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Abstract 
 

The variation of facial appearance due to the 
viewpoint (/pose) degrades face recognition systems 
considerably, which is well known as one of the 
bottlenecks in face recognition. One of the possible 
solutions is generating virtual frontal view from any given 
non-frontal view to obtain a virtual gallery / probe face. 
By formulating this kind of solutions as a prediction 
problem, this paper proposes a simple but efficient novel 
Local Linear Regression (LLR) method, which can 
generate the virtual frontal view from a given non-frontal 
face image. The proposed LLR inspires from the 
observation that the corresponding local facial regions of 
the frontal and non-frontal view pair satisfy linear 
assumption much better than the whole face region. This 
can be explained easily by the fact that a 3D face shape is 
composed of many local planar surfaces, which satisfy 
naturally linear model under imaging projection. In LLR, 
we simply partition the whole non-frontal face image into 
multiple local patches and apply linear regression to each 
patch for the prediction of its virtual frontal patch. 
Comparing with other methods, the experimental results 
on CMU PIE database show distinct advantage of the 
proposed method. . 
 
1. Introduction 
 

Face recognition has been extensively studied for more 
than three decades. So far, the state-of-the-art recognition 
technology can achieve very high accuracy under 
restricted environment, such as frontal faces with indoor 
lighting conditions [1]. However, for those uncontrolled 
cases (e.g. outdoor with uncooperative subjects), the face 
recognition task still far from the requirements, since most 
of current face recognition systems are pretty sensitive to 
the pose, lighting, and other variations.  

The difference between two poses will induce the large 
variation of the appearance even for the same person. The 
distinction is often more remarkable than that caused by 

the difference of identity under the same pose. Therefore, 
the conventional appearance-based methods, such as 
Eigenface, will degrade dramatically when the input 
image is non-frontal while matching against frontal face 
images.  

Many approaches have been proposed to recognize 
faces under various poses. Among them, the view-based 
methods are widely used [2-7]. For instance, view-based 
Eigenface had been proposed to extend the Eigenface to 
deal with the pose problem. But, view-based methods 
generally need multiple face images with different pose 
for each person in the database, which is often impractical 
for real world applications.  

Gross et. al. proposed the Eigen Light-Fields (ELF) 
method to tackle the pose problem[8, 9]. This algorithm 
operates by estimating the Eigen light-fields of the 
subject’s head from the input images. Matching between 
the probe and gallery is then performed by means of the 
eigen light-fields. The advantage is that only training set 
needs multiple samples for each person, which are easy to 
collect. But the precise computation of the plenoptic 
function is difficult, and in [8, 9], the authors substituted 
the plenoptic function approximately by concatenating the 
normalized image vectors under different poses.  

To achieve the pose-invariant face recognition, another 
popular solution is to generate virtual views to normalize 
pose or expand the gallery. For the image appearance 
variations caused by pose variation have close relation to 
the 3D face structure, some researchers explored 3D 
model-based method to recover the intrinsic shape or 
albedo parameters [10-14] for classification. Having the 
specific 3D model, the novel face under any viewpoint 
can be easily obtained by rendering with graphics 
technique. The most representative method is the 3D 
morphable model method [11, 12]. This method has 
shown its good performance on FRVT 2002 [1]. However 
this is a high computation consumption procedure and it’s 
too slow to be used in real-time tasks.  

There also exist some learning-based view synthesis 
methods which can generate virtual views under multiple 
poses [15-18]. Beymer and Poggio et al proposed an 



algorithm to synthesize novel views from single image by 
using the prior knowledge of the face images and applied 
them to face recognition. In their method, a face image 
was separated into shape vector and texture vector, and 
the Linear Object Classes (LOC) is applied to them 
respectively. Then the virtual “rotated” images are 
generated easily using a basis set of 2D prototypical views. 
The reconstructed virtual views are highly depends on the 
segmentation of the given face image and the 
correspondence between the images. However, building 
accurate pixel-wise correspondence between face images 
is an unsolved hard problem, which has prevented this 
method from further practical applications.  

In this paper, we start from the basic idea of Linear 
Object Class, that is, we try to predict the frontal view of 
a given non-frontal face image using regression method 
based on the prototypes in a training set with 
corresponding image pairs of some specific poses. 
However, totally unlike Beymer’s method, we operate the 
regression algorithm directly on the image rather than the 
separated shape and texture. Therefore, the intractable 
accurate dense correspondence between face images is not 
required any more. What we need is just a coarse 
alignment based on the two irises. In the proposed Local 
Linear Regression (LLR) method, we partition the whole 
non-frontal face image into multiple local patches and 
apply linear regression to each patch for the prediction of 
its frontal patch. This is inspired from the fact that a 3D 
face shape is composed of many local planar surfaces, 
which satisfy naturally linear model under imaging 
projection. Compared with the LOC approach, LLR is 
simpler and easier for real world problem, because LLR 
does not require accurate shape and texture alignment, 
which are mandatory in LOC. 

The remaining parts of the paper are organized as 
follows: Section 2 proposes the LLR-based virtual view 
generation approach. Section 3 presents the experimental 
results on the virtual view generation and pose-invariant 
face recognition. Section 4 is the conclusion. 

2. Virtual view generation based on local 
linear regression 

In this section, we first formulate the virtual view 
generation task as a general prediction framework. Then 
the global linear regression and local linear regression are 
presented respectively to predict virtual frontal view from 
a non-frontal face image. 

2.1. Problem formulation and solution 
Given a non-frontal facial image, our aim is to 

generate its virtual frontal view based on a training set. 
We formulate this problem mathematically as a regression 
task. Formally, it is described as follows:  

Let { }),( 0 kPP XX be the training set, which is composed 
of the corresponding samples under frontal pose 0P  and 
some specific non-frontal pose kP . Here, 
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same person but with different pose. For the facial shape 
is similar in holistic, and the albedo of a face can be 
assumed to be a constant [19], there should be a mapping 

0: PPkf xx →    (1) 
which can transform a non-frontal face kPx  into its frontal 
counterpart 0Px . Though, imaginably, the mapping could 
be very complicated (non-linear), in this paper we only 
consider the solution under linear assumption. In this case, 
the mapping can be rewritten as: 

kPP xx 0 A= ,                                (2) 
where A  is a linear operator. Let n  denote the number of 
pixels of an image, and a training set with N 
corresponding images as above mentioned. If Nn > , the 
linear mapping A  can be estimated by the following 
linear regression procedure (least square solution): 
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is the pseudo inverse of kPX . 
Once the linear mapping function A  is already 

estimated based on the training set, when given any 
image kPx  with pose kP , its corresponding virtual frontal 
image 0Px  can be computed according to the same linear 
transformation: 

( ) kkk PPPPP xXXAxx
⊥

== 00 .                    (5) 
Considering the virtual view generation in a step 

further, we rewrite the equation (5) as: 
αXx 00 PP = ,                                 (6) 

where  
  ( ) kK PP xXα

⊥
= .                               (7) 

 Therefore the virtual view generation can be 
decomposed into two steps: one is the solving of 
reconstruction coefficients in the kP  pose image space by 
equation (7); the other is the final virtual frontal view 
prediction using equation (6). Actually, the above solution 
of the reconstruction coefficients is the result of an 
optimization procedure aiming at seeking a coefficients 
vector, which can best represent the input image in the kP  
pose image space. This is achieved by minimizing the 
following residue function:   
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is the projection of  kPx  in the kP  pose image space. 
Hereinafter, it is called reconstructed image. 

In addition, from the above analysis, one can 
understand the linear regression more clearly as follows: 
the virtual frontal view of an input non-frontal face image 

kPx  with pose kP is generated through a linear 
combination by using the same coefficients reconstructing 
the kPx  in the kP  pose image space. Coincidentally, this 
idea is quite consistent with the concept of linear object 
class [18], but we have formulated the problem quite 
differently from the point of view of regression. 

2.2. Global linear regression 
Based on the above analysis, we can easily derive the 

virtual frontal view from the single non-frontal facial 
image by using equation (5). Note that, when this 
procedure is implemented, one should carefully align the 
face images. As is well accepted in face recognition area, 
one can simply just align the faces according to the eye 
centers. And then the normalized face images in a whole 
are used to feed into the above prediction. We call this 
implementation as Global Linear Regression (GLR).  

However the face is not planar in whole, that is to say, 
the absolute linear mapping between two different views 
of a person does not exist. Therefore, both the 
reconstruction of the input image in pose image space and 
the prediction in the frontal image space are not as precise 
as expected. Please refer to the (b) columns of Fig 2 and 
Fig.3 in section 3 for some reconstruction and prediction 
examples based on GLR, from which one can see obvious 
ghost and blur effect.  

Considering that some facial patch is more like a 
planar surface, a natural improvement of GLR is applying 
linear regression locally. 

2.3. Local linear regression 
 

The intrinsic non-planar structure of the face makes the 
linear assumption fails when the facial pose changes. It 
also degrades the results for the virtual view generation 
based on GLR. Considering that a 3D face surface is 
composed of many local planar regions, for each small 
patch, the linear mapping will be maintained better both 
in the single pose image space and across different poses 
than the global case. So we further propose a method to 
synthesize virtual views by Local Linear Regression 
(LLR), in which linear regression is conducted in patch-
wise mode. Concretely, face images are partitioned into 
uniformed blocks, and then each block are predicted using 
linear regression, as illustrated in Fig.1. This procedure is 
formally formulated as follows:  

Firstly, given the training set, we need partition each 
face image into M blocks. Due to the pose variation, 
different partition modes are performed to the images 
according to their pose categories. In our method, the 
frontal faces are partitioned into regular grids, while the 
partitioning of images with kP pose is completed by 
coarsely seeking for the counterpart of the frontal patches 
by the aid of an average 3D face model. This ensures the 
corresponding local patches in frontal and pose image 
possess the same semantics, as can be seen from Fig.1.  

Then, given an input image kPx  whose pose is kP , we 
partition it into M  small patches 

)( ),(),2(),1( kkkk PMPPP xxxx L=  as is done for the kP pose 
training images. Predicting the corresponding i-th frontal 
patch ),,( 0Pix  for the i-th non-frontal patch ),( kPix  follows 
two steps: 
[1] First, estimate the reconstruction coefficients for the 

i-th small input patch in the specific patch space by: 
( ) ),(),( kk PiPii xXα
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patches with kP pose from the training set.  

[2] Then, the virtual frontal patch can be gotten by: 
iPiPi αXx ),(),( 00 = ,                            (11) 
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patch from the frontal images in the training set. 
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Fig.1. The flow chart of our proposed virtual view generation method based on LLR. 



After performing such prediction for each patch in 
the kPx , we combine all the small virtual frontal 
patches into a whole vector, that is the target virtual 
frontal view ( )),(),2(),1( 0000 PMPPP xxxx L= . The 
resulting normalized frontal view is then used for 
recognition. 
 
3. Experimental results 
 

In this section, we conduct experiments on the 4 
pose subsets of CMU PIE database, which includes the 
pose 29, 05 (turning left and right at 22.5 degree) and 
11, 37 (turning left and right at 45 degree)[20]. In our 
experiments, leave-one-out strategy is used for 
generating the virtual frontal views. The final face 
recognition is performed on the totally 68 subjects, 
with the images of pose 27 forming the gallery 
matching with the virtual views. 
 
3.1. The experimental results on the virtual 
view generation 
 

In this section, some virtual view generation results 
are presented. The virtual frontal images are generated 
for all the images in 4 non-frontal pose sets. For the 
virtual view generation can be decomposed into input 
image reconstruction (Eq.9) and the virtual view 
prediction (Eq. 6 for GLR and Eq.11 for LLR), the 
results for the two stages are shown in Fig.2 and Fig.3 
respectively.  

In Fig.2 the first column is the input non-frontal 
images from 4 different poses, which are the pose sets 
29, 05, 11 and 37 from top to down. The column (b) 
shows the reconstruction results of GLR and the rest 
columns (c) through (g) give the results of LLR with 
different patch size labeled at the top of the figure. 
Note that this size is that for the frontal face patches 
and the size for the non-frontal patch is accordingly 
changed. The corresponding virtual view prediction 
results are given in Fig.3, where the first column (a) is 
the input images. Column (b) shows the virtual view 
prediction results of GLR, and the columns (c)-(g) 
illustrate the results of LLR with different patch size. 
The last column (h) gives the ground truth. 

                                                  Input   Global  30×30 30×20  20×20  20×10  10×10 
 

 
                                                     (a)         (b)       (c)       (d)       (e)       (f)        (g) 
Fig.2. Some input non-frontal images reconstruction results. The first column is the input faces 
under 4 different poses. The rights are the reconstructed faces of GLR and LLR respectively. 

                Input   Global  30×30  30×20  20×20 20×10  10×10 Ground truth 

                                  

 

 
                                                  (a)         (b)       (c)      (d)       (e)        (f)       (g)        (h) 
Fig.3. Examples of the virtual frontal view prediction results. First column is the input non-
frontal facial images. Column (b) is the virtual frontal views by GLR and columns (c)-(g) are the 
results with LLR on 5 different scales of patch size. The last column is the real frontal faces. 



From these results, it is obvious that, both the input 
face reconstruction and the virtual frontal view 
prediction of GLR are somewhat blurred with some 
ghost effect. While, LLR makes the linear combination 
across poses more reasonable since the better local 
linearity is maintained than the global case. But if the 
piece size is too small, the coarse correspondence 
across different poses for each patch will be 
meaningless which results in the bad prediction results 
as shown in Fig.3 column (g). As indicated by Fig.3, 
the best virtual frontal views are achieved for the 
appropriate piece size 20×20 or 20×10, which are 
shown on the columns (e) and (f). In these cases, the 
local information of face, especially the eye region, is 
well recovered compared with the global 
reconstruction and other partitions by a too large or 
small size. 

3.2. The experimental results on pose invariant 
face recognition 

In this section, pose invariant face recognition 
experiments are carried out on the virtual frontal views 
to evaluate the proposed algorithm.  

Based on the pose normalization results, we found 
that the upper faces are reconstructed more vivid than 
the lower faces. This is because when we partition face, 
the upper will get better correspondence for having 
more similar and planar 3D face structure. Also, the 
preprocessing to normalize image by fixing the eyes 
location makes the upper alignment more accurate. On 
the contrary, the nose region varies to a large extent 
with the complex geometric structure for each person. 
The rotation transformation for the lower region is 
away from linearity, which leads to the reconstruction 
bias for the lower face. 

 

Whole face 

Upper face 

Lower face  
Fig.4. The face region dividing for recognition. 

Through above analysis, recognition is designed 
only for the upper face as Fig. 4 illustrated. The 
experiential borderline is used to get valuable region. 
That is to say, only the upper is selected for both probe 
image and gallery images. Then the correlations are 
calculated between the upper faces of the probe vector 
and each gallery vector. The subject with the maximal 
correlation is the recognition result. Fig.5 gives the 
recognition results for the 4 pose sets of PIE database 
with virtual frontal views generated by both GLR and 
LLR. The recognition result for the uppers of the 
original pose images is regarded as the baseline. From 
the results, one can find that better recognition results 
are achieved on the patch size being 20×20 or 20×10. 
This is consistent with the visualized virtual view 
generation results. Also, the comparison between the 
recognition using different face region is presented in 
Fig.6, in which, the upper face, lower face and the 
whole face are considered respectively. The baseline is 
the recognition result using the corresponding region 
of the original pose images. 

The Eigen Light Fields (ELF) algorithm is well 
known for recognizing faces across pose and achieving 
good performance [9]. We compare our results to those 
of ELF with the 3-point normalization on the same 
pose subsets of PIE database. In ELF, half of the 
subjects are randomly selected for training and the 
recognition is performed on the rest 34 subjects. 
Taking the pose set 27 as the gallery, our method 
achieves better result than ELF as table 1 illustrated. 
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Fig.5. Recognition results on the original image and the pose normalized images on 4 pose sets of 
PIE database with GLR and LLR. 
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Fig.6. The comparison of the recognition 
results using different face region. 

Table 1. The performance comparison between 
our method and the ELF. 

Method 

Pose Set 
Our Method 

(Patch size 20×10 ) 
ELF method [9]

(3-P Normalization)

Pose set 29 95.6% 86% 
Pose set 05 91.2% 88% 
Pose set 11 76.5% 76% 
Pose set 37 77.9% 74% 

 
4. Conclusion and discussions 
 

By formulating the virtual frontal view generation 
as a prediction problem, we propose the LLR-based 
approach to generate virtual frontal view for pose 
invariant face recognition. The experimental results 
show that the local linearity of semantically 
corresponding patches between frontal and non-frontal 
face images can greatly facilitate the prediction. The 
effectiveness of the proposed approach has been 
validated by the recognition experiments on the PIE 
faces with up to 45 degree rotation in depth.  

In addition, compared with other methods, such as 
Eigen light-field, 3D morphable model, the LLR-based 
approach is more robust to alignment except the two 
irises.  

In this paper, we model the prediction under the 
piecewise linear assumption. However, it is in nature 
nonlinear. Therefore, we will extend LLR to non-linear 
mapping for better prediction result in the future. 
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