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ABSTRACT 

 
ARTICLE INFO 

In Computer vision systems head pose estimation in low resolution and gaze 

estimation are not easy tasks. Human gazing direction makes accurate classification 

difficult. Head pose estimation faces some problems for non-frontal head poses. In 

this paper, we discuss different techniques for head pose estimation. Head pose 

estimation and gaze estimation are useful in visual surveillance and Human 

Computer Interaction. Classification of frontal and non-frontal images can be done 

using head pose estimation. This information is also useful in human-to-human/scene 

interaction. In this paper, we discuss the problems in head pose estimation; head pose 

classification and present an organized survey describing the evolution of the field. 

 

Index Terms: Head pose estimation, Head pose classification, RGB-D data, Gaze 

direction. 

Article History 

Received: 8
th

 January 2017 

Received in revised form : 

8
th

 January 2017 

Accepted: 10
th

 January 2017 

Published online : 

11
th

 January 2017 

 

I. INTRODUCTION 

 

Modelling human head pose is a challenging problem in 

computer vision and signal processing. The headpose sig-

nal gives meta-information about communicative gestures, 

salient regions, crowd behavioral dynamics and tracking, 

and anomaly detection. It is helpful in close range of 

domains where eye tracking is not possible. Head pose 

estimation and gaze direction are important in many 

applications like visual surveillance, human computer 

interaction for the analysis of human behaviour. The gaze is 

nothing but the combination of head pose and eye location. 

 

Head pose estimation is the process of determining the 

orientation of human head in digital imagery. In the context 

of computer vision, the ability to infer the orientation of a 

human head relative to the view of a camera is the head 

pose estimation[1]. Head pose estimator can demonstrate 

invariance in images or image sequences. Head pose 

estimation can be applied on different algorithms for 

identification of frontal and non-frontal faces[2]. 

 

Head pose estimation and gaze direction provides 

impor-tant mete information about communication gesture, 

crowd behavioural dynamics and tracking, anomaly 

detection. Head pose estimation is important in domains 

where close-level iris/ eye tracking is not possible. Human  

 

 

 

head pose estimation can be done by using 3 degrees of 

freedom (DOF) on three dimensional co-ordinate system in 

which 3 dimensions are roll, pitch and yaw as shown in Fig. 

1 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 1. Three degrees of Freedom of human head by using roll, pitch and 

yaw[1]. 

 

Head pose estimation is linked with gaze estimation. 

It is the ability to characterize the direction and focus of a 
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persons eyes. Head pose provides a coarse indication of 

gaze that can be estimated when close level iris/eye tracking 

is not possible (like low-resolution imagery, or in the 

presence of eye-occluding objects like sunglasses)[1]. 

 

In many real life applications, automatic and robust 

algo-rithms for head pose estimation can be useful. The goal 

of systems like human-computer interfaces or a necessary 

pre-processing analysis such as identification or facial 

expression recognition is accurately localizing the head and 

its orientation. But it is a challenging task in computer 

vision community to develop fast and reliable algorithms for 

head pose estimation. To overcome such problem the recent 

development and avail-ability of 3D sensing technologies 

are useful.In the regression based approaches, head pose 

estimation problem can be solved using some parameters 

like depth data[3]. 

 

In recent years, head pose estimation can be done 

using RGB or RGB-D i. e. RGB depth data. This depth data 

can be used to enhance RGB-based head pose estimation 

and human tracking. In low resolution, using RGB-D data 

classification of human gazing direction problem can be 

solved. In this, a convolutional neural network based model 

is used for head pose estimation and classification[2]. 

 

Section II presents a survey of different methods of 

head pose estimation and head pose classification. Section 

III presents material i. e. different datasets for head pose 

esti-mation and head pose classification which is useful in 

gaze direction where close level iris/eye tracking is not 

possible. 

 

II. LITERATURE SURVEY 

 

The various methods have been developed for head pose 

estimation are as follows : 

 

A. Head Pose Estimation 

 

Evolutionary taxonomy consists of the following categories 

which describe the conceptual approaches that are used to 

estimate head pose: 

 

 Appearance Template Methods : In these methods, 

compare a new image of a head to a set of 

examples (each labeled with a discrete pose) to find 

the most similar view. 

 

 Detector Array Methods : These methods train a 

series of head detectors and assign a discrete pose 

to the detector with the greatest support. 

 

 Nonlinear Regression Methods : Nonlinear 

regression tools are used to develop a functional 

mapping from the image or feature data to a head 

pose measurement. 

 

 Manifold Embedding Methods : seek low-

dimensional manifolds. It models the continuous 

variation in head pose. New images can be 

embedded into manifolds and used for embedded 

template matching or regression. 

 

 Tracking Methods : It recovers the global head 

pose changes from the observed movement 

between video frames. 

 

 Hybrid Methods : It combines one or more of 

above mentioned methods to overcome the 

limitations inherent in any single approach[1]. 

 

For head pose estimation, the manifold must be 

modeled. A new sample is embedded into the manifold. 

This is a low-dimensional embedding and it is used for head 

pose estimation with techniques like regression in the 

embedded space or embedded template matching. Any 

dimensionality reduction algorithm can be a challenge lies 

in creating an algorithm which recovers head pose ignoring 

other sources of image variation. Principal component 

analysis (PCA) and its nonlinear kernelized version KPCA 

are the two dimensionality reduction techniques. Head pose 

estimation can be done using PCA. By projecting an image 

into a PCA subspace and comparing the results to a set of 

embedded templates. In KPCA, primary components are 

relate to pose variation[1]. 

In previous work, Robertson and Reid proposed a 

feature based vectors model on skin detection to classify 

head poses in 8 different orientations. This technique was 

extended by Benfold et al.[4]. They proposed algorithm for 

classification of head poses in low resolution and mapping 

between colours and labels. But all template based methods 

faces two problems : localize head poses in low resolution is 

difficult, another is non-frontal head poses may appear more 

similar. To avoid such problems some researchers proposed 

different feature space for representing head images. 

A Neural Network based approach was proposed by 

Stiefelhagen[5] to estimate horizontal and vertical head ori-

entation of a person from facial expressions. Non-linear re-

gression like high-dimensional manifold based approach 

was proposed to determine head pose and face images in 

various pose angles[6]. Chen and Odobez[7] proposed 

multi-level Histogram of Oriented Gradients (HOG) based 

method for head-pose and body-pose estimation in 

surveillance videos. 

On the other hand, on the HCI side of the problem 

solutions are limited to 2 meter distance from the sensor 
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along with near-frontal head-poses. An iterative closest 

point (ICP) based mesh fitting method has been proposed 

for head pose detection[8], [9]. Work on head pose 

regression has been introduced for scene and human 

interaction understanding[10]. This work focuses on head-

pose regression and interaction detection in 2D movie/ tv-

series scenes. 

Recently, manifold based metric learning methods have 

been applied to head pose estimation[11]. In other 

approaches, the spherical nature of the view manifold of 

objects is used as a strong prior for manifold learning[12]. 

Head pose estimation can be useful in many 

applications like anomaly detection, crowd behavioral 

dynamics. Head pose estimation provides a interface for 

computing. Some existing examples includes control to 

computer mouse using head pose movements, respond to 

pop-up dialog boxes with head nods and shakes or use head 

gestures to interact with embodied agents. 

 

B. Deep Learning and Convolutional Neural Network 

 

Deep learning, especially convolutional neural 

networks(CNNs) are used to learn non-linear 

representations from input data and have been especially 

successful on images[13] and audio[14]. But, this is in 

contrast to traditional computer vision pipelines like 

HOG[7]. These features would be used as input to machine 

learning framework like support vector machines (SVM) for 

achieving classification or regression. In [13], trained a 

large, deep convolutional neural network is used to classify 

the 1.2 million high-resolution images in the ImageNet in 

1000 different classes[15]. 

On the other hand, CNNs are supervised, discriminative 

and have mostly surpassed the Deep Belief Networks(DBNs) 

in terms of accuracy on large labelled datasets like the 

Imagenet[13]. CNNs are deep models which belongs to 

fully connected networks. CNNs are also applied in multi-

modal RGB-D domains. In [15], author introduced a fusion 

of RGB-D channels and transfer learning for initialisation of 

the weights of the green, blue and depth channels with 

filters learned from the depth channel. But this form of early 

fusion is not very helpful. RGB-D networks are generally 

trained with late fusion[16], [17]. 

CNNs are used to train large scale labelled training data. 

The number of parameters in the convolution layers are 

orders of magnitude lower than the fully connected layer. 

Separate CNN will be trained on RGB and depth 

modularities based on the architecture. Networks will be 

modified by changing 

Rectified Linear Unit non-linearities (RELU) with 

Parametric Rectified Linear Unit (PRELU) and their 

corresponding weight initialization. 

 

 

III.MATERIALS AND CLASSIFICATION METHODS 

 

A. Materials 

 

Material refers to the datasets used in different papers. 

There are many data sets for evaluating head pose 

estimation which are mentioned below. 

 

1) Oxford town centre dataset 

 

Oxford town centre dataset provides higher resolution 

images that were up to 20 pixels in diameter. For these 

images, classifiers are based on gradient histograms and 

colour differences were robust to small errors in the head 

location. When combined with tracking, both the locations 

and gaze directions of pedestrians could be estimated in 

real-time[18]. 

 

2) BIWI Kinect head-pose dataset 

 

The database contains 24 sequences acquired with a Kinect 

sensor. 20 people (some were recorded twice - 6 women and 

14 men) were recorded with turning their heads, sitting 

infront of the sensor, at one meter of distance. For each 

sequence, the corresponding .obj file represents a head 

template of the neutral face of that specific person. For each 

frame, a rgb.png and A depth.bin files are provided, 

containing color and depth data[19]. 

 

3) Caviar shopping centre dataset 

 

The CAVIAR head pose dataset is resized to 50 50 pixels, 

come from a set of sequences which have 1500 frames on 

average, acquired from a real surveillance camera located in 

a shopping centre in Lisbon. The dataset is composed by 

non-occluded head images for a total number of 21326 

examples and 366 occluded examples[20]. 

 

4) HIIT Head Orientation dataset 

 

The HIIT dataset contains 6 classes and 2000 examples. The 

size of the samples is 50x50 pixels, without margin around 

the heads. Dataset has a stable background and no 

occlusions, so that it represents the ideal scenario[21]. 

 

5) Multi-PIE Face Database 

 

In CMU Multi-PIE face database 337 people recorded in 

four sessions over the span of five months whivh contains 

more than 750,000 images. Subjects were imaged under 15 

view points and 19 illumination conditions and it displays a 

range of facial expressions. High resolution frontal images 

were acquired in this datadase. In total, the database 
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contains more than 305 GB of face data. The Content page 

describes the database in more detail[22]. 

The datasets also vary in resolution from very high 

(BIWI) to very low (Caviar). 

 

B. Head Pose Classification 

 

Classification of Head poses can be done under the different 

class labels. One of the above dataset is used for head pose 

classification. Different classification methods are as 

follows : 

 

 K-clusters Regression Forests : 

 

This method is based on the standard random forests for 

regression. It introduces more flexible node split algorithm. 

The splitting rule of K-cluster Regression Forests at each 

node consists of clusters of training samples as multiple 

groups and learns the decision function to distinguish the 

samples in the same cluster from others as a classification 

problem. It splits data using the predicted cluster label by 

the trained classifier[23]. 

 

 Multivariate Label Distribution (MLD) : 

 

This is a recently proposed classification method. It captures 

the correlation between neighboring poses in the label space. 

Based on standard Label Distribution Learning (LDL), 

Multivariate Label Distribution is extended to model the 

two-dimensional output of head pose estimation (i.e., yaw 

and pitch angles of head viewing direction). MLD can be 

treated as multi-label learning with correlated labels[24]. 

 

 Support Vector Machines (SVM) : 

 

SVM is widely used classifier and it separates the classes 

with a largest possible distance between them. It is used 

together with the kernel trick that implicitly maps the data 

into a high dimensional kernel space and also the linear 

kernel is widely used with large data sets[25]. 

 

 Artificial neural networks (ANN) : 

 

ANNs are powerful, nonlinear models and can learn 

complex relationships between variables. This network is 

used in various machine learning problems including image 

recognition and optical character recognition. ANN treats 

the multi-label encoding of the classes in a straight-forward 

manner and does not require any multi-category heuristics. 

The neural network topology consists of 2 hidden layers 

having 200 and 70 neural units respectively with sigmoid 

activation functions. The output is a softmax layer of size 

22[26]. 

 

Deep Belief Networks (DBN) are used when unsupervised 

data is used for classification. Convolutional neural 

networks (CNNs) are used for classification of supervised 

and discriminative data[13]. CNNs have also been applied 

in the multimodal RGB-D domain. RGB-D networks are 

trained with late fusion and modalities are learned 

separately and combined in the classifier phase[15]. 

  

 
 

 Ensemble Methods and Stacked Generalization : 

 

Stacked generalization is a tool. This tool have a classifier 

and it is used to train a pool of classifiers and feed their 

outputs to a predictor. Predictor is used as randomized trees 

classifier is trained on the training data with augmented 

features. A separate models are trained using yaw and pitch 

angles. Table 1 shows the effect of stacking in terms of 

Public MAE and Private MAE for the individual models and 

the stacked ensemble[27]. 

 

 

C. Gaze Estimation Methods 

 

The different gaze estimation methods are available as 

follows : 

 

 Geometric based methods 

 

These methods depend on the detection of local features. In 

most of the methods gaze annotated samples are collected 

and used to determine user specific parameters describing 

the eyeball geometry or a direct mapping to the point of 

regard. IR illumination and sensing are methods in this 

category. These methods are useful in face motion captures 

and eye tracking. Recent methods apply a similar techniques 

to RGB-D data[28]. 

 

 Appearance based methods 

 

In these methods, direct mapping method is modelled from 

full eye image to gaze parameters. It is useful in low-

resolution gaze sensing. These approaches avoid the local 

features tracking. In [29] author proposed a method and 

used to train a Support Vector Regression (SVR) model 

using the stacked eye image pixels and the appearance 

feature vector are used. 
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 Head pose invariant gaze estimation 

 

This approach is used to rectify the eye images into a 

canonical (frontal) head viewpoint and scale regardless of 

the actual head pose by exploiting the calibrated RGB-D 

input data, and the gaze estimation is done in canonical view. 

In addition to this, 3D Morphable Model (3DMM) is 

introduced to create a user-specific 3D facial template and 

generate a large variety of possible face shapes using a 

relatively small set of coefficients[30]. 

 

 Person invariant gaze estimation 

 

In this method, Person invariant classifier is used when 

training data is not available for the test subject to learn an 

appearance to gaze regression model. The cross-user eye 

image alignment problems are solved by using Person 

invariant gaze estimation[30]. 

 

IV. CONCLUSION 

 

Head pose estimation is process to recover 

information gap between people and computers. Human 

activity gives information about intent, motivation, people‟s 

attentio i the world. Most of the head pose estimation 

techniques faces the problem due to lighting, background 

and camera, etc. Viewing the progress in head pose 

estimation in real life. In recent years, people have become 

much more aware of the need for comparison metrics which 

emphasize pose variation than image variation. The 

different methods are used for head pose estimation like 

appearance based methods, hybrid methods, model-based 

tracking and so on. These methods will require standard 

datasets to understand the potential of dataset. 

Head pose estimation is also a challenging task in 

low reso-lution and/or using frontal and non-frontal head 

poses. Human attention modelling and head-pose estimation 

can be done using low-resolution and high-resolution in 

various domains using different methods. Head pose 

estimation systems will play a key role in the creation of 

intelligent environments. Head pose classification methods 

are used to classify head pose images. It is useful in human 

gazing direction. Using gaze estimation human-

human/scene interaction detection can be achieved. Gaze 

directions are useful in anomaly detection, crowd 

behavioural dynamics, group detection and a scene based on 

focus of attention. 
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