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ABSTRACT

Biometric based systems are involved in many areas, from surveillance to user authentication, from au-
tonomous systems to human-robot interactions. Head pose estimation (HPE) is the task to support bio-
metric systems in which any of the biometric traits of the head is involved, as face, ear or iris. This
particular biometric branch finds its application in driver attention detection, surveillance for recogni-
tion, face frontalization, best frame selection and so on. The goal of HPE is to determine the head pose
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orientation (yaw, pitch, roll). The implemented methods use different techniques depending on the kind
of input. In this survey we present an overview of involved datasets, recent techniques and applications.
We evaluate and compare the different approaches with respect to their advantages and practical usage.
In addition, we propose a technical comparison between training and training-free techniques for the
most popular HPE methods.

1. Introduction

Head Pose Estimation (HPE) is the field that studies the rotation
angles of the head. It can be seen in different purposes: as a pre-
processing step to find the best frame to perform face recognition
in a video; as a behavioral characteristic to estimate the intent of
the subject; as a descriptor to help face frontalization and so on,
as described in this survey. The study of HPE represents a subset
of the wider biometrics field.

The choice of the biometric trait to use is mainly dictated by
two aspects: the computational resources available and the appli-
cability in terms of visible area. In this context, the advent of be-
havioral and soft biometrics has prepared the ground to the use of
alternative biometrics as the head pose. In fact, HPE can be applied
in both behavioral and soft biometrics.

Compared to the last comprehensive survey on HPE [1], in
the proposed work we take under consideration the multitude of
methods and advances born in the last years and also the impact
of recent techniques as machine learning. In addition, compared to
more recent surveys that are focused only to one kind of data [2],
or for a particular purpose [3,4], the presented survey is proposed
as an overview in datasets, methods and purpose of the recent
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techniques in HPE. The datasets we will explore are subdivided in
mainly three categories, 2D data, depth data and video. From this
starting point, we split the methods based on the type of data be-
ing processed. Section 2 introduces the fundamentals of HPE and
basic concept to study this field. Section 3 presents the datasets
in this field, and an exhaustive evaluation of their numerosity, la-
bels, and popularity in literature. In Section 4 an overview of pre-
processing techniques for HPE can be found. In Section 5 we de-
scribe recent techniques to perform HPE. In the same section, we
also provide a technical comparison between training and training-
free methods. Section 6 is focused on the application of those tech-
niques in different. Finally, in Section 7 a summary of this survey is
presented and related conclusions have been drawn. In Fig. 1 the
application fields of HPE can be observed, in particular they are
ordered by input, following the same architecture of this survey.
Comparing the methods of the last five years, in which training
techniques become so popular in this field, we can nevertheless
claim that it is not possible to generalize that their performances
are better than the performances of training-free techniques. A
more detailed graph of method can be found in Fig. 3, in Section 5.
In the same section, we will further discuss this observation on the
methods performances.

2. Head pose estimation: the basics

HPE has a behavior assimilable to soft biometrics in terms of
uniqueness. However, in terms of measurability it results stronger
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Fig. 2. On the left, the main steps of an HPE framework. On the right, pitch, yaw and roll.

than most soft biometric traits in which a subjective component
can be observed. The head rotation is observable in each individ-
ual and it is not dependent on his/her age. The acceptability of
HPE can be considered the same as the acceptability of face, or at
the most of the ear because they are the only recognition traits in-
volved. On the other hand, the shape of the face and of the head,
that is different from an individual to another, can have an impact
in HPE and its relevance depending on the particular characteris-
tics of the used method. The main step of an HPE algorithm can
be summarized as depicted in Fig. 2.

The head pose variation is measured in rotation angles. The
center of the head, or the nose if 3D data are not available, is con-
sidered the centering point of the rotation 0(0, 0, 0). The Head is
a 3-dimensional object, by nature, and therefore the possible an-
gles of rotation are 3. The axes are, by convention, represented
by the Motion Imagery Standards Board (MISB). MISB [5] as pitch,
yaw and roll. The directions of pitch, yaw and roll can be seen in
Fig. 2. If we consider the frontal view as a reference system, al-
though there is individual variation, most people are able to turn
their head +90° in yaw, £45° in roll and 4 30° in pitch. Extreme
poses of the head due to body movements (e.g. £180° in yaw) are
rarely considered, since the main scope of HPE is in most cases
face recognition. There are various ways to represent a 3D rotation,
however the most popular among the HPE datasets and algorithms

are the Euler angles, the rotation matrix and the quaternions. We
will introduce them in the followings.

2.1. The Euler angles

They were first introduced by Leonhard Euler to describe the
orientation of a rigid body in space. The Euler angles can be split in
two categories: Proper Euler angles and Tait-Bryan angles. Since, as
previously claimed, the HP rotation follows the rules of MISB, the
Tait-Bryan angles are properly used to describe the rotations. We
define as x,y and z the original axes and X,Y and Z the axes after
the rotation. The line that represent the intersection between plane
xy and YZ is called the line of nodes N. With this conventions we
can define the Euler angles as: ¢ the rotation angle between x and
N, covering a range of 277;0 the rotation angle between z and Z,
covering a range of 7r; ¥ the rotation angle between N and X, cov-
ering a range of 2.

2.2. The rotation matrix

Using the rotation matrix, the rotation respect to the axis can
be calculated using a single rotation angle & and can be defined
by three rotation matrices, one for each axes. If we define as «,
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and y, the rotations in yaw, pitch and roll, respectively, the final
rotation matrix will be

is often used to compute also the total MAE along the three axes
together.

cosaxcosfB cosasinfsiny —sinawcosy cosasinBcosy + sinasiny

sina cos B
—sin B

Since this representation could be not convenient to use, the
rotion matrix can be converted in rotation vector by the Rodrigues’
formula and we obtain:

sina sin Bsiny + cosa cos y
cos Bsiny

Vot () =vcos0 + (k x v)sinf + k(k-v)(1 —cosH) (2)

where v is a 3-D vector, k is a unit-vector describing an axis of
rotation about which v rotates by an angle 6 according to the right
hand rule, k x v is a cross product and k - v is the scalar product.

2.3. The quaternions

. They are often known as versors. Firstly introduced by William
Rowan Hamilton, are nowadays very popular among videogames
developers. Basing on the concept of complex number and com-
plex plane, we can introduce the general form to express quater-
nions as

q=S+xi+yj+zks,x,y,zeR and i,j,kin C, with (3)

i2 = j2 =k =ijk=-1and
ij=kjk=iki=jji=—kki=—iik=—j (4)

The Euler angles results to be more human understandable,
however they conduct to ambiguity problems and gimbal lock. It
means that we will have infinite solutions of pose estimation for
the same rotations that lead to an evident estimation problem. On
the other hand, quaternions do not suffer from this problem and
are simpler to compose. Compared to rotation matrix, their repre-
sentation is more compact.

If on one hand, the Euler angles result to be more human un-
derstandable, on the other hand, they conduct to ambiguity prob-
lems and gimbal lock. In particular, the gimbal lock is the lost of
one degree of freedom that occurs when two of the three axes of
the system are parallel. In particular, in the case of head pose es-
timation, if we set the yaw to 90°, pitch and roll becames parallel
(i.e. linearly dependent). It means that we will have infinite so-
lutions of pose estimation for the same rotations that lead to an
evident estimation problem.

Since different datasets may have different annotations for the
angles, the testing methods usually choose a representation and,
by the transformation formulas, they normalize the label of the
dataset accordingly.

On the other hand, there is an homogeneity in papers concern-
ing the evaluation of errors. In fact, the errors, separated in yaw,
pitch and roll, are represented by the angular values of the dif-
ferences between the estimated pitch, yaw and roll and the true
pitch, yaw and roll for each head in the data. To achieve valuable
results, the algorithms compute these three error for various heads
in data, and then the mean absolute error is computed for each
axis as:

1 -
MAE = ﬁ21:|t9j—0,4| (5)
Jj=

where 6; is the ground truth, i.e the true angular value and éj is
the prediction, i.e the predicted angular value. The same formula

sina sin B cosy — cosa siny (1)
cos B cosy

3. Datasets with HP annotations

There are basically three kinds of input data to perform HPE:
depth image, 2D images, video. For this reason we will split this
section comparing datasets with similar kinds of data. As will be
noticeable, some datasets have different kinds of data and, for the
sake of clarity, we will add them in more than one section.

3.1. Depth images

Depth images datasets contain both information about the RGB
and the depth from the same image. In the last decade many
datasets have been proposed which are useful for benchmarking
the applicability of HPE algorithms. All the characteristic of the
depth datasets are summarized in Table 1.

One of the most popular depth dataset is undoubtedly the BIWI

Kinect Head Pose Database (BIWI) [6]. BIWI contains 24 sequences
of 20 people for a total of over 15 K images recorded with a Kinect
1. The variation of the head pose is between —75° and +75° in
yaw and —60° and +60° in pitch. Faceshift has been used to an-
notate the head poses. ICT-3DHP [7] is a dataset of head pose col-
lected with the Kinect, composed of 10 RGB-D video for a total
of about 1400 frames. The lahels were nhtained 11cing a Palhemiic
FASTRACK. SASE database [
2. The total number of Subjcub 1> JU, dlU UIC dVELdEE diluulIL UL
frame per subject is 600. They provide pitch, yaw and roll using
five blue stickers placed on the face. SASE covers a range between
—75° and +75° in yaw and —45° and +45° in pitch. The ETH Face
Pose Range Image Dataset [9] has over 10 K images and 20 sub-
jects. The ground truth is provided by the 3D nose tip coordinates
and the coordinates of a vector pointing in the face direction. ETH
covers a range between —90° and +90° in yaw and —45° and +45°
in pitch. The Pandora dataset [10] was captured with the Kinect 1.
There are more than 250 K images in the dataset of 22 subjects,
five recording per subject.

3.2. 2D images

Depth dataset, despite their reliable labels, are not the preferred
input to develop and test HPE methods. This is because to ob-
tain accurate depth images, the environment is controlled and HPE
methods using only 2D RGB images are, on the contrary, conceived
and developed to solve on-the-wild problems. In the following we
will present the datasets without depth information and the way
in which they were labeled. CMU-MultiPIE [11] is a dataset of RGB

Table 1

Depth HPE datasets that contain pose annotation. The popularity of each dataset
is calculated using the amount of recent depth HPE method that use it, to the
best of our knowledge (“Pop” is for popularity, i.e. the number of papers in this
survey that use it). The methods are in Section 5.1.

Dataset Year RGB Res Depth Res  #Subj #Frms Pop
BIWI 2013 640 x 480 640 x 480 20 +15 K 23
ICT-3DHP 2012 640 x 480 640 x 480 10 1400 6
SASE 2016 1080 x 1920 424 x 512 50 +30 K 3
ETH 2008 640 x 480 640 x 480 20 +10 K 2
Pandora 2017 1920 x 1080 512 x 424 22 +250 K 2
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Table 2

2D RGB Datasets that contain Pose Annotation. The Popularity of each dataset is calculated using
the amount of recent depth HPE method that use it, to the best of our knowledge (“Pop” is for
popularity, i.e. the number of papers in this survey that use it). The methods are in Section 5.2.
nd in the number of subjects column is for “not declared”.

Dataset Year Res #Subj  #Frms Limit Pop
BIWI 2013 640 x 480 20 +15 K \ 17
CMU MultiPIE 2013 3072 x 2048 337 +750 K 15 poses 4
Pointing’04 2004 384 x 288 15 2790 NO ROLL 14
AFLW 2011  various 20 25 K \ 12
AFLW2000 2018 450 x 450 nd 2000 14
AFW 2012 various nd 205 NO PITCH 4
300W_lp 2016  various nd 61,225 \ 4
CASPEAL 2008 640 x 480 1040 99,594 27 poses 5
Youtube Faces 2011 100x100 1595 +600 K \ 2
McGill 2013 640 x 480 60 18 K NO PITCH NO ROLL 1
GOTCHA-I 2020 512 x 512 62 137,826\ 1

images on which the head position is estimated by a stereo cam-
era technique. This dataset is an extension of the previous CMU-
PIE [12] and contains more than 750 K images of 337 subjects in
13 poses, in 4 recording sessions and 6 facial expressions. Point-
ing’04 Head Pose Image Database [13] were collected using 15 sub-
jects by the PRIMA Lab. For each subject there are 2 series of 93
images, for a total of 2790 images. Roll rotation angle is not con-
templated. The dataset has a limited number of poses, in partic-
ular 9 for pitch and 13 for yaw, and their combination between
—90° and +90° degree. To obtain poses with known labels, the au-
thors have put markers in a room and ask to stare at the 93 post-it
notes without moving their eyes. The Annotated Facial Landmark
in the Wild (AFLW) [14] is a dataset of about 25 K images col-
lected from the web and, as a consequence, they have a large vari-
ation in pose, expressions, age, gender, ethnicity. This dataset pro-
vides face rectangle and the face ellipses, used in a POSIT algo-
rithm [15] to estimate the head pose. As a more accurate version
of AFLW respect to the HP, we can find AFLW2000 that include the
first 2000 images of AFLW annotated using a 3DMM fitting and
can be downloaded at [16]. The Annotated Face in the Wild (AFW)
dataset [17] was collected from Flicks images. The dataset is quite
small, containing only 205 images of about 468 faces. The 300W_Ip
Dataset [18] is expanded from 300W which includes 68 landmarks
localization. 300W_Ip collects different datasets, in particular AFW,
LFPW, HELEN, IBUG and XM2VTS. There are 61,225 images, 1786
from IBUG, 5207 from AFW, 16,556 from LFPW and 37,676 from
HELEN. The CAS-PEAL database [19] contains 99,594 images of
1040 subjects. There are 27 discrete poses in a controlled environ-
ment. The Youtube Faces database [20] is a video dataset collected
from 3425 youtube videos of 1595 subjects. There are over 600 K
extracted and annotated frames. Faces are detected with the Viola-
Jones method we will introduce in Section 4. Another video dataset
with annotated frames used for HPE is the McGill real world face
video database [21]. This dataset contains 60 real word videos of
60 subjects, recorded at 30 fps. The amount of annotated frames
are 18000. Finally, an emerging video dataset with precise HP an-
notations is GOTCHA-I [22]. GOTCHA-I was collected as video se-
quences of 62 subjects in 11 different environments, for a total
of 682 videos of people walking. There are 137,826 labeled frames
with 2223 HP per subject in the range of —40° and +40° in yaw
and —30° and +30° in pitch and —20° and +20° in roll, with a step
of 5°. In Table 2 there is a summarization of 2D datasets with HP
annotations with some main characteristics.

3.3. Videos

The video datasets are in fact sequences of annotated frames.
The majority of the datasets presented in this Section are used for

HPE with tracking purpose, in which some characteristics are es-
sential.

The UPNA Head Pose Database [23] is composed of 120 videos
of 10 subjects. Since this dataset is born for head tracking and pose
estimation, the authors collected 6 guided-movement sequences
and 6 free-movement sequences. There are 300 frames per video.
They used the initial frame of the frontal face as a keypoint to label
the head pose. The Boston University Head Pose Database [24] is
a set of videos recorded for tracking purposes, in particular un-
der different illuminations. There are a total of 72 videos, split in
two sessions of 45 videos of 5 subjects under uniform illumination
and 27 videos of 3 subjects under time varying illumination. Each
of them is 200 frames long. The Head Pose and Eye Gaze Dataset
(HPEG) [25] is created in lab conditions and consists of 20 videos
of 10 subjects. There are about 400 frames per video. The ground
truth is collected using three LEDs and tracking their positions at
each frame. In this dataset only yaw and pitch ground truth is
available. The EYEDIAP Database [26] has been collected with Gaze
Tracking purpose. They recorded 94 sessions with 16 subjects, the
scene both with the Kinect than an HD camera placed as near as
possible to the Kinect. Each video has about 4860 frames. Also the
UBIPose dataset [27] was collected using a Kinect to obtain labels.
There are 32 videos simulating a reception desk environment, but
only 22 of the 32 videos are annotated. The head pose is available
for about 10 K frames. Finally, a particular dataset composed by
video of subjects driving, is the second Strategic Highway Research
Program (SHRP2) [28]. The dataset is very wide, with over 3100
videos of the same number of subjects recorded during a period of
2 year. However, in successive studies only about 63 K frames of 41
videos have head pose annotations. Each video lasts about 15 min
and is recorded at 15 fps, but the annotated frames, as claimed be-
fore, are about 1537 per video. All of the presented datasets were
collected with the agreement of participants or by public available
data online. In the first case, it is not uncommon to need a formal
request to obtain the data.

4. Preprocessing techniques

To perform HPE, some preprocessing techniques are usually ap-
plied to find the head region or to detect some keypoint on the
face. We can categorize those techniques in three main groups:
face detection; landmark detection; 3D head modeling.

4.1. Face detection

It is a preliminary step that most HPE algorithm applies to ex-
clude other parts of the body or the scene from the analysis. For
longer, a very popular techniques has been the Viola-Jones method
[29]. However, if the head pose is extreme (more than 60°), this
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Fig. 3. Techniques used for HPE, ordered by training and training-free frameworks.

method would not succeed in finding the face location. For this
reason it was firstly preferred the combination of Histogram of Ori-
ented Gradients (HOG) and linear Support Vector Machine (SVM)
proposed in Pang et al. [30], and then learning algorithms. As an
example by training random forests [31] or deep architecture as
ArcFace [32]. Of great relevance for recent times is also the impact
of such existing detectors in the case of facial masks [33].

4.2. Landmark detection

It is a techniques that can be used after or in substitution to
face detection. We refer to facial keypoints as the location of some
particular features in the face, like the noise, the eyes, the mouth.
Some authors developed adaptive boosting methods to search this
keypoint, others used the above mentioned random forest classi-
fier or SVM. As in the case of face detection, also here, in the last
time the use of deep learning became popular. Recent CNN demon-
strates to be robust on HP variations and able to operate in real
time on webcams to detect facial landmarks [34]. For a compre-
hensive study on landmarks detection refer to Wu and Ji [35].

4.3. 3D modeling

It is the approach that aim to create a 3D model of the face to
estimate the head pose. In this case, the availability of a depth im-
age can be essential to create a realistic model. If a video is avail-
able, an adaptation process can be performed, also online, as pro-
posed by Sheng et al. [36]. This modeling can also be made by
using RGB images as proposed in Proenca et al. [37] by using an
Euclidean distance as a magnitude, or in combination with facial
landmarks as proposed in Chang et al. [38].

5. HPE techniques

Following the observations made in the previous sections, it ap-
pears that the most relevant difference between HPE techniques is
represented by the initial data. Regardless of the used methods, the
available initial data radically change the approach to the problem.
We summarized the approaches in the following sections, dividing
them by the kind of initial data. In Fig. 3 we also made a hierar-
chical representation of HPE techniques, following the huge differ-
entiation in this field, given by the presence or not of the training
methods.

5.1. Depth images

The use of depth image is undoubtedly an advantage to solve
HPE problems. However, differently from methods that use depth
information in combination with the corresponding RGB image, a
very recent method developed by Borghi et al. [10] uses only the
depth data. The above mentioned method works in real time at
30 fps and it is based on a framework called POSEidon. The depth
images are provided to a Convolutional Neural Network (CNN) that
crop the image to the head region. This data is fed at the core of
POSEidon. The pose is then estimated using CNNs that fuse the
initial and built information and returns the head pose in pitch,
yaw and roll degrees. The results are presented on BIWI, ICT-3DHP
dataset and a homemade dataset called Pandora. A successor of
POSEidon is undoubtedly the work in Borghi et al. [39], POSEi-
don*. Here, in addition, is used a Motion images as support. An-
other work on the driving scenario is [40]. In this case the focus is
to find a good HPE method with a non-invasive and calibration-
free approach. The authors used depth images from a low cost
sensor and tried to fit the head of the subject with a 3D model
to perform a tracking system. Experiments were performed in a
real-word scenario using homemade driving data composed of 2
drivers and over 4000 frames. On a different scenario but the use
of the depth data alone, we can find the work in Papazov et al.
[41]. This real time proposal for HPE introduces a triangular sur-
face patch descriptor (TSP) that relate the shapes in a 3D synthetic
modeled face with a triangular area. The depth map is matched
with the synthetic models created offline in a training phase, using
a fast nearest neighbor technique. This method has been evaluated
on BIWL In both [42-44], the landmark regression is used in an
initial step. in the first, in cascade to estimate the pose and refine
the head pose in each stage of the optimization process, testing on
BIWI and a homemade dataset called 3DFEP. In the second, they
explain the rotation effects by the use of tensor decomposition and
trigonometric functions to obtain a linear-modeling that describes
the structure of the rotation, testing on SASE dataset and BIWI. In
the third they combined three different ways to search landmarks
and then performing HPE using using geometric information, ap-
pearance and the dictionary-based HP. They tested on SASE. RGB-D
images can be preferred as input, especially if there is some noise
to deal with. In fact, in Li et al. [45], features are first detected
using only the color image, and then the final HP is obtained com-
bining this information with the depth data. A frontal image is
used to build a subject template, the depth information are con-
verted in a 3D point cloud building a template point cloud from
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Table 3

Video datasets that contain pose annotation. The Popularity of each dataset is calculated
using the amount of recent depth HPE method that use it, to the best of our knowl-
edge (“Pop” is for popularity, i.e. the number of papers in this survey that use it). The
methods are in Section 5.3. nd in the number of subjects column is for “not declared”.

Dataset Year Resolution #Subj  #Video  #FxV  Pop
UPNA 2016 1280 x 720 10 120 300 1
Boston University HP 2000 320 x 240 8 72 200 1
HPEG 2009 640 x 480 10 20 400 2
EYEDIAP 2014 1920 x 1080 16 94 4860 1
UBIPOSE 2016 640 x 480 nd 22 455 1
SHRP2 2012 360 x 420 41 41 1537 1
Table 4

The errors in degree for the methods using depth information of the BIWI dataset.

Column “Code” is for code availability (accordingly to paperswithcode.com).

Depth on BIWI Errp(°)  Erry (°)  Errg(°)  MAE(°)  Code
Methods that use BIWI in tests and training/calibration

Borghi et al. [39] (2020) 1.6 1.7 1.7 1.67 No
Derkach et al. [43] (2019) 3.4 3.3 3.3 3.33 No
Luo et al. [31] (2019) 5.7 3.7 2.7 4.03 No
Wang et al. [42] (2017) 1.16 13 1.51 1.32 No
Sheng et al. [36] (2017) 2.0 2.3 1.9 2.07 No
Saeed et al. [50] (2015) 5.0 39 43 4.40 No
Methods that use BIWI only in tests

Li et al. [45] (2017) 2.5 2.7 2.8 2.67 No
Yu et al. [48] (2017) 1.5 2.5 22 2.07 No
Li et al. [47] (2016) 1.7 2.2 3.2 2.37 No
Mukherjee et al. [49] (2015)  5.32 4.76 \ 5.04 No
Meyer et al. [46] (2015) 2.1 21 2.4 2.20 No
Papazov et al. [41] (2015) 2.5 3.0 3.8 3.10 No

what they want to obtain the final pose called the target point
cloud. Once the target point cloud is clear, the HP is estimated
with Extended Levenberg-Marquardt (LMA). They performed their
experiments on BIWI and on a homemade dataset of 12 subjects
of over 10K RGB-D images. Some methods use the ICP modeling
techniques. Luo et al. [31] obtaining the HPE by a discriminative
random regression forest (DRRF) using a voting algorithm for the
trees. Sheng et al. [36] estimates the rigid facial pose using as in-
put the depth image and the probabilistic facial model built with
the ICP. Meyer et al. [46] compose ICP with a particle swarm op-
timization by weighting the vertices of the morphable model to
consider more important the ones on the visible part of the face.
Li et al. [47] uses the ICP but also the RGB information are used, in
this case to build a face template by fitting a 3D morphable model.
All of them tests on BIWI and the second and the latter also on
ICT-3DHP. It is clear that these techniques concern the quality of
the reconstructed model only from the point of view of the HPE.
However, if a multi-view observation of the subject is available, it
is possible to build a more accurate 3D model also from a visible
point of view. In [48] the authors propose an online reconstruction
of a full 3D head model based on a variant of a technique called
Kinect Fusion, obtaining smoothing synthetic samples. The results
presented are experimented on the BIWI dataset. In [49] a CNN
is used to estimate HP from multi-modal RGB-D data. The CNN is
fine tuned replacing the last Softmax layer with an Euclidean loss
layer that makes the NN a regression network. The BIWI dataset
is used, as well as some other dataset like Caviar, HIIT, IDIAP head
pose. Unfortunately, for this method, roll was not considered. In
[50] the information from the RGB and the depth camera are used
for different purposes. The RGB images are used to detect the hu-
man face and features. The depth information in this step is used
to narrow down a location to find the face position. An SVM takes
that data as input and predicts the HP. The results are presented
for BIWI and ICT-3DHP datasets. In Table 4 we showed the results
in terms of angular error of the above mentioned techniques on

the most popular dataset: BIWI. As can be noticed, the best results
were obtained by Wang et al. [42], both in mean than along the
three axes. It is not a case that this framework benefits from two
methods, landmark and regression, that are combined by develop-
ing more classifiers instead of a single one. The other considerable
result in terms of MAE is by Borghi et al. [39]. Also here two pow-
erful techniques are used, CNN and GAN, both of them are train-
ing based methods. However, in both cases, BIWI has been used in
both training and testing. If we exclude this advantage, the result-
ing best method is in mean [48], with only a small exception for
the yaw axis on which the method in Meyer et al. [46] is better.
From the point of view of the angle representation used, in Luo
et al. [31], Sheng et al. [36], Borghi et al. [39], Wang et al. [42],
Saeed and Al-Hamadi [50] and Mukherjee and Robertson [49] it is
preferred the Euler representation and in the other cases the ma-
trix representation. We can thus observe that the matrix represen-
tation is preferred in methods that do not use the same dataset in
training and test. From the point of view of the obtained perfor-
mances, since the best ones use in one case the Euler and in the
other the matrix, we can not claim that one representation is more
convenient than the other.

5.2. 2D RGB images

The application of HPE at 2D RGB images is the most chal-
lenging and thriving field. For this reason, due to the numer-
ous work published in the last five years, we will differentiate
their presentation on the used techniques. The main difference
that can be noticed is the involvement of training techniques. In
Sections 5.2.2 and 5.2.1 we will present training and training-free
methods respectively.

5.2.1. 2D RGB HPE using training-free techniques

As can be observed from the amount of recent work, the meth-
ods using training are more than the methods used training-free
techniques. Also in the training-free methods some images are
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used as reference, however, only as a reference for features, un-
like training methods in which a part of the data from the same
datasets to test undergoes further manipulation to obtain a trained
NN. Methods without training present more heterogeneous charac-
teristics. In [51], the core of the HPE is a quad-tree based method.
The method proceeds work only on the landmarks after the detec-
tion. The same work is done for images of a reference synthetic
model and the trees in binary vector form are then compared to
detect pitch and yaw angles. Results are presented for the Point-
ing’04 dataset. It has been refined in Abate et al. [52] where the
reference synthetic model has been changed with a more precise
one. It also presented the best frame selection experiments on a
youtube video in finding non-frontal faces. The experiments were
performed on BIWI and AFLW. Also in Barra et al. [53] face and
landmark are detected, however the core method produces cleaner
data to analyse and better results. This method is based on the
overlap of a web-shape on the detected landmark of the spider
web. Also here a synthetic model is used as a reference and var-
ious web-shaped are tested to find the better configuration. This
method has been tested on Pointing’04, BIWI and AFLW2000. In
[54], very few keypoints are detected and the focus is about appli-
cations in mobile devices. The HP is calculated using the variation
of three tracking points as a reference. The experiments, however,
were made on a homemade dataset using a few smartphones and
as a result cannot be comparable with the state-of-the-art. Using
the property of 3D spheres during rotations, Peng et al. [55] solves
the 3D HPE problem. The 3D sphere works as a model of the pos-
sible rotation of the head, supported by a method called Homeo-
morphic Manifold Analysis. The results of these methods are pre-
sented for the datasets CMU-MultiPIE, BU-4DFE, and AFW but only
the total MAE is presented. In a similar way, using geometric prop-
erties on a synthetic model, the HP is estimated in Proenga et al.
[37]. The 2D points of the images are joined in the synthetic model
using projective geometry. Convex energy minimization techniques
are used to choose the set of landmarks in the model that re-
sult closer to the input. The dataset used for the test of HPE is
AFLW, however there are no present the errors in pitch, yaw and
roll. A method using feature-based technique is [50]. In this work
a similarity kernel is learned using the feature correspondences of
Geometric Blur features that results identity-invariant. The exper-
iments are presented on the AFLW dataset, AFW, Youtube Faces,
and McGill. However the pose error is discretized only in steps of
15° and presented only in the MAE form. Less focused on features
but more on appearance based technique is [56]. In this method
the preprocessing step is composed by face detection and 2D facial
mask creation. The resulting image is then analysed to find the HP
using the fractal encoding. Experiments were conducted on BIWI
dataset, AFLW2000 and a subset of GOTCHA for the best frame se-
lection. In [57] the difference with a classical HPE using training is
enhanced by the challenge to recognize unseen head poses. Here a
multivariate label distribution is used to represent the pose angle
of a face image. The results are presented on Pointing’04, CASPEAL,
and CMU-MultiPIE.

5.2.2. 2D RGB HPE using training techniques

Techniques based on training are, as already claimed, more ex-
plored in recent literature. In [58,59] the features extracted as in
methods [53,56], respectively, are used in combination with re-
gression. Various regression techniques are tested to improve the
performance over BIWI, AFLW2000 and Pointing’04 Datasets. In
[60] the proposed method that uses HOG-based descriptors to map
the head pose starting from the face bounding boxes. The non lin-
ear regression is used to learn to map the features space in HP. The
results are presented for BIWI and Pointing’04 dataset. Also in Liu
et al. [61] we can find the use of regression, in particular regres-
sion forest, in an hybrid framework that introduces the concept of

multi-structural features. The resulting method is quite robust and
results are presented over Pointing’04, LFW, AFW and CCNU head
pose datasets in the wide classroom. A completely different use of
regression is made in Cao et al. [62] where the authors propose
TriNet, a network architecture that regresses the head pose in 3
vectors by using an orthogonal loss function which punishes the
model if the predicted ones are not orthogonal, as expected. Re-
sults were obtained over AFLW2000 and BIWI (trained on 300W-
LP).

Regression seems to be particularly effective when the prob-
lem is related to low resolution images. As in the previous method,
also in Chen et al. [63] the HOG features are combined with non-
linear regression. In particular, here, the Support Vector Regression
(SVR) is trained with extremely low resolution images. The authors
also present improvements using depth information. For this rea-
son the dataset tested is BIWI. We can find the use of the HOG
also in Diaz-Chito et al. [64]. This approach is based on mani-
fold learning-based methods and combines HOG, generalized dis-
criminative common vectors, and continuous local regression. The
experiments were conducted on the aforementioned Pointing’04,
CMU-Pie, CASPEAL, and two other datasets called Taiwan and Driv-
Face. In [65], the initial data is in a higher resolution of the pre-
vious one, however authors focused on the advantage of the use
of a small features vector. They propose to predict the bounding
box of the face and its alignment together with the HP. The re-
gression model is trained on partially observed output. The exper-
iments were conducted on Pointing’04 and BIWI. HoG features can
be also used in combination with other features techniques as the
Uniform Pattern of Local Binary Pattern (UP-LBP). In [66] the im-
age preprocessing involves the use of Second order HOG and UP-
LBP that are fused through a normalized fusion to obtain the in-
put of a classification method. The experiments are performed on
CMU-Pie and CASPEAL, however no MSE of pitch, yaw and roll are
presented. Another example of HOG and features combined can be
observed in Alioua et al. [67]. The HOG is here fused with Haar fea-
tures and Speed Up Robust Features (SURF) descriptor. The experi-
ments were conducted only on Pointing’04, for this reason the roll
component is not considered. Another tree-based algorithm using
HOG is [68]. Here is presented a framework called Stacked Auto
Encoder with Extreme Gradient Boosting (SAE-XGB). The results
are presented only for Pointing’04, this means that the roll angle
is not covered. Differently from the previous ones that extract fea-
tures in a separate process, in Liu et al. [69] the regression is sup-
ported by a synthetic model. The head models used are 37 and the
frames representing the poses are 74K. The experiments were per-
formed on BIWI dataset. We introduced the linear and non-linear
regression methods, however in Lathuiliére et al. [70] also a mix-
ture of linear inverse regression is used. In particular a Convolu-
tional Network (ConvNet) is used in combination with a Gaussian
mixture of linear inverse regressions that can work also with rela-
tively small datasets. The experiments were conducted on the BIWI
dataset and two smaller homemade datasets of 20 K frames. The
use of more than one regression method can be found also in Gou
et al. [71]. They propose an unified method to detect landmarks
and to estimate the head pose called Coupled Cascade Regression
(CCR). The experimental results are presented on 300W_LP and the
Boston University (BU) dataset. Multi-regression is also the strat-
egy of Hsu et al. [72], that focused on the loss of the regression
net. The loss regression function presented combines an L2 and an
ordinal regression lost to train a CNN. The tests were performed on
AFLW, AFLW2000, AFW and BIWI. Another very recent regression-
based technique is presented in Yang et al. [73]. The method com-
bines soft stagewise regression and features aggregation methods.
Features maps are combined from different layers and it allows
the method to learn meaningful intermediate features. The experi-
ments were performed on AFLW2000, BIWI and 300W_LP. Of great
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relevance is the recent use of regression applied to six degrees
of freedom (6DoF) in Albiero et al. [74]. In this case there is no
landmarks detection and the focus is to directly estimate the rigid
transformation of all the face in the image by directly applying a
proper trained R-CNN. Due to the nature of the problem, a lot of
methods use regression, however, differently from the ones pre-
sented, some of them focus their attention on different steps of
the process.

In [75] the image intensity is used in a multi loss-network us-
ing a different loss function for each angle with a classification
and regression component. They also analyse the problem of low
resolution. The results are discussed on AFLW2000 and BIWL In
opposition to the previous method, Gupta et al. [76] is based on
the low precise location of facial keypoints that are subsequently
used in the regression problem. The soft location is represented
as five heatmap images, computed with a CNN to obtain the ex-
act location. The experiments were conducted on BIWI and AFLW.
Also in Cao et al. [77] the relationship between keypoints is ex-
plored to improve the accuracy. They used Convolutional Pose Ma-
chines (CPMs) to extract keypoints, confidence maps and feature
maps, then leveraged several strategies to obtain the input for the
HPE. The use of this simple CNN is justified by the target speed
of the authors. The dataset used for the tests is AFLW. There are
also other methods focused on a CNN approach. Xu and Kakadiaris
[78] trained a GNet to obtain the face location,a preliminary pose
and few landmarks. Then, an LNet refined this work learning local
CNN features and predicting the final head pose. Results are shown
for 300W_LP. The same approach to locate face and landmark as
additional features, is adopted by the popular [79]. This algorithm
performs at the same time face detection, landmark localization,
pose estimation and gender recognition, all of them using CNNs.
The HPE results are presented for the AFLW dataset. We can again
find the landmarks as a support to CNNs in Xia et al. [80]. The au-
thors focused on the generalization of CNNs, training and testing
the network using different datasets. The HP is obtained by a Feed
Forward CNN architecture. Experimental results are presented for
AFLW2000, CASPEAL and BIWI. However, the results on BIWI are
presented using depth information.

If on one hand the use of facial landmarks in the HPE process
may help to improve the accuracy, on the other hand it can signif-
icantly and negatively impact on the computational time required.
In [81] the use of HPE is focused for video, for this reason the
aim is to obtain a very fast method. In fact, by the experiments
conducted, the method takes only 21.8ms on a standard device to
obtain the HPE. The head pose estimation is performed using the
3D mean of landmark location, in particular with 10 landmarks.
The results are presented for AFLW2000. The correct face localiza-
tion and its effects on HPE is analysed in Shao et al. [82]. The au-
thors empirically analyse how the dimension of the face box im-
pacts on the HPE and propose a new loss method in the CNN that
they used. The results are presented for AFLW2000 and BIWI. The
use of ResNet can be found also in Rieger et al. [83]. The original
ResNet architecture is here adapted to work with images half the
original size. The results are presented on AFLW and AFW. A com-
pletely different approach is proposed in Li et al. [84]. Here the
HPE is decomposed in two problems. Anchor-Guided Pose Estima-
tion (AGPE) and Task-Simplification oriented image Regularization
(TSIR). These methods are combined in a unified end-to-end learn-
ing framework. The results are presented on the 300W_LP dataset,
AFLW2000 and BIWIL

Other than the latter, there are various learning approaches that
due to the specific methods they use in their framework, can not
be assimilated to the previous works. In [85] the focus is again on
the driver’s attention. However, here an SSD object detection algo-
rithm is here used to simultaneously classify and regress. Results
are presented on AFLW2000 and 300W_LP dataset.

In [86] the core of the method is represented by the use of con-
ditional random fields (CRF). The model trained in this way classi-
fies each image in input using segmented face parts each of them
giving a probability. The experiments were conducted on Point-
ing’04, AFLW2000 and two dataset better known for depth images,
called BU-4DFE and ICT-3DH.

In [87] the focus is to make the method not sensitive to
external conditions. Here the Peano-Hilbert space-filling curve
is used to convert the images in one-dimensional vectors as a
time series. The obtained sequences are used to train an encode-
decode NN that generates labels for face orientation. The results in
terms of HPE are presented on CASPEAL and Pointing’04 datasets.
The method is, therefore, limited to pitch and yaw angles. In
[88] is used a parametrized Multi-Variate Relevance Vector Ma-
chine (MVRVM) to learn the rotation angles. The author discussed
the differences between their method and classical SVM and pre-
sented their results on Youtube Faces Dataset. In [89] the multi-
variate label approach is modified to alleviate problems derived
from their application in unconstrained environments. They in-
troduced regularization terms in the loss function using, to avoid
over-fitting, the weighted Jeffreys divergence. The experiments
were made on Pointing’04 and LFW datasets. In [90], to deal with
occlusions and poor image quality, the proposed method is based
on deep convolutional neural forests (D-CNF). A neurally connected
split function (NCSF) is used as a new split node learning inside
the D-CNF classification tree. The experiments were performed on
Pointing’04, BU3D-HP and a dataset called CCNU-HP. All of them
have only Pitch and Yaw annotations. In [91], the authors ad-
dressed the problem of the lack of sufficient training data for many
poses, especially for large poses. In this case, they reformulate
the facial pose estimation as a label distribution learning prob-
lem. They tested their methods on the popular AFLW2000, BIWI,
AFLW and AFW. Another method that avoid landmark detection is
in Zhang et al. [92]. Here the authors used a three-branch network
architecture termed as FDN to perform HPE from features decou-
pling and cross category center loss. The experiments are provided
for AFLW2000 and BIWI datasets. Finally, in Valle et al. [93], the
authors proposed a multi-task approach to solve the face pose,
alignment and visibility problems. The architecture they proposed
is an encoder-decoder CNN with residual blocks and lateral skip
connections. The HPE results are presented on AFLW, AFLW2000
and BIWIL In Tables 5-7 are shown the results obtained by the
presented methods on the most popular datasets, BIWI, AFLW and
Pointing’04 respectively.

In particular we consider inside the AFLW table both AFLW than
AFLW2000 because the latter is a subset of AFLW and for this rea-
son it presents the same characteristics in terms of heterogene-
ity and environment. We have highlighted in Tables the best re-
sults obtained in terms of angular error for pitch, yaw, roll and
MAE. Since the use of the same dataset to perform both training
and testing could be considered advantageous for the method, we
split in two subtables each of the above mentioned tables to per-
form a fair comparison. As it can be noticed, on BIWI the min-
imum error is around 2.5°. Here the best results are quite similar
between the two subtables, indeed, for both yaw and roll axes. The
use of BIWI only in tests is advantageous. From the point of view
of the representation used for the angles, the only method using
quaternions is [72]. The matrix representation is preferred in Al-
biero et al. [74], Li et al. [84] and Cao et al. [62], the other methods
on BIWI use Euler angles. In this case we do not notice a signifi-
cance difference in terms of performances using one representa-
tion rather than another. In AFLW the use of the latter in both test
and training has a significance difference in the best result. Here
we can notice that the absolute best result is around 1.5° when
AFLW is used in both training and test and around 4° in the other
case. This because AFLW and AFLW2000 are quite small compared
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Table 5

The errors in degree for the methods using 2D RGB images of the BIWI dataset
(2011, available at http://data.vision.ee.ethz.ch/cvl/gfanelli/kinect_head_pose_db.tgz).
Column “Code” is for code availability (accordingly to paperswithcode.com).

RGB on BIWI Errp(°)  Erry(°) Errg(°®) MAE (°)  Code
Methods that use BIWI in tests and training/calibration
Bisogni et al. [56] (2021)* 6.23 4.05 3.30 4.53 No
Abate et al. [59] (2021) 5.29 6.58 3.80 5.28 No
Abate et al. [58] (2020) 231 3.12 1.88 243 No
Hsu et al. [72] (2019) 5.49 4.01 2.93 4.14 No
Gupta et al. [76] (2019) 3.49 3.46 2.74 3.23 Yes
Drouard er al. [65] (2017) 7.65 6.06 5.62 6.44 No
Lathuiliere et al. [70] (2017)  4.68 3.12 3.07 3.62 No
Chen et al. [63] (2016) 12.9 9.9 6.9 9.90 No
Drouard et al. [60] (2015) 5.9 4.9 4.7 5.17 No
Methods that use BIWI only in tests
Valle et al. [93] (2021) 4.61 3.98 2.39 3.66 Yes
Albiero et al. [74] (2021) 5.03 3.42 3.27 3.91 Yes
Cao et al. [62] (2021) 4.75 3.04 4.11 3.97 No
Li et al. [84] (2020) 4.65 4.12 3.11 3.96 No
Barra et al. [53] (2020) 3.95 6.21 4.16 4.77 No
Zhang et al. [92] (2020) 4.70 4.52 2.56 3.93 No
Abate et al. [52] (2019)* 7.51 4.07 5.50 5.69 No
Shao et al. [82] (2019) 7.25 4.59 6.15 6.00 Yes
Yang et al. [73] (2019) 4.96 4.27 2.76 4.00 Yes
Liu et al. [91] (2019) 5.61 4.12 3.14 4.29 No
Ruiz et al. [75] (2017) 6.60 4.81 3.27 4.89 Yes
Liu et al. [69] (2016) 43 4.5 2.4 3.73 No
Table 6

The errors in degree for the methods using 2D RGB images of the AFLW/AFLW2000
dataset (2016, avilable at https://www.cse.msu.edu/computervision/AFLW2000_
FF-GAN.zip). Column “Code” is for code availability (accordingly to paperswith-
code.com).

RGB on AFLW Errp(°)  Erry(°)  Errg(°®) MAE (°)  Code
Methods that use AFLW in tests and training/calibration

Bisogni et al. [56] (2021)*  7.46 6.28 5.53 6.42 No
Abate et al. [59] (2021) 6.90 6.70 4.48 6.02 No
Abate et al. [58] (2020) 5.43 4.31 2.62 4.09 No
Gupta et al. [76] (2019) 443 5.22 2.53 4.06 Yes
Ranjan et al. [79] (2019) 533 6.24 3.29 4.95 Yes
Xia et al. [80] (2019) 2.05 0.63 1.70 1.46 No
Khan et al. [86] (2019) 4.89 4.25 3.20 4.11 No
Rieger et al. [83] (2019) 6.5 8.5 3.9 6.30 No
Cao et al. [77] (2018) 7.14 7.04 3.86 6.01 No
Methods that use AFLW only in tests

Valle et al. [93] (2021) 4.69 3.34 3.48 3.83 Yes
Albiero et al. [74] (2021) 3.54 4.56 324 3.78 Yes
Cao et al. [62] (2021) 5.76 4.19 4.04 4.66 No
Li et al. [84] (2020) 5.06 2.78 3.65 3.83 No
Sun et al. [85] (2020) 6.47 6.29 5.27 6.01 No
Wang et al. [81] (2020) 10.85 12.98 6.62 10.15 No
Barra et al. [53] (2020)* 4.82 3.11 2.25 3.39 No
Zhang et al. [92] (2020) 5.61 3.78 3.88 4.42 No
Abate et al. [52] (2019)* 7.60 7.60 717 7.46 No
Hsu et al. [72] (2019) 4.31 3.93 2.59 3.61 No
Yang et al. [73] (2019) 6.08 4.50 4.64 5.07 Yes
Xia et al. [80] (2019) 7.32 3.99 6.50 5.94 No
Shao et al. [82] (2019) 6.37 5.07 4.99 5.48 Yes
Liu et al. [91] (2019) 3.02 5.06 3.68 3.92 No
Ruiz et al. [75] (2017) 6.56 6.47 5.44 6.16 Yes

to other datasets used for the training (300W_LP in most cases).
For this reason, training the method on another dataset results to
be advantageous in this case. As in the previous table, also in this
case the only method using quaterions is [72]. Methods in Albiero
et al. [74], Xia et al. [80], Wang et al. [81] and Cao et al. [62] uses
matrix and the other methods the Euler angle representation. We
can notice that the best result is obtained for the method using
matrix representation, however, since this representation is also
used by the worst method, we can assume that the representa-
tion used is not indicative of the performance of the algorithm. In
Pointing’04 the best result is around 1°. It is obtained in correspon-

Table 7

The errors in degree for the methods using 2D RGB images of Ponting'04
dataset (2004, available at http://crowley-coutaz.fr/HeadPoseDataSet/
HeadPoselmageDatabase.tar.gz). Column “Code” is for code availability
(accordingly to paperswithcode.com).

RGB on Pointing’04 Errp(°)  Erry(°) MAE (°)  Code
Methods that use Pointing’04 in tests and training/calibration
Abate et al. [58] (2020) 7.55 4.44 5.99 No
Bounoua et al. [87] (2020) 0.82 1.78 1.30 No
Vo et al. [68] (2020) 6.16 717 6.67 No
Khan et al. [86] (2019) 1.32 2.68 2.00 No
Xu et al. [89] (2019) \ 3.92 3.92 No
Diaz-Chito et al. [64] (2018) 9.6 8.1 8.85 No
Drouard et al. [65] (2017) 8.47 7.93 8.20 No
Liu et al. [61] (2017) n n 6.6 No
Alioua et al. [67] (2016) 4.6 6.1 5.35 No
Drouard et al. [60] (2015) 7.3 7.5 7.40 No
Methods that use Pointing’04 only in tests

Barra et al. [53] (2020)* 6.34 10.63 8.49 No
Barra et al. [51] (2018)* 15 15 15.00 No

dence of a method using this dataset in both training that testing
in a cross-fold-validation approach. Since this result is far better
than the method only testing on Pointing’04, we can assume that
in this case the use of the same dataset in training and testing
represent a significance advantage. In this case, all the presented
methods prefer the Euler representation to estimate the angles. All
of those results should be considered under the specific informa-
tion and framework used in the methods. In fact, methods denoted
with x are not using training techniques, as well as some methods
in tables use manually annotated landmarks, facial annotations etc.
For the majority of the presented methods, the computational time
required is not reported in the papers, for this reason we can not
add them in the presented tables. However, by the description of
the methods in this section, we can conclude that methods that
seem to have worst results in terms of angular error, are often as-
sociated with a low computational time required, since their focus
is the speed instead of the accuracy. As a final consideration, in
case of training free technique, the use of the dataset only in test
means the support of a synthetic head to create a model. On the
other hand, if the same dataset is not used and the method uses
training, the training has been necessarily performed on another
(and bigger) dataset that is in the majority of cases 300W_LP. In
addition, methods that use a previously existing network in litera-
ture (as ResNet50 or VGGs) inherit also their starting weight that
came from a long training process (usually performed on ImageNet
[94]). This could be a significant advantage in terms of training
time aiming to compensate the relatively small datasets available
to train.

5.2.3. Training vs Training-free techniques

As introduced in the previous section, training techniques are
more numerous than training-free techniques. The reason can be
found in the popularity of training techniques as CNN, RNN etc.,
gained in last years, that lead to higher accuracies. In this sec-
tion we want to evaluate the computational time required of a
training vs. a training-free technique for, more or less, equal angu-
lar error. For this reason we will consider two methods, one repre-
senting the training technique, Hsu et al. [72] and one representing
the training-free technique [53]. Both of those methods declare the
computational time required to build the model and the devices
on which the experiments were performed. The time required to
test an image is more or less the same for both of them (30 fps)
We reported this information, together with the angular errors on
the AFLW2000 dataset, in Table 8. We can observe that the angu-
lar errors are quite similar, however there is a huge difference in
the computational time required to build the model. It could be
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Table 8

QuatNet (training) vs WSM (training-free).
Method and GPU Time Errp(°)  Erry(°)  Errg(°)  MAE(®)
WSM Barra et al. [53] (2020) Intel HD Graphics 515 0.16 h  4.82 3.11 2.25 3.39
QuatNet Hsu et al. [72] (2019) NVIDIA GTX 1080 4.5 h 4.32 3.93 2.59 3.61

said that the time required to build the model is not very relevant
because it is performed only one time and not during the online
tests. However, the model in QuatNet was built using a particular
dataset as a reference, 300W_LP, it means that if the environment
change or the characteristics of the subject are different in the ap-
plication domain, 4.5 h of training will be again necessary to ad-
just the model to the new data. On the other hand, WSM uses a
generic synthetic model as a reference, without a particular age,
gender or ethnicity and without the use of the background during
the computation. It means that the method has a good generaliza-
tion property and, if it is still necessary, it can be remodeled in
less than 10 min. Another thing to take under consideration is the
devices on which those computational times were calculated. Fol-
lowing the results presented in a comparative website, specialized
in GPU speed [95], in a ranking of the fastest GPU, from highest to
lowest speed, the GPU used in QuatNet is 19th and the GPU used
in WSM is 383th (data updated at 8th of July, 2020). This means
that if we use a dumb proportion, on a NVIDIA GTX 1080 GPU,
WSM will require about 28 s to rebuilt the model, in opposition
to 4.5h required by QuatNet. It is clear that the more a method is
generalizable, the less it will be necessary to rebuild it. Generaliza-
tion is a very sensitive issue in training techniques and, in general,
the choice of a method rather than another is conditioned by a
higher request in one of generalization, speed or accuracy propri-
ety.

5.3. Videos

Video are sequences of frames. From this point of view, they
can be treated as depth images or 2D images. However, for some
applications, it is necessary to take under consideration a temporal
component together with the HPE solutions.

Some video applications are focused on the drive video study,
in particular using the HPE for attention detection. In [96] dif-
ferent public available methods are compared over a challenging
video dataset we already introduced, called SHRP2. The results is
an assessment work of a new challenging dataset using known
HPE methods. The use of video can be also justified to perform
tracking during the HPE. In [97] a 2.5D Constrained Local Model
(2.5DCLM) is developed focusing on devices with limited resources
as tablets. Here the HP is estimated using the POSIT algorithm
[15]. In addition, the initial position of the head in the camera
acts like a reference system for the head rotations. The experi-
ments for HPE are conducted on the UPNA dataset. Also in Kim
et al. [98] the aim is to develop a HPE method for mobile devices.
The face and facial features are detected, then the facial track-
ing is used to perform HPE with the previous features detected.
The detection is Haar-based. The experiments were performed on
the HPEG dataset, however does not declare the MAE for the esti-
mated angles. We have then another tracking-based method, that
also operates in real-time (40 fps) but not tested on mobile de-
vices, Barros et al. [99]. Here also the 3D facial landmarks are re-
fined using the temporal component, extracted from several frames
through a Kalman filter. The authors present the results of their
method on the Boston University HP dataset and also on an home-
made dataset they made publicly available. The work of Cristina
and Camilleri [100] uses a less constrained scenario compared to
the previous ones, even if it performs only pitch and yaw. The
method is training-free and the aim is to estimate the HP in real-
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time extracting the trajectories of few features points spread ran-
domly over the face region. The experiments were performed on
HPEG and EYEDIAP datasets. All of those methods use video with
2D frames, however some works focused also on video with RGB-
D frames. In [47]| the HPE is supported by an online face tem-
plate reconstruction. This method uses up to 9 frames automat-
ically selected from the video. The results, due to the need for
depth video are presented on the BIWI and ICT-3DHP dataset. We
can find online fitting also in Yu et al. [101]. Here the strength of
a 3DMM model operating online is combined with the reconstruc-
tion of a full head 3D model without prior knowledge. The exper-
iments were performed on the BIWI and the UbiPose dataset. In
Table 9 there is a summary of the presented methods on Video.
Since there is not a lot of recent work in this topic using video
and the datasets used are quite heterogeneous, we added in the
Table all the angular errors we detected in the related papers. For
this reason we do not highlight the better results, because the en-
vironment in the dataset used are quite different.

As introduced in Section 1, if we analyse the techniques used
for depth images, 2D-RGB images and Videos, we can find a preva-
lence of training techniques that are almost twice as the training-
free techniques. This unbalance can be observed especially in ap-
plications at 2D-RGB images, the most popular data for HPE. The
better results for 2D-RGB images are produced by Gupta et al. [76],
Xia et al. [80] and Bounoua et al. [87], on BIWI, AFLW and Point-
ing’04, respectively. Each one of them uses training techniques, in
particular, Gupta et al. [76] uses regression, Xia et al. [80] uses
CNN, and [87] uses an encode-decode NN. However, if we compare
the mean error of the training-free methods with the mean error
of the training methods, we will obtain 4.99° for the training-free
and 5° for the training methods. This result demonstrates that the
use of training techniques can not be justified in needs of perfor-
mances. In Section 5.2.3 we also compared the required time to
find the best configuration of two methods, training and training-
free, which have similar performances and both operating in real
time, finding out that it is even smaller for training-free methods.
From these considerations we can suppose that the training meth-
ods are preferred for their speed in the testing phase, resulting
in most cases far below that the real-time, making it possible to
elaborate a larger amount of frames. However, when we move to
video applications, in which more than one frame must be com-
puted, low computational requirements are preferred and we can
observe a preference for features-based techniques as against train-
ing techniques. In addition, to compare performances in videos, is
a more complex task, since purposes and datasets present differ-
ent characteristics. The best result in mean is obtained by Ackland
et al. [97] on the UPNA dataset, in which the movements of the
head are guided. The mean error is about 3.6° lower than the bet-
ter one obtained on the competitive SHRP2 by Paone et al. [96],
using a Government-Out-Of-The-Shelf (GOTS) which includes face
detection, tracking, landmark detection, pose estimation, and face
recognition. On Depth images the best result is obtained by Wang
et al. [42], that uses landmark regression in an optimization pro-
cess involving a regression forest. Here again we find the involve-
ment of a training step, however, we can observe that also in this
case, training-free techniques reached very similar results, as in Yu
et al. [48]. We have to mention that training-free techniques need
more time to be developed, since it is not a feature-learning al-
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Table 9

The errors in degree for the methods using videos of various datasets.Column “Code” is for code availability

(accordingly to paperswithcode.com).

Method Dataset Errp(°)  Erry(°)  Erre(°)  MAE (°)  Code
Ackland et al. [97] (2019) UPNA 2.47 1.88 0.81 1.72 No
Diaz Barros et al. [99] (2018)  Boston University — 3.23 4.12 2.16 3.17 No
Cristina [100] (2018) EYEDIAP 2.39 2.56 \ 2.48 No
Li et al. [47] (2018) BIWI 3.2 3.0 3.0 3.07 No
Yu et al. [101] (2018) BIWI 1.45 2.54 2.10 2.03 No
Yu et al. [101] (2018) UbiPose 437 4.63 3.38 4.28 No
Cristina et al. [100] (2016) HPEG 3.05 3.04 \ 3.05 No
Li et al. [47] (2016) ICT-3DHP 3.1 33 29 3.1 No
Paone et al. [96] (2015) SHRP2 10.2 4.47 1.51 5.14 No

gorithm. In this case, the authors of the method have to spend
a considerable effort to choose the features to be extracted that
suits best the problem. In opposition to deep learning techniques,
in which the network itself extracts and classifies what it consider
the most relevant part/features of the image. We can, therefore,
conclude that the use of training or training-free techniques should
be determined by the environment, the available computational re-
sources and the capability to perform a comprehensive training,
more than the required performances.

6. Applications of HPE

From the previous sections we have observed that some works
need to carefully detect the application field before to build a HPE
method. This is because computational efficiency and accuracy play
a different role depending on the application. In this section we
will discuss some of the application field of HPE that emerged
more or less distinctly from the recent works analysed in this sur-
vey.

6.1. Driver attention detection

The environment that emerged more clearly from the previous
sections is the HPE for Driver Attention Detection. In past years
a lot of technologies were developed to prevent car accidents like
alcohol tests, speed measurement radar etc. However, those tech-
nologies are not always available on the vehicle and do not cover
many other issues related to the driver’s attention. The HPE, de-
tected in real time, can be a very efficient support to understand
if the driver is sleepy, if he/she looks at the phone instead of the
road etc. The wider dataset specifically built for this purpose is the
aforementioned SHRP2 [28]. The method operating in this field can
use both video and depth images and not always presents their re-
sults on specifically built datasets. In method using depth image
we want to remind [39] operating with both depth and RGB im-
ages at the same speed. For the RGB images, we find the work of
Alioua et al. [67], where the speed is 20 fps. The only recent work
using the mentioned SHRP2 dataset, is [96], having the same speed
of the video recorded in the dataset, 15 fps.

6.2. Best frame selection

The selection of the best frame is the possibility in a video se-
quence to choose a specific head pose frame. This application of
the HPE finds its usefulness in face recognition purposes. It is clear
that the environment in which this kind of application is more
required is surveillance. The work in this survey that specifically
tests its HPE algorithm for this purpose is [53]. Here, starting from
the sequences of the GOTCHA dataset, the authors selected in an
automatic way the most frontal frame using their HPE algorithm
with an integration for the selection. It is not necessary that the
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aim is to select the more frontal frame, sometimes if the pur-
pose is to perform recognition from another part of the head, as
an example the ear, it can be more convenient to select a specific
head rotation. Those kinds of applications are not only time-saving
but also space-saving. In fact, if we imagine studying many long
surveillance videos covering a wide time span, we can save only
the best frame for recognition in each video.

6.3. Face frontalization

The face frontalization is focused on the aim to obtain a frontal
image starting from an image with a non-frontal pose. The moti-
vations under the use of this approach is clearly identifiable in a
more suitable face recognition. The HPE is used in this field of ap-
plication as a preprocessing step to perform before the reconstruc-
tion of the missing parts [102]. Once the head pose is estimated it
can successfully fit a 3D model that can rotate using the HP infor-
mation to obtain the frontal view. If we combine this application
(face frontalization) with the previous one (best frame selection)
we can think to use HPE to build a 3D model of the face of a sub-
ject when he/she assumes different non-sequential head rotations
during the video.

6.4. New challenges

Since in the head pose estimation field, the accuracies obtained
in the last years are very high, the latter represent no more the
only aim to reach performing HPE. In [103] the aim is drive atten-
tion, however the authors focused less on the accuracy, and more
on some effect typically associated at driver video. They evaluate
the distribution of head orientation during the drive and this can
help methods in this field to spend their energy to improve per-
formance in those ranges. A less explored field is the use of HPE
in thermal infrared images. In [104] a combined modular system
is proposed to solve the HPE problem on infrared images together
with the face detection, face tracking and emotion recognition. The
experiments were conducted on a homemade video dataset with
a MAE of around 3°, demonstrating that it is possible to operate
on this new kind of data reaching accuracies comparable with the
state of the art. On the same line we find the work in Liu et al.
[105], they proposed a CNN specifically built to be adapted to the
IR HPE problem that outperform features-based HPE methods in
this field. Instead of IR, Visible or Depth images, very recent works
are focused on the use of 3D point clouds generated from depth in-
formation, reaching very interesting results on 36 classes of angles
with step of 5° [106]. To avoid generalization problem, approach
like [53] where a synthetic model is preferred to train the archi-
tecture, were also considered in Wang et al. [107] were, however,
it is combined with deep learning. In [108], the innovation is rep-
resented by the application field. The HPE framework proposed by
the authors is focused on the use of pose in human-machine in-
teraction. To reach this aim, they combine different techniques we
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explored in previous sections, in particular the combination of an
online ad offline evaluation. The results are tested preliminarily on
BIWI and ICT-3D dataset, and then on a homemade dataset built
to suit the purpose of the research. The errors are in the mean of
2.18° on their dataset. A new kind of application of HPE can be
found in Yang et al. [109]. Here the authors propose to use the
anomalies in the head pose to detect Al-generated face images or
video, named Deep Fakes. The motivation is that in a Deep Fake
image the central region is from a synthesized image and a mis-
match in these landmarks lead to a larger difference between the
original and Deep Fake head pose.

7. Summary and conclusions

The head pose estimation is a wide problem explored from dif-
ferent inputs and application scenarios. In this survey we intro-
duced the problem related to the HPE, starting from the definition
of the rotations that a human head can perform in its mathemati-
cal form, in pitch, yaw and roll. The data used for HPE are mainly
three, depth images, 2D RGB images and video. From this differen-
tiation we presented the corresponding available dataset describ-
ing their characteristics and giving an estimate of their popularity
among recent HPE techniques. Before introducing the method, to
better understand the latter, we analysed the preprocessing tech-
niques that seem to be in common to more frameworks and that
can be resumed in face detection, landmark detection and 3D mod-
eling. Following the same division adopted for the datasets, we
presented the HPE methods developed in recent years, in partic-
ular from 2015, when the last comprehensive survey on HPE was
presented, to the best of our knowledge. We finally analyzed the
application on which the HPE is used and some new challenging
on the topic. From this overview of recent HPE techniques we can
claim that the accuracy reached from the last methods is impres-
sive. We observed that recent methods try to focus on new chal-
lenging scenarios more than accuracy obtained on a constrained
dataset built in a laboratory, however, obtain an exact head loca-
tion, without the use of other methods to label the images, remain
challenging. Taking a look at the new challenges we can conclude
that HPE has, for its characteristics, the opportunity to be effec-
tive in more field and emerging problems than those in which has
been submitted until now. HPE represents an interesting technique
to be used in support of biometrics frameworks, which can boast
on a thriving and excellent literature.
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