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Abstract— Face recognition, an important biometrics technique, plays a critical role in many real-world multimedia 
applications. Despite being studied extensively in literature, existing face recognition techniques still suffer from a lot of 
challenges when being applied in real-world applications. In particular, many 2D face recognition approaches work 
excellently under well-controlled conditions, but their recognition accuracy often decrease considerably when handling real-
world face recognition tasks where variations are common for pose, illumination and expression.On the other hand, along 
with the advances of various 3D capture devices, 3D face recognition techniques are receiving more and more research 
attention. The highly detailed 3D mesh data can capture rich information, which potentially provides much more clues to 
tackle some unsolved challenges in 2D face recognition tasks, especially for pose and illumination variations.Following this 
direction, in this paper, we investigate a number of  3D face recognition scheme that addresses the open challenge of Pose 
Invariant Face Recognition. In particular, we survey an effective approach to tackling the pose invariant 3D face recognition 
task, which is equipped with a set of effective 3D parametrization, alignment, and spares feature representation techniques. 
 
Index Terms— Face recognition, expression recognition, face de-identification, facial expression, pose-invariant 
recognition, 3-D face classification. 
 
I. INTRODUCTION 

 
This paper aims to advance face alignment in aligning 
face images with arbitrary poses. Face alignment is a 
process of applying a supervised learned model to a 
face image and estimating the locations of a set of 
facial landmarks, such as eye corners, mouth corners, 
etc.Face alignmentis a key module in the pipeline of 
most facial analysis algo-rithms, normallyafterface 
detection andbefore subsequentfeature extraction and 
classification. Therefore, it is an enabling capability 
with a multitude of applications, such as face 
recognition, expression recognition, face de-
identification, etc. 
Given  the  importance  of  this  problem,  face 
alignment has been extensively studied since Dr. 
Cootes’ Active Shape Model (ASM) in the 1990s.  
Especially in recent years, face alignment has become 
one of the most published subjects in vision 
conferences.The existing approaches can be 
categorized into three types: Constrained Local 
Model (CLM)-based approach, Active  Appearance  
Model  (AAM)-based  approach  and regression  
based approach, and an excellent survey can be found 
in. 
Despite the continuous improvement in the alignment 
accuracy, face alignment is still a very challenging 
problem, due to the non-frontal face pose, low image 
quality, occlusion, etc.Among all the challenges, we 
identify the pose invariant face alignment as the one 
deserving substantial research efforts, for a number of 
reasons. First, face detection has substantially 
advanced its capability in detecting faces in all poses, 
including profiles, which calls for the subsequent face 
alignment to handle faces with arbitrary 
poses.Second, many facial analysis tasks would 

benefit from the robust alignment of faces at all 
poses, such as expression recognition and 3D face 
reconstruction. Third, there are very few existing 
approaches that can align a face with any view angle, 
or have conducted extensive evaluations on face 
images across 90  yaw angles, which is a clear 
contrast with the vast face alignment literature. 
 
II. SURVEY 
 
We now review the prior work in generic face 
alignment, pose-invariant face alignment, and 3D 
face alignment.The first type of face alignment 
approach is based onConstrained Local Model 
(CLM), where an early example is ASM. The basic 
idea is to learn a set of local appearance models, one 
for each landmark, and the decisions from the local 
models are fused with a global shape model [1]. 
There are generative or discriminative approaches in 
learning the local model, and various approaches in 
utilizing the shape constraint. While the local models 
are favored for higher estimation precision, it also 
creates difficulty for alignment on low-resolution 
images due to limitedlocal appearance. In contrast, 
the AAM method and its extension learn a global 
appearance model, whose similarity to the input 
image drives the landmark estimation [2]. While 
AAM is known to have difficulty with unseen 
subjects, the recent development has substantially 
improved its generalization capability. Motivated by 
the Shape Regression Machine in the medical 
domain, cascaded regressor-based methods have been 
very popular in recent years. On one hand, the series 
of regressors progressively reduce the alignment error 
and lead to a higher accuracy [1]. On the other hand, 
advanced feature learning also renders ultra-efficient 
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alignment procedures. Other than the three major 
types of algorithms, there are also works based on 
deep learning, graph-model, and semi-supervised 
learning [3]. 
Despite the explosion of methodology and efforts on 
face alignment, the literature on pose-invariant face 
alignment is rather limited. There are four approaches 
explicitly handling faces with a wide range of poses. 
Zhu and Ranaman propose the TSPM approach for 
simultaneous face detection, pose estimation and face 
alignment [6]. An AFW dataset of in-the-wild faces 
with all poses is labeled with 6 landmarks and used 
for experiments. The cascaded deformable shape 
model (CDM) is a regression-based approach and 
probably the first approach claiming to be “pose-
free”, therefore it is the most relevant work to us. 
However, most of the experimental datasets contain 
near-frontal view faces, except the AFW dataset with 
improved performance than. Also, there is no 
visibility estimation of the 2D landmarks. Zhang et al. 
develop an effective deep learning based method to 
estimate 5 landmarks. While accurate results are 
obtained, alltesting images appear to be within ~+-60 
so that all 5 landmarks are visible and there is no 
visibility estimation. The OSRD approach has the 
similar experimental constraint in that all images are 
within +-400[4]. Other than these four works, the 
work on occlusion-invariant face alignment are also 
relevantsince non-frontal faces can be considered as 
one type of occlusions, such as RCPR nd 
CoR.Despite being able to estimate visibilities, 
neither method has been evaluated on faces with large 
pose variations. Finally, all aforementioned methods 
in this paragraph do not explicitly estimate the 3D 
locations of landmarks. 
3D face alignment aims to recover the 3D locations 
of facial landmarks given a 2D image. There is also a 
very recent work on 3D face alignment from videos. 
However, almost all methods take near-frontalview 
face images as input, while our method can handle 
faces at all poses [5]. A relevant but different problem 
is 3D face reconstruction, which recovers the detailed 
3D surface model from one image, multiple images, 
or an image collection. Finally, 3D face model has 
been used in assisting 2D face alignment. However, it 
has not been explicitly integrated into the powerful 
cascaded regressor framework, which is one of the 
main technical novelties of our approach. 
 
III. POSE-INVARIANT 3D FACE ALIGNMENT 
 
To attack a pose-invariant face recognition task, one 
possible remedy approach is to capture multi-view 
face images from each individual and estimate all the 
other possible pose positions. However, itis often not 
practical to collect multi-view images for each 
individual in real applications. As a result, the virtual 
view synthesis scenarios, which base on 2D pose 
transformation or 3D face reconstruction, are 
proposed to substitute the demand of real views from 

limited known views(i.e. only the frontal view in our 
framework). 
The 2D pose transformation schemes, such as active 
shape model (ASM) and active appearance 
models(AAM), have been demonstrated to handle the 
PIFR problems effectively within small-scale pose 
variation [2]. Unfortunately, they often fail for large-
scale in-depth face rotation (i.e. larger than 45◦) 
because of the image discontinuities. By utilizing the 
local feature instead of the whole image, some 
transformation algorithms could partially overcome 
the former limitation and further boost the 
performance. For example, Prince et al. proposed a 
statistical linear model, called “tied” factor analysis 
model(TFA), which constructs a one-to-many 
mapping from the “identify” space to the observed 
image space with the pose-contingent linear 
transformation. Comparing with the state-of-the-art 
3D face reconstruction approach, they achieved 
comparative experimental results with 14 manually 
identified keypoints on each face. Their method 
however falls short in very intensive computational 
costs using local features, and their performance often 
highly depends on the benchmark point detection or 
even lots of manual labeling efforts [3]. 
The 3D face reconstruction schemes have the 
potentiality to overcome the pose variance challenge 
and achieve satisfactory results. However, the 3D re- 
construction schemes are complex to implement and 
extremely computationallyexpensive because of the 
slow 3D face modeling process [4]. 
With the rapid improvement in 3D capture devices, 
face recognition techniques, based on 3D data 
directly, are receiving more and more research 
attention [6]. It is potentially promising technique to 
overcome this challenge by exploiting the internally 
invariance of viewpoint and illumination in the 3D 
scanned data. Among these works, the techniques, 
such as extended Gaussian images(EGI), ICP 
matching,hausdorff distance matching and so on, are 
proposed for 3D shape recognition [5]. Multi-model 
approaches, which combine the 2D and 3D results, 
are also developed to enhance the performance. 
However, existing 3D face recognition methods 
rarely take advantage of sophisticated recognition 
algorithms in image domain. Besides, although 3D 
faces have the internal pose-invariance characters, 
incomplete, partial faces often bring a lot of 
difficulties to most existing 3D algorithms. 
 
IV.  THE SYSTEM FLOW OF THE POSE 
INVARIANT FACE RECOGNITION SCHEME 
 
Capturing Faces We need to install a 3D camera to 
capture raw 3D facial mesh dataand 2D facial images 
at the same time. The 2D facial images are 
mainlyused by conventional 2D image based face 
recognition methods as a baselinefor empirical 
comparison. 
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Face Extraction We need to develop some 
automated tools to detect and extract facial regions 
from the raw data using the state-of-the-art AAM 
algorithm 
Parameterization We adopt the state-of-the-art 
Inverse Curvature Map (ICM) for 3D 
parameterization. 
Feature Extraction We need to applya better 
algorithm, which can extract potentially more salient 
facial featuresfor the recognition tasks. 
Recognition We simply employ the linear SVM for 
classification task. We believe it is possible to further 
boost the performance of our system by kernelbased 
SVM. 

 
Fig 1. 2D and 3D face Alignment 

 
V. MORPHABLE 3D FACE MODEL 
 
The morphable model is based on a data set of 3D 
faces. Morphing between faces requires full 
correspondence between all of the faces.Shape  and  
texture  coefficients α and βin  our  morphable  face 
model do not correspond to the facial attributes used 
in human language. While some facial attributes can 
easily be related to biophysical measurements,  such 
as the width of the mouth, others such as facial 
femininity or being more or less bony can hardly be 
described by numbers.  In this section,  we describe a 
method for mapping facial attributes, defined by a 
hand-labeled set of example faces, to the parameter 
space of our morphable model. At each position in 
face space (that is for any possible face), we define 
shape and texture vectors that, when added to or 
subtracted from a face,will manipulate a specific 
attribute, while keeping all other attributesas constant 
as possible. 
 
CONCLUSION 
 
Motivated by the fast progress of face alignment 
technologies and the need to align faces at all poses, 

we draw attention to a relatively less explored 
problem of face alignment robust to poses 
variation.The 3D model not only serves as a compact 
constraint, but also offers an automatic and 
convenient way to estimate the visibilities of 2D 
landmarks a key for successful pose-invariant face 
alignment. As a result, for a 2D image, our approach 
estimates the locations of 2D and 3D landmarks, as 
well as their 2D visibilities.A novel approach to 
tightly integrate the powerful cascaded regressor 
scheme and the 3D face model can be used to 
improvise the classification of Human faces.An 
effective human action recognition approach can also 
be proposed using a spatio-temporal modeling to find 
the accurate results.3D face recognition scheme 
equipped with a set of effective parameterization, 
alignment and feature representation techniques can 
yield us better results. 
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