imposed on a bilinearly
logP(T) = 57 pa(Her(pia) H(pia)"+ interpolated version of the input image.

1 . Y Note that the results in Figure 1V-B were generated using
= 5a(Vor(p; V(p; 8 ; ; -
2s° pa(Vor(PiQ) (p:q)) ®) a sample set that only consisted of frontal face images. This

WhereH(p; q) andV(p, q) are the horizontal and vertical is to show that even without U-Sing. other poses (.)Ur method
gradient values at tex¢p; q), andHp(p; 6) andVy(p;q) are  Manages to do an acceptable job in super-resolving different
their predicted values respectively. The gradient values in (8Pses. However, the performance can be further enhanced by
can be written as linear expressions in the unknowis ).  adding samples of other poses to the sample set.

By replacing (7) and (8) in (6), the nal cost function is .
derived. We minimize this cost function with respect to theC' Face Recognition

map T ). lution of the input face. It has been shown (e.g. in [24])

that the performance of a face recognition algorithm can

IV. EXPERIMENTAL RESULTS drop dramatically if the resolution of the probe images
In this section we will present some experimental resultdrops below a certain level. In such cases, super-resolution
of our proposed approach and compare the results withchniques can be utilized to improve the resolution of
Baker and Kanade’s benchmark face hallucination algorithpprobe images as a pre-processing step in order to improve

[8]. These experiments were performed using the XM2VT&e recognition results. In [25], Yeomamt alproposed a

database [23]. The sample set for the super-resolution algmamework for simultaneous super-resolution and recognition
rithm was built by extracting texture from 8 frontal shotswhich generally yields better results than performing super-
of 95 subjects which were chosen randomly as the trainingsolution as pre-prosessing. However, in this paper we resort

ﬁé Non-frontal face super-resolution
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Fig. 1. (a) Examples of the low-resolution images. (b) Bilinear interpolation. (c) Frontal face super-resolution of the faces in 'a’, using Baker and Kanade’s
framework. (d) Frontal face super-resolution using our method. (e)Original high-resolution images. (f,g) Generated super-resolved imaged of novel poses
using our method.
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