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Abstract: Pose estimation is an important part in human face recognition because head rotations 
will significantly affect the recognition accuracy. However, automated and accurate pose 
determination still remains an unsolved problem in the research community. In this paper, we 
propose a novel Elastic Energy Model to tackle this problem, which employs statistical energy 
contributions of a set of feature points on an input face. It can avoid over-trusting selected anchor 
points, providing a robust solution to the imprecise feature localization problem that is inevitable in 
practical applications with cluttered backgrounds. As a general configuration, this model can be 
easily implemented and extended to other non-rigid objects. Its effectiveness and robustness in 
automated head pose estimation are investigated in our experiments. 

Keywords: Face recognition, Pose estimation, Gabor wavelet, Elastic Energy Model. 

 
 
1. Introduction 

Over the past decades, the issue of human face 
recognition, where computers are still inferior to hu-
mans, has attracted great attention in the research com-
munity [1]. This is in large due to its extensive applica-
tions in various areas of law enforcement, identity au-
thentication, video surveillance and human-computer 
interfaces.  

Face recognition techniques are significantly af-
fected by appearance changes due to illumination and 
pose variations. It has been observed that face recogni-
tion techniques are sensitive to head rotations [1]. This 
gives rise to the requirement of developing a module 
that can perform head pose estimation to a good degree 
of approximation, in a manner that is automated, robust, 
and independent of identity. 

Conventionally, the existing pose estimation tech-
niques can be broadly classified into appearance-based 
and feature-based approaches. The appearance-based 
approaches treat the face as a global entity, whereas the 
latter category tries to estimate poses based on geome-
tric relationships between certain salient facial features, 
i.e. anchor points. 

 
1.1 Appearance-Based Approaches 

The appearance-based approaches consider the fa-
cial image as a global entity and make use of certain 

learning algorithms to develop a relationship between 
appearance and pose.  

Pentland et al. [2] estimated face poses based on 
Principal Components Analysis (PCA). A set of face 
images in different poses were constructed as a 
view-based eigenspace for images in each pose. The 
pose of a probe was estimated by calculating its dis-
tance to each view-based eigenspace, and selecting the 
pose class with the least distance. Wei et al. [3] first 
used orientation-specific Gabor filters to normalize the 
facial images for changes in illumination and then 
created view-based eigenspaces out of these filtered 
images. A superior performance to ordinary view-based 
eigenspaces was claimed owing to the pre-processing 
step in which illumination invariance was achieved. 
Motwani and Ji [4] added a computation of three-level 
discrete wavelet transform into the PCA step to deter-
mine face pose. The Eigenspaces were then computed 
to make the algorithm more robust to noise and illumi-
nation. Li et al. [5] proposed a kernel-based machine 
learning approach called Kernel Principal Components 
Analysis (KPCA) to obtain a non-linear mapping be-
tween faces and poses. The main disadvantage of this 
method is the computation of a pair-wise kernel dis-
tance matrix, whose size increases quadratically with 
the number of training images per view. Ben-Arie and 
Nandy [6] created a 3D Volumetric Frequency-domain 
Representation (VFR) of an object. The VFR of an ob-
ject represents both spatial structure and the continuum 
of the Discrete Fourier Transform (DFT) of its views. 
Pose estimation was carried out by using a VFR model 
constructed from a person's 3D scan. Gray-level images 
of the probe were enrolled into this VFR model by em-
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ploying the Fourier Slice Theorem. 
 

1.2 Feature-Based Approaches 
The feature-based approaches try to locate salient 

facial features such as the eyes, the nose and the mouth 
in the face image. The face pose is then calculated 
based on the spatial arrangement of these features. 

Gee and Cipolla [7] chose a few relatively stable 
feature points, or anchor points, to estimate the gaze 
direction under weak perspective, with an assumption 
that the ratios of these points did not change signifi-
cantly for different facial expressions. However, their 
key points were manually labeled. Kruger et al. [8] used 
the method of Elastic Bunch Graphs (EBGs) to locate 
faces in images and determine their poses. They 
represented the face as a connected graph whose nodes 
consisted of Gabor jets. Different graph models were 
required for facial images in different poses. The main 
drawback of this method is that it is computationally 
expensive. Hattori et al. [9] estimated the position of the 
eyes and eyebrow ridges from range and intensity im-
ages. From this information, they estimated the facial 
vertical symmetry plane and calculated the pose of the 
face from the equation of this plane. Gao et al. [10] 
presented an efficient pose recovery approach using 
locations of the two eyes and the symmetric axis of the 
face. For both [9] and [10], however, the vital feature 
detectors are inherently sensitive to noise in data or mi-
nor aberrations. Furthermore, the apparent shape of the 
individual facial features itself undergoes changes 
across the view sphere. 

In this paper, we propose an Elastic Energy Mod-
eling (EEM) approach to perform head pose determina-
tion. In 2D image context, EEM distinguishes the 
pose-induced intra-class face shape variations from the 
inter-class variations. We argue that the pose angle 
could be estimated from the information of 2D shape 
variations through building at least two EEMs. In stead 
of over-trusting some selected anchor points, this ap-
proach relies on statistical energy contributions of a 
group of elastic landmarks to handle the problem of 
feature localization error, which is inevitable in practic-
al applications with cluttered backgrounds. In the expe-
riment, the effectiveness of the proposed method is 
demonstrated by its full automation and robustness. 

 
2. Elastic Energy Models 
2.1 Motivation 

According to Hooke’s Law, the restoring force of a 
spring is proportional to the negative displacement from 
the equilibrium position of the spring: 

k= −F x ,   (1) 
where F is the force that tends to restore a spring to its 
equilibrium position, x is the displacement of the spring 
from its equilibrium position, and k is the spring con-
stant. In physics, this law describes the elastic property 
of a spring. Also, the corresponding potential energy 
can be stated as 

21
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If we consider each feature point constituting one face 
shape as a special “elastic” landmark, other shapes of 
different poses could be decomposed as a group of elas-
tic landmarks’ displacements from equilibrium positions 
(see Fig. 1). This motivates us to develop an energy 
associated elastic shape model in 2D image context, 
namely Elastic Energy Model, to describe the pose 
variations. Although physics-based models have been 
employed to analyse facial images in the early work 
[11], they were mainly developed to model 3D human 
facial tissues. 

 

Fig. 1. Displacements of elastic landmarks from 
equilibrium position (shape in red color). 

Let ( , )i i ix yθ θ=x  denote the 2D position of the 

i-th landmark corresponding to a yaw angle θ (only yaw 
rotation is considered here for simplicity). When this 
landmark “moves” from equilibrium position 

0 0
( , )i i ix yθ θ=x  to a different position 

1 1
( , )i i ix yθ θ=x  

due to the yaw rotation from angle θ0 to θ1, this move-
ment is similar to a spring stretch/compression (corre-
sponding to left/right rotation) exerted by an external 
force 

)(
0110 )( θθθθ iiii k xxF −−=→ ,  (3) 

where ki is the “spring constant” of the i-th landmark, 
and we name it as elastic constant. Similarly, the poten-
tial energy associated to this external force is 
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Fig. 2. Interface and Intraface shape variations (Red 
arrows denote intraface shape deformation). 

Considering the entire face shape, all landmarks’ 
potential energies are added together to represent a 
global deformation of the model caused by the intraface 
variation. However, the simple summation is appropri-
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ate only when both two face shapes of angle θ0 and θ1 
refer to the same person. Otherwise, the calculated 
summation will include confounded energies from both 
interface and intraface shape deformations (Fig. 2). 

Based on the symmetric property of the human 
face [12], in this paper, all the landmarks constituting 
one face shape are first divided into two symmetric 
groups (Fig. 3a). The potential energy caused by the 
interface shape deformation could then be eliminated 
through considering only every pair-wise energy dispar-
ity (Fig. 3b). With the yaw rotation only, the global po-
tential energy resulted from intraface shape deformation 
EI is the summation of all pair-wise energy disparities of 
a set of landmarks’ horizontal displacements: 
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where N is the total number of landmarks constituting 
the face shape, and the i-th landmark symmetrically 
corresponds to the j-th landmark. Since the elastic con-
stant ki is a constant, the potential energy is therefore a 
quadratic function of 2D shape displacements. 

 

Fig. 3. Energy separation between two types of vari-
ations: (a) landmark grouping (the blue line divides 
landmarks into two symmetric groups); and (b) 
pair-wise energy disparity (displacements of red ar-
rows symmetrically correspond to those of blue ar-
rows). 

2.2 Pose Estimation 
We develop a multi-EEM based method to esti-

mate the yaw rotation of a human face. The reason of 
using multiple models is two-folded. First, EI could not 
be directly calculated using only one EEM due to the 
unknown elastic constants. Second, it is difficult to give 
EI an explicit function of the pose angle θ. Ideally we 
may interpolate this function using two or more EEMs. 
In this section, we deal exclusively with two models of 
yaw pose θ1=0 (frontal view) and θ2=θ* (left/right yaw 
angle θ*), though it is easy to extend to more views if 
necessary. Specifically, the equilibrium positions of 
these two models correspond to the frontal status and 
left/right yaw angle θ* respectively. We assume that the 
energy functions associated with these two model views 
can be described as quadratic functions of yaw angle: 
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Let e1 and e2 denote the two potential energies spent on 

deforming the two EEMs to the target shape, and (6) 
can be further described as 

2
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Note that the two models come from the same person, 
i.e. ω1 = ω2, the yaw pose can then be calculated di-
rectly (suppose e1, e2 > 0): 
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Although the direct calculation of any of above poten-
tial energy is not available, we can find ways to estimate 
their ratios, e.g. it makes sense to assume that each elas-
tic landmark contributes evenly to the overall energy. 
 
3. Implementation and Experiments 

To implement the Multi-EEM based pose estima-
tion, we apply a variant of Active Shape Model (ASM) 
[13], considering its remarkable efficiency for 
shape-detecting task. Although ASM has been widely 
applied in various research fields, most approaches only 
care about its final matching results, ignoring the pre-
ceding searching steps that contains useful information. 
In our implementation, the searching and adjusting pro-
cedures of ASM are signified as a deformation process 
of an EEM. During the matching process, the potential 
energy corresponding to the EEM is accumulated at the 
end of each searching iteration. 

 
3.1 Active Shape Model 

Based on statistical models, ASM is one of the best 
approaches for shape detection. The advantage of ASM 
is that it allows for considerable variability but still spe-
cific to the class of objects or structure they intend to 
represent. In ASM, the derivative profile, or local tex-
ture along the normal of the shape boundary, is ex-
ploited to model the local feature of each landmark 
point, and used to search each landmark position. Then 
the global shape models are applied to adjust the local 
search result based on the statistical shape model. 

Given a set of annotated images, the manually la-
beled n landmark points in each image can be 
represented as a vector 

0 1 1 1 1[ , , , , , , ]T
0 n nx y x y x y− −=x  . (9) 

After aligning these vectors into a common coor-
dinate, PCA is applied to get a set of orthogonal basis P. 
Every aligned shape can then be approximately 
represented as 

≈ +x x Pb ,  (10) 
where b is the shape parameters vector. Meanwhile, a 
normalized derivative profile is used to build the local 
texture models for each landmark. The similarity be-
tween a normalized derivative search profile gs and the 
model profile ĝ can be measured by its Mahalanobis 
distance, which is a weighted square error function 
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1( ) ( ) ( )T
s s g sf −= − −g g g C g g ,      (11) 

where Cg is the covariance matrix of the normalized 
derivative profile. 

Based on the Point Distribution Model (PDM) and 
the gray level model, the search progress can then be 
operated. After initialization, each landmark in the 
model is optimized by selecting the point with a mini-
mum distance mentioned above in the direction perpen-
dicular to the contour within a certain range. As the 
result of new shape is possibly implausible, PDM is 
used to adjust the shape parameters. Such procedure is 
repeated until no considerable change is observed. 

 
3.2 Elastic Bunch Graph Matching 

The EBGM algorithm [14] showed competitive 
performance and ranked top in the FERET evaluation 
[15], demonstrating the successful application of Gabor 
wavelets for face representation. This section gives brief 
description of EBGM for background knowledge. The 
fundamental part of the EBGM algorithm is Gabor 
wavelet, which is a planer sinusoid multiplied by a 
Gaussian envelope. Daugman [16] pioneered the 2-D 
Gabor wavelet representation in computer vision in 
1980’s. A family of complex-valued 2-D Gabor kernel 
functions can be expressed as 
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We employ 5 frequencies 0, ,4v =   and 8 orienta-

tions 0, ,7u =   with index 8j u v= + . Given a pixel 

x


 in an image with gray-level ( )I x


, a convolution 

process 
2( ) ( ) ( )j jJ x I x x x d xϕ′ ′ ′= −

    
 (14) 

will produce 40 complex coefficients. This collection of 
40 Gabor coefficients obtained for every single image 
point is referred to as a jet, which is used to represent 
the local features. As a complex number, a jet can be 
written as 

exp( )j j jJ a iφ= ,  (15) 

where magnitudes ( )ja x
  vary slowly with position and 

phases ( )j xφ   rotate at a rate approximately determined 

by the spatial frequency 
jk


 of the kernels. When we 

obtain many jets referring to the same feature point in 
different images, this set of jets is called a bunch. 

To measure the similarity for two jets, two similar-
ity functions are applied. The first one is magnitude 
similarity measure, which does not use the phase infor-
mation: 
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It only computes the similarity of the energy of the fre-
quencies and thus varies smoothly with the change of 
the position. As it is tolerant of small displacements, 
this method can be easily confused and may result in an 
incorrect spatial feature. The second function is phase 
similarity measure: 
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which is based on the similarity of both the magnitudes 
and the phase angles. This method uses a displacement 
d


 to compensate for small shifts from the original lo-
cation, considering the phase information’s rapid 
change with the displacement. The advantage of this 
displacement estimated similarity measure is that it can 
greatly reduce the number of Gabor wavelet convolu-
tions that need to be computed by extracting one jet to 
represent the region near the landmark. To determine 
the displacement d


 between jets J  and J′ , we can 

use a two-term Taylor expansion to approximate the 
cosine term in the phase similarity function (17) by 

( )
2

2 2

[1 0.5( ) ]

,
j j j j j
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So it is possible to solve the displacement by maximiz-

ing (18). The final equation for calculating d


 is: 

1
( , ) x yy yx x

y xy xx yxx yy xy yx

d
d J J

d

Γ −Γ Φ     
′ = =     −Γ Γ ΦΓ Γ − Γ Γ     

  

(19) 
if 0xx yy xy yxΓ Γ − Γ Γ ≠ , with 

( )x j j jx j jj
a a k φ φ′ ′Φ = − , 

xy j j jx jyj
a a k k′Γ =  . 

(20) 
Equation (19) yields a straightforward method for esti-
mating the displacement between two jets taken from 
object locations close enough that their Gabor kernels 
are highly overlapping. When all five frequency levels 
are eventually used, the displacement will be estimated 
accurately and quickly [14]. 

The standard EBGM algorithm uses a 
coarse-to-fine procedure to find the landmarks and thus 
to extract from the image a graph that can maximize the 
similarity with the Face Bunch Graph (FBG), which is a 
stack-like structure that serves as a representation of 
both jets and edges information. However, this proce-
dure is a time-consuming process, because the final 
optimal image graph is obtained by distorting FBG in 
various sizes and positions over the entire image region; 
this actually needs every pre-defined feature point to 
search in a large range. 
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3.3 Improved Searching Strategy in ASM 
We use EBGM searching method to refine the 

ASM searching performance so as to get more accurate 
feature localization. It seems natural to change all the 
normal-based searching strategy into EBGM algorithm 
as [17] proposed. Unfortunately, even when EBGM is 
simplified [18], it is still slower than ASM’s nor-
mal-based searching method; moreover, experiments 
show that EBGM algorithm does not always perform 
better than the normal-based searching method in some 
outlying points along the image border [19]. 

Under this condition, we sort the face landmarks 
(Fig. 4) into contour points and inner points; the inner 
points are further separated into several groups based on 
the distribution of salient features in a face region. Fig. 
4(b) shows an example of six groups of inner points 
corresponding to two brow areas, two eye areas, one 
nose area and one mouth area. For the contour points, 
the original normal-based searching strategy is operat-
ed; as to every group of inner points, we select two con-
trol points, which are used to control all the other inner 
points in the same group. Since these two control points 
are very important, the simplified EBGM algorithm [18] 
is utilised to refine them. To speed up the searching 
performance, we define only 11 representative control 
points (Fig. 4b) totally in all six groups. As an excep-
tion, one of the control points in the nose area is omitted, 
for it can be estimated from other control points in the 
two eye areas. 

  
(a)  (b) 

Fig. 4. Local landmarks refinement: (a) ASM can be 
easily stuck in local minima; and (b) ASM combined 
with Gabor jet based searching algorithm (red 
points refer to control points). 

After the new positions of control points are iden-
tified by the simplified EBGM algorithm, we apply an 
affine transformation to adjust other points in every 
corresponding inner group. In standard ASM matching 
process, every point along the normal of the shape con-
tour is searched to find a best one, and the accuracy of 
every searching step is very important to the final result. 
Based on the above landmark grouping and alignment, 
our algorithm reaches a compromise between computa-
tional efficiency and searching accuracy. 

The searching procedures of our algorithm are 
listed as follows: 

1) Based on a face detection result, initialise two 
starting shapes by the two model shapes. 

2) For the non-control points, use the standard 
normal-based searching method to find the required 
movements. For the control points, use EBGM based 

algorithm to search. 
3) Affine transformation is used to adjust other 

points in the same group and two new shapes will be 
obtained. Calculate additional pose and shape parameter 
changes required to move the model shape as close as 
possible to the two new shapes respectively. 

4) Update the shape and pose parameters by the 
above changes, and act on the model shape. The corre-
sponding potential energy relating to this iteration step 
is calculated and accumulated to the overall potential 
energy. 

5) Go to 2) for another iteration, until no con-
siderable change is observed. In this case, two overall 
potential energy e1 and e2 are finalised to estimate the 
pose. 

Fig. 5 gives an example illustrating the entire esti-
mation process. 

 

Fig. 5. Multi-EEM based pose estimation. (a) Input 
image (smoothed before matching) and two model 
shapes. (b) Initialization. (c) Searching. (d) Adjust-
ing. (e) Pose estimation. 

3.4 Experimental Results 
Our experiment is based on the FERET database 

[15], from which we select three subgroups (ba, bc and 
bd) that contain three poses (0º, +40º and +25º) per in-
dividual, with a total of 200 people and 600 images. For 
each of the ba and bc subgroups, we manually label 200 
images as the training data to build two PDMs, which 
are then used to do the shape alignment on subgroup bd. 
The number of the total landmarks in one face shape is 
96, among them are 11 control points. For every control 
point, the Gabor feature bunch size is 70, through ran-
domly selecting 35 from each training subgroup. 

Considering two irises can be located automati-
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cally and quickly in most existing face detection sys-
tems, we manually provide their positions in our ex-
periment. Tested on 200 images in subgroup bd, our 
system achieves an average estimated pose of 24.53º, 
within the error of 0.5º from the real angle (Tab. 1). 
Even with a greater number of subjects, the perform-
ance of our method is still comparable to the results in 
[20]. Moreover, EEM is more computationally efficient 
(the average running time on a Windows-platform PC 
with 2.8GHz CPU and 1GB RAM is less than 1 second 
per match) and also fully automated, which is different 
from [20]. 

Tab. 1. Performance of the proposed pose estimation 
method using EEM 

Pose  
Estimates 

Proposed EEM 
(200 in FERET)

Reports in [20]  
(68 in CMU-PIE) 

Average 
Estimate 

24.53º 18.1º 45.2º 

Standard 
Deviation 

4.09º 2.4º 4.5º 

True  
Angle 

25º 16.5º 45.6º 

 
4. Conclusion 

This paper presented an elastic energy model to 
automatically estimate the human face poses. From the 
context of 2D image, we obtained stable and reliable 
estimation results of the face poses by accumulating 
global landmarks’ energy contributions. The 
experimental results were promising and showed the 
effectiveness of the proposed model. With this method, 
one can automatically get a relatively robust pose 
determination of human face. We anticipate that the 
proposed approach can be applied to other HCI-related 
applications in the future. 
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