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ABSTRACT 
Estimating the head pose of a person provides important cues concerning visual focus of attention. Applications such as, human-

computer interacting model and driver monitor system. In this paper, we present to estimate the head pose from different angles. 

The estimation of head pose angles from a single 2D face image using a 3D face model morphed from a suggestion face model. A 

reference model refers to a 3D face of a person of the same ethnicity and gender as the query subject. The proposed algorithm able 

to estimate the various head pose angles such as nodding, shaking, tilting, yaw, pitch and roll with performed query face image. To 

estimate head pose from an input image, the detection of specific facial features are important. Therefore, in this work the 

locations of both eyes and nose are used to estimate head pose. For facial feature detection from the detected facial region, Haar-

like feature is utilized along with AdaBoost learning. Then the Haar-like features are mapped with optimized parameters of 

reference 3D model.The 3D face model is morphed from a reference model to be more specific to the query face in terms of the 

depth error at the feature points. Optimal depth parameters are create by minimizing the distance between the 2D features of the 

query face image and the matching features on the morphed 3D model projected onto 2D space. The proposed method able to 

measure various head poses with expected accuracy. 

 

KEYWORDS:  Haar-like feature extraction,3D face model morphing ,Feature mapping, Projection optimization, Head pose 

angle estimation. 
  

INTRODUCTION 
 

The head pose of a person provides important cues regarding visual focus of attention. Applications such as 
video surveillance, Driver monitoring system, intelligent  environments and human interaction modeling require 
head pose estimation from low-resolution face images[1]. Head pose estimation is considered as the first step in 
several computer vision systems, such as, face identification, head gesture recognition, gaze recognition, driver 
monitoring, etc. In face recognition, for instance, variations in head pose as well as illumination changes can 
significantly decrease the performance of face recognition [2] . Head pose estimation plays an important role in 
gaze estimation , where the gaze direction is determined by a combination of the deviation of the pupil center 
from the eye center  and the head pose angles. 

There have been two major approaches to head pose estimation from a single 2D face image[4]: 
appearance-based and feature-based. Appearance-based approaches attempt to match a portion of the image 
containing the face to similar face images in the database to estimate the head pose. In this approach, head pose 
estimation becomes a pattern classification  problem. It can  compares a query image of the face to a set of face 
images with known pose angles stored in the database. The head pose of the query face image is determined by 
the pose of the best matched image in the database. Appearance based techniques work with low-resolution 
images, but only a finite number of predefined pose angles can be estimated . Feature-based approaches estimate  
the head pose from correspondences between the features of a face image and those on a 3D face model. 
Feature-based approaches find reasonably accurate head pose estimates for all six head pose angles, i.e., 
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nodding, shaking, tilting, yaw, pitch and roll. The methods proposed by extract a set of features on a face image 
to fit the features onto a 3D face model. The head pose is estimated by the amount of rotation during th
process. The performance depends on the accuracy of a 3D face model representing the subject. Feature
methods often require a computationally expensive fitting process as more 3D model templates are added to the 
set of exemplar 3D models. 

This paper presents estimation of head pose angles from a single 2D face image using a 3D face model 
morphed from a reference face model. A reference model refers to a 3D face of a person of the same ethnicity 
and gender as the query subject. In case more f
the reference 3D model can be morphed for more accurate model fitting. The use of depth parameters simplifies 
the morphing process to allow local deformation at each facial feature point for ac
The proposed algorithm able to estimate the various head pose angles such as nodding, shaking, tilting, yaw, 
pitch and roll with performed query face image. To estimate head pose from an input image, the detection of 
specific facial features are important. Therefore, in this work the locations of both eyes and nose are used to 
estimate head pose. For facial feature detection from the detected facial region, Haar
along with AdaBoost learning. Then the Haar
3D model. The 3D face model   is morphed from a reference model to be more specific to the query face in 
terms of the depth error at the feature points.
between the 2D features of the query face image and the corresponding features on the morphed 3D model 
projected onto 2D space. The proposed method able to measure various head poses with expected accuracy.

The paper is illustrated by the following schema. Section II discusses background information. Section III 
derive the literature survey. Section IV discuss the proposed system. In section V, experiments are designed to 
compare the proposed method. Section VI describes the conclusion

 
Background Information: 

A two-dimensional image processing program is made to work on 2D images as an alternative of 3D 
images, which have different axes. One task of 2D image processing is to control an image, either through a 
filter or by performing some other change to the image. One more part of 2D image processing is to evaluate an 
image, which can be as specific as a pixel analysis or a broader color or brightness analysis.

3D image processing is the technique by which a 2D image becomes a 3D image
building. To create the image, 3D image processing starts with an object’s mesh skeleton, which contains  many 
different lines and volume data to be correctly represent the 3D space. After the model is built, it is rendered and 
many different 2D views are captured to create the 3D effect.

Yaw angle is a rotation around an axis from a head top through a neck center. Pitch is a rotation angle 
around an axis from side to side both ears. Roll is a rotation angle around an axis of the nose f
and back of the head. The shaking is turned left and right along 
succession. A nod of the head is a 
along the sagittal plane. Tilt angle move or cause to move into a sloping position.

 

 
 

 
(d)                                 (e)                               (f)

 
Fig. 1: The six degrees of freedom of the head pose. (a) roll angle (b) pitch angle (c) yaw angle (d) shaking (e) 

nodding and (f) tilting. 
 
Figure 2 consists of 15 sets of images. Each set contains of 2 series of 93 images of the same person at 

different poses. There are 15 people in the database, wearing glasses or not and having different skin color. The 
pose, or head direction is determined
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nodding, shaking, tilting, yaw, pitch and roll. The methods proposed by extract a set of features on a face image 
to fit the features onto a 3D face model. The head pose is estimated by the amount of rotation during th
process. The performance depends on the accuracy of a 3D face model representing the subject. Feature
methods often require a computationally expensive fitting process as more 3D model templates are added to the 

his paper presents estimation of head pose angles from a single 2D face image using a 3D face model 
morphed from a reference face model. A reference model refers to a 3D face of a person of the same ethnicity 

In case more face images with known pose of the query subject are available, 
the reference 3D model can be morphed for more accurate model fitting. The use of depth parameters simplifies 
the morphing process to allow local deformation at each facial feature point for accurate 3D model building. 
The proposed algorithm able to estimate the various head pose angles such as nodding, shaking, tilting, yaw, 
pitch and roll with performed query face image. To estimate head pose from an input image, the detection of 

al features are important. Therefore, in this work the locations of both eyes and nose are used to 
estimate head pose. For facial feature detection from the detected facial region, Haar-
along with AdaBoost learning. Then the Haar-like features are mapped with optimized parameters of reference 

The 3D face model   is morphed from a reference model to be more specific to the query face in 
terms of the depth error at the feature points. Optimal depth parameters are found by mi
between the 2D features of the query face image and the corresponding features on the morphed 3D model 
projected onto 2D space. The proposed method able to measure various head poses with expected accuracy.

the following schema. Section II discusses background information. Section III 
derive the literature survey. Section IV discuss the proposed system. In section V, experiments are designed to 
compare the proposed method. Section VI describes the conclusion. 

dimensional image processing program is made to work on 2D images as an alternative of 3D 
images, which have different axes. One task of 2D image processing is to control an image, either through a 

ome other change to the image. One more part of 2D image processing is to evaluate an 
image, which can be as specific as a pixel analysis or a broader color or brightness analysis.

3D image processing is the technique by which a 2D image becomes a 3D image
building. To create the image, 3D image processing starts with an object’s mesh skeleton, which contains  many 
different lines and volume data to be correctly represent the 3D space. After the model is built, it is rendered and 

fferent 2D views are captured to create the 3D effect. 
Yaw angle is a rotation around an axis from a head top through a neck center. Pitch is a rotation angle 

around an axis from side to side both ears. Roll is a rotation angle around an axis of the nose f
The shaking is turned left and right along the transverse plane frequently in quick 

 gesture in which the head is tilted image in alternating up and down arcs 
Tilt angle move or cause to move into a sloping position. 

 

(d)                                 (e)                               (f) 

The six degrees of freedom of the head pose. (a) roll angle (b) pitch angle (c) yaw angle (d) shaking (e) 

Figure 2 consists of 15 sets of images. Each set contains of 2 series of 93 images of the same person at 
different poses. There are 15 people in the database, wearing glasses or not and having different skin color. The 
pose, or head direction is determined by 2 angles (h,v), which varies from -90 degrees to +90 degrees. Here is a 
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nodding, shaking, tilting, yaw, pitch and roll. The methods proposed by extract a set of features on a face image 
to fit the features onto a 3D face model. The head pose is estimated by the amount of rotation during the fitting 
process. The performance depends on the accuracy of a 3D face model representing the subject. Feature-based 
methods often require a computationally expensive fitting process as more 3D model templates are added to the 

his paper presents estimation of head pose angles from a single 2D face image using a 3D face model 
morphed from a reference face model. A reference model refers to a 3D face of a person of the same ethnicity 

ace images with known pose of the query subject are available, 
the reference 3D model can be morphed for more accurate model fitting. The use of depth parameters simplifies 

curate 3D model building. 
The proposed algorithm able to estimate the various head pose angles such as nodding, shaking, tilting, yaw, 
pitch and roll with performed query face image. To estimate head pose from an input image, the detection of 

al features are important. Therefore, in this work the locations of both eyes and nose are used to 
-like feature is utilized 

ike features are mapped with optimized parameters of reference 
The 3D face model   is morphed from a reference model to be more specific to the query face in 

Optimal depth parameters are found by minimizing the distance 
between the 2D features of the query face image and the corresponding features on the morphed 3D model 
projected onto 2D space. The proposed method able to measure various head poses with expected accuracy. 

the following schema. Section II discusses background information. Section III 
derive the literature survey. Section IV discuss the proposed system. In section V, experiments are designed to 

dimensional image processing program is made to work on 2D images as an alternative of 3D 
images, which have different axes. One task of 2D image processing is to control an image, either through a 

ome other change to the image. One more part of 2D image processing is to evaluate an 
image, which can be as specific as a pixel analysis or a broader color or brightness analysis. 

3D image processing is the technique by which a 2D image becomes a 3D image, usually from model 
building. To create the image, 3D image processing starts with an object’s mesh skeleton, which contains  many 
different lines and volume data to be correctly represent the 3D space. After the model is built, it is rendered and 

Yaw angle is a rotation around an axis from a head top through a neck center. Pitch is a rotation angle 
around an axis from side to side both ears. Roll is a rotation angle around an axis of the nose from end to end 

plane frequently in quick 
in which the head is tilted image in alternating up and down arcs 

 

The six degrees of freedom of the head pose. (a) roll angle (b) pitch angle (c) yaw angle (d) shaking (e) 

Figure 2 consists of 15 sets of images. Each set contains of 2 series of 93 images of the same person at 
different poses. There are 15 people in the database, wearing glasses or not and having different skin color. The 

90 degrees to +90 degrees. Here is a 



229   Balaambikha R and Thomas Paul Roy A., 2016/ Advances in Natural and Applied Sciences. 10(6) Special 2016, Pages:  

             227-233 

 

sample of a series of 93 images of the same person at various poses. Subjects are 20 to 40 years old. Five people 
have facial hair and seven are wearing glasses.  

 

 
 

Fig. 2: Various Head Poses 
 
It is both a challenge and our goal to organize all of the varied methods for head pose estimation. The 

approach considered as a functional taxonomy that organized each method by its operating domain. This 
methods that require stereo intensity information systems that require only monocular video. The approaches 
that require a near-field view of a person head from those that can adjust to the low resolution of a far-field 
view. The important consideration is the degree of mechanism that is provided by each system. Our 
evolutionary classification consists of the following eight categories that explain the conceptual approaches that 
have been used to estimate head pose [12]: 

Active Appearance Template Methods compare a new image of a head to a set of exemplars in order to find 
the most similar view. 

 Head Detector Array Methods train a series of head detectors used to a specific pose and assign a discrete 
pose to the detector with the greatest support. 

Regression Methods use nonlinear tools to develop a well-designed mapping from the image or feature data 
to a head pose dimension. 

 Manifold Embedding Methods seek low-dimensional manifolds that model the continuous variation in 
head pose. Images can be fixed into these manifolds and then used for embedded shape matching or regression 
[17]. 

Feature Models fit a non-rigid replica to the facial structure of each individual in the image plane. Head 
pose is projected from feature-level comparisons or from the instantiation of the model parameters [18]. 

 
Literature Survey: 

The head pose of a person provides important cues regarding visual focus of attention. Applications such as 
video surveillance, Driver monitoring system, intelligent environments and human interaction modelling require 
head pose estimation from low-resolution face images. The estimation of head pose angles from a single 2D 
face image using a 3D face model morphed from a reference face model. A reference model refers to a 3D face 
of a person of the same ethnicity and gender as the query subject. In case more face images with known pose of 
the query subject are available, the reference 3D model can be morphed for more accurate model fitting. The use 
of depth parameters simplifies the morphing process to allow local deformation at each facial feature point for 
accurate 3D model building. To estimate the various head angles such as nodding, shaking, tilting, yaw, pitch 
and roll. After normalization of the 2D and 3D feature points, spatial diversions are found to be substantially 
small compared to the depth variation. Optimal depth parameters are found by minimizing the difference 
between the 2D features of the query face image and the corresponding features on the morphed 3D model 
projected onto 2D space. There are many techniques and methods used to estimate various head pose angles that 
are predefined is the following subsection. 

Appearance-based approaches attempt to match a portion of the image containing the face to similar face 
images in the database to estimate the head pose. In this approach, head pose estimation becomes a pattern 
classification problem. A query image of the face to a set of face images with known pose angles stored in the 
database Matthews et al [5]. The head pose of the query face image is determined by the pose of the best 
matched image in the database. Appearance based techniques work with low-resolution images, but only a finite 
number of predefined pose angles can be estimated. It represent a face image in a low dimensional space and 
then use classification or regression to determine the head pose of the subject.  

Feature based  approaches use the entire image of the face to estimate head pose. The principal advantage 
of global approach is that only the face needs to be located. No facial landmark, or face model are required. This 
approache can accommodate very low resolution images of the face Matthews et al [6]. Pattern matching is a 
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popular method to estimate head pose. The best model is found via a nearest- neighbour algorithm, and the pose 
associated with this pattern is selected as the best pose. Template matching can be performed using Gabor 
Wavelets and Principle Components Analysis or Support Vector Machines but these approaches tend to be 
sensitive to alignment and are dependent on the identity of the person. Neural network also used for head pose 
estimation [16]. 

Head pose estimation is the process of inferring the point of reference of a human head from digital imagery 
I. In a computer vision context, head pose evaluation is the process of inferring the orientation of a human head 
from digital imagery. Head pose is highly associated with the attention of a human operator to a specific object 
in the surroundings. The capacity to estimate the head pose of a different person is a common human ability that 
presents a unique challenge for computer vision systems [13]. Estimating head pose of a human subject has been 
important in computer vision because of its importance in many applications such as face recognition, eye gaze 
tracking, and human-computer interaction.  Most of the existing system designed for estimates the specific head 
pose angles such as   nodding, shaking, and tilting[14]. Efficient system is needed for estimate various head pose 
angles such as nodding, shaking, tilting, yaw, pitch and roll with high accuracy. To overcome this limitations an 
adaboost learning algorithm is proposed in this  work. The proposed algorithm able to estimate the various head 
pose angles such as i.e., nodding, shaking, tilting, yaw, pitch and roll.  
 
Proposed System: 

The proposed system introduced for estimate the various head pose angles such as i.e., nodding, shaking, 
tilting, yaw, pitch and roll. To estimate head pose from an input image, the detection of specific facial features is 
important. Since, in this work the locations of both eyes and nose used to estimate head pose.  Haar-like feature 
and AdaBoost learning algorithm used to detect such facial features rather using pixel directly. Haar-like feature 
originated from the Haar basis functions. Selecting effective features for the adaboost learning based algorithm 
is used. The use of depth parameters simplifies the morphing process to allow local deformation at each facial 
feature point for accurate 3D model building. The 3D face model used is morphed from a reference model to be 
more specific to the query face in terms of the depth error at the feature points. Head pose angles are estimated 
by minimizing the disparity between the features on the query face image and the corresponding points on the 
3D face model projected onto the 2D space. Optimal depth parameters are found by minimizing the distance 
between the 2D features of the query face image and the matching features on the morphed 3D model projected 
onto 2D space. Finally find out the various head pose angles such as yaw, roll, tilting, shaking, nodding, pitch 
with better accuracy. The Architecture of head pose estimation is shown in figure 3. 

 

 
 Fig. 3: Architecture of head pose estimation 

 
A. Facial feature recognition: 

Given a detected face in the image, the distinctive facial features such as, eye corner, nose tip, mouth corner 
and ear are localized within the corresponding bounding box. To focus the search for a feature to a small region 
of the face which  is most likely to contain the particular feature. 
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B. Haar-like feature extraction: 
The face is an important part of human analysis that varies from individual to individual, but can be located 

with the use of certain context information. Facial feature recognition methods classified into two: local and 
global methods. In local method, each face part like eyes, mouth and nose detected separately while in global 
technique all facial parts detected equally and a model based on the relative position of these features is 
constructed. To estimate head pose from an input image, the detection of specific facial appearance is important. 
Because, in this work the locations of both eyes and nose used to estimate head pose. Haar-like feature and 
Adaboost learning algorithm to detect such facial features rather using pixel directly. Haar-like feature originate 
from the Haar basis functions that have been used by Papageorgiou et al., [9]. 

A Haar-like feature takes into adjacent rectangular region at a exact location in a window, sum up the pixel 
intensities in each region and calculates the disparity between these sums. After the difference used to categorize 
the subsections of an image, This features can capture the intensity gradient at different locations, spatial 
frequencies and directions. The value of simple rectangle feature defined as the disparity of the sum of pixels of 
areas inside the rectangle, which can be at any position and scale within the detected face image, this rectangle 
feature can be computed very quickly by using summed area table called integral image [10]. 

The possible wavelets in the candidate area are hugely numerous. It is inefficient to produce a classifier 
using all possible wavelets as features. Selecting successful features for detection is necessary. Haar-like 
features, computed according to the following equation(1): 
 
ii(x,y) = ∑ �(� ,, � , �,	�,
,	
 )                                 (1) 

 
Where ii(x, y) is the integral image at pixel site (x, y), and i(x', y') is the original image. Calculation of the 

sum of a rectangular area in the original image is extremely efficient, requiring only four additions for any 
arbitrary rectangular size. The feature values are calculated by using Adaboost classifier to recognize facial 
features such as eyes and nose. It can compute using the following equation(2): 

 ∑  ��(�, �� − ��(� + ��(����(����(��    (�,
������               (2) 
 

C.  Adaboost learning algorithm: 
AdaBoost learning used to train the classifier as well as to select a small set of features. When used in its 

real form, AdaBoost learning function boosts the performance of a simple learning algorithm. Haar-like features 
are based an Adaboost effectively learn to construct the best informative weak classifiers from a great number of 
diverse faces and the convergence of Adaboost also preserved by the robustness. When the face is detected, the 
facial features are recognized by using this algorithm which was originally developed to detect face. 
 
D. 3d Model and Parameter optimization: 

According to the rotation-scale-translation camera model, a projection matrix relates the coordinates of a 
point in the 3D space to its projection onto the 2D image plane. A mapping of a point (X0, Y0, Z0) in the 3D 
space onto a point (x0, y0) in the 2D image plane can be represented by the following Equation(3)  projection 
matrix P0 : 

�����1 � = P�  � ��� � ��1 
� = s  �� �  !!     "#$   "#%   &# '!     "$$   "$%   &$0      0    0        1     � �

��� � ��1 
�              (3)  

where s is a scale parameter, and t1 and t2 denote the amount of translation. Select N facial feature points 
on a 2D query face image and N corresponding facial features on the 3D model. The shape of a face can be 
described by a set of feature vectors b0 in the 2D space and the corresponding feature vectors a0 in the 3D 
space. 

 
E. Feature Mapping and Depth Morphing: 

In case more 2D face images with known pose of the query subject are available, the depth of the reference 
face model can be refined through a 3D morphing process to improve the accuracy of pose estimation. The 
reference 3D face model is rotated by the pose angles of the given training image to reduce the disparity 
between the 2D and the projected 3D feature vectors. After normalization of the 2D and 3D feature points, 
spatial deviations dx and dy are found to be substantially small compared to the depth variation dz. Only depth 
morphing is performed since the feature disparity largely comes from the mismatch in depth between the 
reference model and the query subject.   
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F. Projection Optimization: 
A set of 2D features are extracted from the query 2D face image. The corresponding 3D features are 

obtained from the depth information of the reference 3D face model at the same x- and y-coordinates as the 2D 
features. The 2D and 3D features are both scaled and aligned in the normalization step. The depth information 
of the morphable 3D face model is represented by z-coordinate of the reference model multiplied by a depth 
parameter. The depth parameter optimized to minimize the disparity between the 2D features and the projected 
3D features using a projection matrix . The reference 3D face model is morphed to a 3D face model more 
specific to the query subject using the optimal depth parameter . Then  use the morphed 3D face model and the 
query face image to find the optimum projection matrix . 
 
G. Head Pose Angle Estimation: 

Head pose angles are estimated by minimizing the disparity between the features on the query face image 
and the corresponding points on the 3D face model projected onto the 2D space. Let B be a 2× N matrix of a set 
of normalized feature vectors from the 2D query face image (Equation 4)  and A(k∗) be a 3 × N matrix of 
corresponding feature vectors normalized from a 3D face model (Equation 5) morphed from the reference model 
with the optimal depth parameters. 

 

b= * �!    �$  ……… �,�!      
$…………….�,  .                                     (4) 

A(k) * = 

/0
00
1 2!    3$  ……… 2,4!      5$…………….4,  
6!∗7!  6'∗7' … . . . 6,∗ 7,  89

99
:
                         (5) 

The head pose of the query subject is determined using the rotation matrix of the 3D face model that 
minimizes the error between the feature matrix B of a 2D query image and the 3D feature matrix A(k∗) 
projected onto the 2D space using the least-squares minimization.  

 
Experimental Result: 
A. Head pose estimation result: 

To estimate the performance of the proposed head pose estimation technique, we use the mean absolute 
error (MAE) of each angles of head pose as the evaluation metric. The pose estimation error is computed by 
averaging the difference between the ground-truth and the estimated pose angles for all images. Figure 4 shows 
pose estimation errors for different images When a 3D reference model of the original subject was used, the 
pose estimation error was the smallest. Pose estimation with reference model, being selected from a different 
ethnic group, produces the biggest estimation errors. The use of morphed reference model using a single 2D 
non-frontal image of an subject produces better results than using the reference model without morphing. 

 
 
Fig. 4: Pose estimation errors for different images 

 
Finally, we extend our detector to profile faces and discuss how the detector’s accuracy affected by poses 

variations. 
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Conclusion: 
Visual estimation of head pose is a popular computer vision applications such as face recognition, human 

computer interaction. However, accurate evaluation of head poses in an uncontrolled location is still a grand 
challenge. The head pose proposes a novel feature depiction model for accurate pose estimation. The method for 
estimation of head pose angles from a single 2D face image using a 3D face model morphed from a suggestion 
face model. A suggestion model refers to a 3D face of a person of the same group of people and gender as the 
query subject. In case more face images with known pose of the query subject are available, the reference 3D 
model can be morphed for more accurate model fitting. The use of depth parameters simplifies the morphing 
process to allow local deformation at each facial feature point for accurate 3D model building.  The proposed 
algorithm able to estimate the various head pose angles such as i.e., nodding, shaking, tilting, yaw, pitch and 
roll. To estimate head pose from an input image, the detection of specific facial features are important. 
Therefore, in this work the locations of both eyes and nose are used to estimate head pose. For facial feature 
detected from the facial region, haar-like feature is utilized along with AdaBoost learning. Head pose angles are 
estimated by minimizing the disparity between the features on the query face image and the matching points on 
the 3D face model. The proposed method successfully estimates head pose angles from a single 2D face test 
image with average errors in different angles of 8.25 and 4.68 degrees. In case a 2D face image of the query 
subject is available, the morphed 3D model estimates the head pose with the errors as low as 6.93 and 3.65 
degrees. This experimental result proves that the proposed system achieves high accuracy.  
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