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Abstract—Head pose estimation (HPE) represents a topic
central to many relevant research fields and characterized by
a wide application range. In particular, HPE performed using
a singular RGB frame is particular suitable to be applied at
best-frame-selection problems. This explains a growing interest
witnessed by a large number of contributions, most of which
exploit deep learning architectures and require extensive training
sessions to achieve accuracy and robustness in estimating head
rotations on three axes. However, methods alternative to machine
learning approaches could be capable of similar if not better
performance. To this regard, we present FASHE, an approach
based on partitioned iterated function systems (PIFS) to represent
auto-similarities within face image through a contractive affine
function transforming the domain blocks extracted only once by
a single frontal reference image, in a good approximation of the
range blocks which the target image has been partitioned into.
Pose estimation is achieved by finding the closest match between
fractal code of target image and a reference array by means of
Hamming distance. The results of experiments conducted exceed
the state of the art on both Biwi and Ponting’04 datasets as
well as approaching those of the best performing methods on the
challenging AFLW2000 database. In addition, the applications to
GOTCHA Video Dataset demonstrate that FASHE successfully
operates in-the-wild.

Index Terms—Head pose estimation, partitioned iterated func-
tion systems, fractal encoding, face recognition.

I. INTRODUCTION

With regard to pattern recognition, the term “head pose”,
which actually refers more specifically to face orientation in
3D space, represents a very popular keyword due to the vast
number of related research topics and applications [1] [2]. It is
a fact, indeed, that determining how human face is rotated with
respect to an imaging sensor may provide crucial information
for many tasks such as face recognition and analysis [3],
body tracking [4], face frontalization, gaze estimation [5],
[6], person re-identification [7], just to name a few. For most
of these purposes the ideal head pose estimation (hereafter
HPE) method should be able to determine three angular values
respectively for yaw, pitch and roll axes, associated to head’s
degrees of freedom, with the highest possible accuracy. HPE
can be determined using different source of information. In this
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paper we propose a method based on a singular RGB image,
that is the only source available when we want to perform best-
frame-selection in the wild. In fact, in surveillance contexts,
it is not usual to have more than a 2D low resolution image.
However, HPE in general, can be also performed using depth
information. 3D reconstruction results to be a step that is
mainly involved in this second category of input. In fact, as
demonstrated by recent literature [8] [9], the depth image or
frame, together with the RGB frame is significantly involved
in HPE. In particular, in [8] it is used directly in the HPE
step together with the RGB images, in [9] it is used in
the 3D reconstruction but with an initialization that involves
the need of a frontal frame of the same subject. We also
noticed, however, that by using depth information, e.g. 3D-
input method, is it possible to obtain excellent results even if
without the 3D reconstruction [10] [11].

Returning to our focus, HPE using a single RGB image,
since HPE can be seen as a classification problem, is unsurpris-
ing that the majority of the approaches proposed in the last five
years are based on machine learning and convolutional/deep
neural networks. Though DL/CNN methods have raised the
bar in terms of minimizing the estimation error, they inherently
require a training stage involving a vast number of positive and
negative examples to fully deliver their potential.

Fig. 1. Visual examples of pose estimation results achieved on images from
the AFLW2000 database. Top row: tripods showing ground-truth orientation.
Bottom row: tripods showing estimates by PIFS-based method.

However, machine learning could not necessarily be the
best performing solution for accurate and reliable HPE, as
a few proposals exploiting various image analysis techniques
[12] [13] have recently proved. In this context, Partitioned
Iterated Function Systems (hereafter PIFS), which are well
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known for compact representation of digital images through
lossy compression techniques, can advantageously be used as
an effective way to describe face pose variations in terms of
their inherent auto-similarities. We explore the possibility to
perform pose estimation by finding the best match between
the fractal encoding of the input image and a reference pose-
dataset. In this paper we present “FASHE”, an improved fractal
based HPE method that exploits a single frontal face image as
the reference to build only once the domain blocks required for
the fractal encoding procedure, thus increasing both accuracy
and efficiency of pose estimation.

To the aim of objectively assess the performance im-
provements possibly achieved with this new fractal encoding
process, we conducted experiments on three different database,
namely the Pointing’04 dataset, the Biwi Kinect Head Pose
Database and the AFLW2000 Automated Facial Landmarks
in the Wild dataset. The results achieved show, with regard
to mean absolute error, an edge over the state-of-the-art
for the Biwi database and a performance close to the best
approaches for the other two databases considered. As features
extractor for HPE, we also tested the use of several lossy
coding schemes such as DCT and Wavelet. However, the
self-similarity features embedded inside the PIFS technique
demonstrated to be more effective as a descriptor for HPE as
we will describe in the following sections.

The main contribution of this paper is the adaptation of a
well known PIFS Coding Scheme, widely used in the image
lossy compression, for HPE. In this context it demonstrated
to achieve the state of the art performances and, for certain
axes and environment, also to overcome it. To sum it up, the
proposals of this work are the following:

– a new fractal encoding approach to head pose estimation
under uncontrolled environment;

– high pose estimation accuracy, rivalling the performance
of best machine learning based approaches;

– no needs for training - inherent trustworthiness due to the
spatial and temporal characteristics of facial dynamics;

– improved efficiency compared to the classical fractal
encoding, since the domain blocks are pre-computed only
once, instead than for every image;

– a thorough set of experiments conducted on three differ-
ent datasets.

The rest of this paper is organized as follows. Section II.
reports on related works on the HPE topic. Section III. recalls
the math background behind PIFS and fractal image encoding;
Section IV. describes each step of the proposed approach;
Section V. presents the results of the experiments conducted
and, finally, Section VI. concludes the paper summarizing the
work done and the achievements.

II. RELATED WORKS

Given the relevance of HPE problem for many application
fields, an impressive number of contributions have been pro-
posed on this topic, particularly throughout the last decade.
HPE methods have been classified according to different
criteria, but, in the end, they all fall into two main types,
depending on whether they use either a 2D intensity image

or a 3d range/depth image as input. In the following lines
we report about related works belonging to these two macro-
categories.

A. 2D Methods

This is by far the largest category, also because working on
an intensity image considerably extends the application field
of HPE while requiring a much simpler acquisition modality.
Most of the contributions belonging to this category exploits
machine learning and particularly deep neural architectures.
This is the case of [14] where a convolutional neural network
(CNN) is used to project face images onto a low-dimensional
pose-space. Gourier et al. [15] evaluate the HPE from low-
resolution images, training an auto-associative memory and
computing it for each pose, using a Widrow-Hoff learning
rule. A probabilistic framework for continuous regression is
proposed by the authors of [16] to address pose estimation
in uncontrolled conditions. On a different line of research,
an appearance-based approach is proposed in [17], where
the input face image is matched against a pre-defined set
of exemplars head poses to find out the most similar one
according to the highest matching score. In [18], the authors
focus on the orientation of the nose as a reliable indicator
of whole head orientation, proving that this feature is highly
discriminant for pose classification. Instead of relying on a
single feature, detector methods such as [19] train a set of
classifiers to recognise relevant poses. In [20], head contour
results by classifying patches as either head or background,
then, a multi-level structured hybrid forest (MSHF) is de-
veloped for accurate pose estimation by means of selected
patches sub-regions. Drouard et al. [21] propose a mixture
of linear regressions with partially-latent output (hGLLiM).
Similarly, a regression technique based on Gaussian mixture of
locally-linear mapping is used to extract HOG-based descrip-
tors from face-related bounding boxes and mapping them to
corresponding head poses in [22]. An evolution of this method
is designed to learn both bounding-box-to-face alignments
and head-pose parameters, so that the predicted bounding-
box-to-face alignments are similar to those used for training,
thus minimizing the impact of background variations on pose
prediction.

In [23] a coarse-to-fine HPE framework which models the
uniform geometry representation through a unit circle for the
coarse layer and a 3-sphere for the fine layer, is proposed. On
a similar line of research, the authors of [24] present a deep
CNN based on a supervised two-stages initialization strategy,
by either projecting a neutral 3D face shape onto the test image
or by searching the closest shapes, pose distance wise, in the
training set. A further coarse-to-fine approach is also proposed
in [25], where the authors exploit global and local CNN
features to achieve both landmark detection and hierarchical
head pose estimation. In [26] the authors exploits synthesized
heads to build a 3D head centroids metric space and achieve
pose estimation by finding the best match between the 2D head
landmarks associated to the query image and the combined 3D
head centroids/pose hypotheses. To the aim of addressing head
pose estimation in multiple-cameras monitored environments,
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flexible graph-guided multi-task learning is used to learn
multiple region-based classifiers in [27]. On a different take,
the authors of [28] propose to use dictionary learning along
with a sparse-representation based classifier based to achieve
greater pose classification robustness. A regression approach
on support vector machines (SVR) is applied to HoG feature
is used in [29] for pose estimation on low resolution images.
Aiming at HPE in the wild the authors of [30] combine CNN
and adaptive gradient to improve accuracy and robustness.
Heatmap-CNN trained by 3D-pose, face’s visibility is used in
[31] to learn regressors and to obtain key-points estimation and
pose prediction. The system in [32] adopts a neural network
approach to estimate the head orientation from facial images.
A synthetic, procedurally annotated, dataset is used to train a
CNN and solve the HPE regression problem in [33].

A multi-loss network to estimate head pose Euler angles
directly from face image intensities using ResNet50 is de-
scribed in [34], while deep multi-task learning is used in [35]
to learn shared features from low-res intensity images. Multi-
task learning is also used in [36] with particular attention
to achieving real-time performance in both face detection
and pose estimation by means of a cascaded multi-CNN
architecture. The work in [37] estimates head poses from
color images without depth information via a CNN trained
by combining L2 regression loss with ordinal regression loss
in a multi-loss scheme. Two joint CNNs specialized for head
pose and full-body pose estimation, respectively, are proposed
in [38], while the authors of [39] improve estimation accuracy
fusing the hidden layers of a first CNN by means of a second
CNN along with a multi-task learning algorithm operating on
the fused features. A fine-grained structure mapping strategy is
proposed in [40] where regression is used to achieve features
spatial grouping before aggregation instead of exploiting their
spatial relationship or landmark estimation. A recent coarse-
to-fine approach featuring two subnetworks trained jointly is
presented in [41] where the first stage classifies the query
image results into four categories, while the subsequent fine
regression stage outputs an accurate pose estimation. Not
relying on any learning strategy, the authors of [12] use a
quad-tree based representation to model input face pose, with
regard to detected landmarks, and then match the resulting
binary pose-feature vector to a reference array containing a
discrete set of poses to find the best pose estimate. Finally,
in [13] instead of learning methods a peculiar Web-Shaped
Model (WSM) is applied to a set of previously detected facial
landmarks by centering the web on the nose-tip and therefore
associating each landmark to a face sector.

B. 3D Methods

Thanks to the growing availability and diffusion of more
affordable and portable 3D sensors, the number of HPE
approaches exploiting the extra information provided by
range/depth images have grown as well, yet it still represents a
small fraction of the so called 2D methods. Among the first to
work on 3D HPE the authors of [42] aim at finding the nose
region in the range image provided as query and therefore
exploit a generative algorithm to evaluates a large number of

hypotheses by means of parallel computing provided by GPU
vector processors. Range data are also used in [19] for pose
estimation through a random-forest based regression in which
synthetic 3D face renderings are used to train the regressor on
labeled data. A related approach is proposed in [43] where
a random forest-based framework combined with a voting
strategy applied to patches derived from the input range image,
is able to cope with large poses and partial occlusions. Also
based on random forests, yet trained by SIFT-HOG features,
is the method described in [44]. The notion of central profile,
a unique characteristic curve defined over the tridimensional
facial surface, along with the Hough transform, are exploited
thanks to a voting mechanism allowing to determine the sym-
metry plane and the associated pose in [45]. Realtime HPE by
means of affordable Microsoft Kinect depth sensor is proposed
in [46], where a viewpoint invariant triangular surface patch
descriptor is used to map input face 3d shape into a triangular
region and to match it to a previously built reference gallery.
The Kinect’s RGB and depth cameras are also exploited by
[47], where face detection and localization operates on the
RGB image aided by depth information and pose estimation
is achieved by SVM regressors, through features combining
both color and range data. Microsoft Kinect v2 rotational
and translational precision are evaluated in the context of
real-time HPE by the authors of [48]. Iterative Closest Point
algorithm along with particle swarm optimization are used in
[49] to address extreme face rotations and partial occlusions
by operating on a weighted-vertices morphable face model
registered onto captured 3D data. In [50] pose estimation of
a single 2D face image is achieved by means of a derived 3D
representation achieved by morphing an ethnically coherent
prototype face model toward the target query while minimizing
the distance between a set of key facial features. The authors
of [51] propose an approach which converting the annotated
2D landmark annotation available in many datasets to 3D
data, results in a large database containing 230.000 3D facial
landmarks to be used for training neural networks for improved
HPE. Finally, 3D Dense Face Alignment is proposed in [52],
by fitting and aligning a 3D face model to query 2D image
through a CNN.

The PIFS based pose estimation approach proposed in
this paper belongs to the category of “2D methods without
learning” and represents a new application of fractal encoding
to head pose estimation problem.

III. BACKGROUND

Fractals are of great interest in Mathematics since the late
19th century. The first implementation of a Partitioned Iterated
Function System (PIFS) was developed by Arnaud Jacquin
[53]. The reproduction of the image using the fractal code
is more compact than the pictures. Details about the fractal
encoding and our version of the algorithm are presented in
the following subsections.

A. Introduction to fractal encoding

The main idea under PIFS is that a part of an image can
be approximated by a transformed and down-sampled version
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Fig. 2. Workflow of the proposed method. (a) represents the preprocessing, (b) represents the fractal encoding and pose estimation.

of another part of the same image. This property called self-
similarity is used in PIFS to compress the image. In order to
define PIFS mathematically, we will give some preliminary
definitions.

Definition 1: Metric space A Metric Space is an ordered
pair (M,d) where M is a set and d is a metric, i.e. a function
from MxM to R such that for any x,y,z in M:

d(x,y) = 0⇔ x = y

d(x,y) = d(y,x)

d(x,z)≤ d(x,y)+d(y,z)
(1)

Definition 2: Contraction mapping A contraction mapping
on a metric space (M,d) is a function f from M to itself, with
the property:

d( f (x), f (y))≤ kd(x,y) (2)

for all x and y in M where k is a nonnegative real number
between 0 included and 1 excluded.
The same definition is true when the map is defined between
two different metric spaces.

Theorem 1: Fixed Point Theorem In a complete metric space
(M,d) if f : M → M is a contractive transformation with
parameter k, then exist and it is unique, a fixed point xi ∈M
such that

f (xi) = xi (3)

and for any point x in M is also true

lim
n→∞

f n(x) = lim
n→∞

f ( f ( f (...(x))))︸ ︷︷ ︸
ntimes

= xi (4)

The meaning of the fixed point theorem on an image is the
following. We consider images as points in a metric space.
Our aim is to find a contractive transformation on this space
that has as fixed point the image we want to encode. If we are
able to find this transformation, for the fixed point theorem
the distance between the point transformed by this contractive
function and the fixed point is less than the distance between
the initial point and the fixed point. In other words, if we
iteratively apply the contractive transformation to an initial

point, the transformation result will be closer and closer to
the fixed point.

Definition 3: Affine transformation If we consider a
grayscale image, an affine transformation is defined as

W (X) = AX +B (5)

where A is the transformation matrix, X is the array of the
image composed by (x,y) coordinates and z gray level, and
B is an offset vector. By affine transformation an image
can be translated, rotated, scaled or modified in contrast and
brightness.

Definition 4: IFS An Iterated Function System is a set F
of contractive affine transformations f1, ..., fN , which is itself
a contractive transformation. The contraction parameters of
F is the maximum of the parameters of its contractive affine
transformations. Furthermore, its fixed point X , also called the
attractor, is such that

F(X) =
N⋃

i=1

fi(X) = X (6)

Using all this mathematical backgrounds, Jacquin defined
the PIFS approximating a part of an image by a transformed
and downsampled part of the same image. For this reason, the
components of a PIFS system are: a complete metric space
M; a collection of sub-domains Di ∈ M and a collection of
contractive maps fi.

The steps of the PIFS are the following:
• The image to be encoded is partitioned in Ri, non over-

lapping range blocks.
• The same image is also partitioned in larger non overlap-

ping blocks D j called domain blocks.
• Find for every range block Ri, a domain block DRi such

that a contractive affine trasformation f , transform this
Domain block in a good approximation of the range
block.

It is clear that when a fractal encoding is used, the developer
must decide the size of the Domain Blocks and the size of
the Range Blocks. Generally domain and range blocks are
square and the differences between them means the level of
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compression. In FASHE we used an optimization algorithm to
speed the search of the blocks in fractal encoding [54].

B. HPE-optimized fractal encoding

If we want to apply fractal encoding to HPE in a classical
way, both the domain blocks and the range blocks will come
from the same image. This implies that the coded array,
representing the positions of the domain blocks after the
transformations, is referred to the position of the range blocks
of the same image. In addition, the domain blocks should be
estimated for every image.

In FASHE, other than apply fractal encoding to this new
field, we will use the same reference image to build the
domain blocks, regardless of the image we want to estimate
the head pose. To this purpose, the best candidate image
should have a neutral frontal head pose, 0◦Pitch, 0◦Yaw,
0◦Roll. Consequently, the steps introduced above become the
following:
• A frontal reference image is partitioned in large non

overlapping blocks D j called domain blocks.
• The image to be estimated is partitioned in Ri, smaller

non overlapping range blocks.
• Find for every range block Ri, a domain block DRi such

that a contractive affine trasformation f , transform this
Domain block in a good approximation of the range
block.

We also wish to emphasise that the reference image is not
required to came from the same subject we want to estimate,
rather a generic frontal image of a random subject is used
to build the domain block only once in the whole process.
Further details are shown in the following sections.

Fig. 3. A detail of the fractal encoding process.

IV. FASHE

In order to apply the fractal theory to estimate the head
pose, some preprocessing must be done on the images. The

following steps, explained later in details, are the most repre-
sentative of the overall method.

• Step 1, Face detection;
• Step 2, Landmark prediction;
• Step 3, Facial Mask creation;
• Step 4, Fractal codec array;
• Step 5, Hamming distance.

First of all, we have to detect the face. In order to do this we
used the Viola-Jones (VJ) detector. The VJ face detector [55]
is a Real-Time robust and effective algorithm well known in
literature. Using the AdaBoost learning algorithm, a classifier
is built to select the most relevant features from a very large set
of potential features. More classifiers are then used in cascade
to fast discard background regions.

Once the squared box with the position of the face is
detected, to extract the face more precisely, we use a Landmark
predictor [56]. This predictor is very fast, spending only a
millisecond per image. It is able to detect 68 relevant point
of the face supported by an ensemble of regression trees
that performs shape invariant feature. Since the method is a
predictor instead of a detector, the landmark will be always
68, even if there are some occlusions on the face. This makes
[56] a robust algorithm.

Using the detected boundary of the face, identified between
the landmarks 1 and 27, a black mask is created. The obtained
image is then resized in order to have the same dimension
of the fractal codec array for all the images. As described
in section III and in particular, in section III-B, the fractal
encoding is applied at the image. The range blocks are built
and compared with the domain block of a generic frontal face
in order to build the codec array. The codec array dimension
will depend on the dimension of the original image and the
range-domain block size selected. In our case, the image size
is 256x256, and we used a codec of 8x8 pixels as Domain
and 4x4 pixels as range, generating a codec matrix of 256
rows and 6 columns. The partitioning made is fixed and the
algorithm has been sped up with the selective search of the
correspondence between range and domain blocks, as shown in
[54]. The computational time required, for this reason, is less
than one second per codec, as we further discussed in Table III,
where we also show its dependence from the selected range
and domain values. In the first and the second columns there
are the coordinates of the range block selected, in the third
and fourth column the integer representing the inversion and
the rotation respectively. In the last two columns there are real
value representing the brightness and the contrast applied. This
matrix is converted in a 1536 entries array to better perform
comparisons.

The comparisons with some models labeled with different
poses stored in the dataset is performed using the Hamming
distance between the arrays. Given two arrays, one stored
and labeled s and one obtained from the image in input to
evaluate r, the function used in the Hamming distance [57] is
the following

δ (si,ri) =

{
1, if si 6= ri

0 if si = ri
(7)
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where si and ri are the entries of the stored and input
arrays, respectively. To evaluate the final distance, the sum
is performed

d(s,r) =
n

∑
i=1

δ (si,ri) (8)

It is clear that more the encode of the images are different,
more the Hamming distance will be higher. And, since dif-
ferent poses produce different encode, the pose of the stored
image with minimum Hamming distances compared with the
input one, will represent the most similar pose. Consequently,
the input image will be labeled with the pose of the image
with the minimum Hamming distance.

It is important to underline that if the image in input is very
rich in information in the background or because of makeup or
hair on the face, before to perform the abovementioned steps
is required a filter. To understand when the filter is necessary,
the overall entropy of the image is estimated

E =−∑
i

pi log2(pi) (9)

where pi is the probability of the i-th gray level. When the
entropy is higher than the mean entropy of the images stored in
the model, it can be supposed that there is a lot of information
in the image that can cause excessive difference between two
image even if they have the same head pose. For this reason
a Gaussian filter will be applied on the original image in
that case. An example of the step performed in this case
is represented in Figure 4. This step will be added between
module (a) and module (b) of the workflow proposed in Figure
2. More information about the filter involved can be found at
[58].

Fig. 4. The additional step for chaotic images.

V. EXPERIMENTS

A. Datasets

In order to test and evaluate the performance of the proposed
scheme, the experiments were conducted on images taken from
the Biwi Kinect Head Pose Database [59], Annotated Facial
Landmarks in the Wild (AFLW2000) [60] and Pointing’04
[61]. Figure 5 shows some image samples of these datasets.

Biwi includes over 15K images of 20 people (6 females and
14 males - 4 people were recorded twice). It contains, for each
frame in the captured sequences, both the RGB-image and the

depth image. Biwi Kinect Head Pose Database also provides
an .obj file per subject, which represents the 3D model of the
head of the subject, from which the following pose rotations
have been obtained:
• Pitch: from -30◦ to +30◦

• Yaw: from -45◦ to +45◦

• Roll: from -20◦ to +20◦

Ground truth is provided in the form of the 3D location of
the head and its rotation. A 2D synthetic face image is obtained
from 3D model, reproducing the texture characteristic of the
original subject; all the figures are annotated with Pitch, Yaw,
and Roll parameters, to use them as clear ground truth for the
experiments. The total of the poses is 2233 per model/subject,
considering all the possible combinations in terms of Pitch,
Yaw and Roll angles, for a total of 44660 and the maximum
angular support for each of the three degrees of freedom
corresponds to 5.

Further experiments were carried out with AFLW2000
dataset and Pointing 04’ dataset. Annotated Facial Landmarks
in the Wild provides a large-scale collection of annotated face
images gathered from Flickr, exhibiting a large variety in ap-
pearance (e.g., pose, expression, ethnicity, age, gender) as well
as general imaging and environmental conditions. AFLW2000
includes 2000 images from the AFLW dataset, re-annotated
for 3D face alignment; the 2D landmarks are skipped in this
dataset, since some of the data are not consistent to 21 points,
as the original paper mentioned. Pointing’04 dataset consists
of 15 subjects and each set includes 2 series of 93 images. The
subjects were captured twice, once in each of the two sessions
in different poses. The head poses are represented by Yaw and
Pitch; Pointing’04 does not contain Roll information.

Fig. 5. Some examples from the datasets. From left to right: Biwi,
AFLW2000, Pointing’04.

B. Results with different model configurations

The tests conducted on Biwi adopt a one left out strategy,
using only 1 subject to test and the others 9 as a model
for carrying out the comparisons. Using the test subject in
rotation, 10 experiments were carried out. These experiments
have a different number of elements in the test set, due to
the different percentage of faces detected by the Viola Jones
algorithm in the initial stages of the proposed approach. The
results refer only to the detected faces. The frontal image to
build the domain blocks in the experimental setup is chosen
randomly among the subjects included in Biwi. Table I reports
the results in terms of MAE for each subset tested. Note the
presence of variations in errors between an experimental subset
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TABLE I
MEAN OF PITCH, YAW AND ROLL ANGLES ON THE SUBSETS OF BIWI.

Subset Yaw Pitch Roll overall MAE
1 4.95 8.27 3.02 5.41
2 3.27 4.63 1.42 3.11
3 3.24 3.92 11.6 6.26
4 2.56 3.79 1.46 2.60
5 2.69 3.28 1.38 2.45
6 2.38 3.95 1.51 2.61
7 3.54 5.84 2.03 3.80
8 3.14 3.62 1.53 2.76
9 2.75 4.32 2.15 3.07
10 2.77 4.52 1.32 2.87

mean 3.13 4.61 2.74 3.50

TABLE II
AFLW CONFIGURATION GAUSSIAN FILTER.

Dataset Yaw Pitch Roll MAE
AFLW2000 5.71 7.14 4.5 5.78

AFLW2000 Blur 6.23 7.68 4.06 5.99
AFLW2000 Blur Selective 4.54 6.42 3.71 4.89

and the other; this is due to the presence of different geometric
conformations in the faces of the subjects.

As regards the AFLW2000 dataset, the choice of Gaussian
filter [58] to be applied to the images was made by evaluating
their entropy value. The Table II shows the results in terms of
MAE for AFLW2000 images tested in different conditions.
• AFLW2000 is obtained using the proposed fractal encod-

ing algorithm. The Gaussian filter is not applied on the
images.

• AFLW2000 Blur is obtained using the proposed fractal
encoding algorithm and a Gaussian filter with a stan-
dard deviation of 7. The application concerns the whole
dataset.

• AFLW2000 Blur Selective is obtained using the proposed
fractal encoding algorithm and a Gaussian filter with a
standard deviation of 7. The application only concerns
images that have a high entropy value.

As can be seen, the best results are obtained when a selective
application of the Gaussian filter is made based on the entropy.
This can be interpreted as a normalization in the amount of
details in the images.

As claimed in Section IV, our method uses a configuration
of 4 as Range and 8 as Domain. To justify this choice we used
Biwi to test also other range and domain configurations and
highlight that (4,8) represents the best choice. First of all, since
we are not interested in compression, we can simply set the
domain as double of the range, then we can observe that both
range than domain values must exactly divide the dimension
of the image, 256 in our case. From those observations we can
examine the following couples of ranges and domains, (2,4),
(4,8), (8,16), (16,32), (32,64) (64,128) and (128,256). We will
exclude from our analysis the first couple, because it needs
2.53 seconds per image to be computed, leading to a non-
real time application. We also exclude the last two couples
because they leave not enough blocks to compare. Analysing
the remaining couples, we will obtain the related errors on
Biwi and computational times shown in Table III. From those

results we can find the best configuration in (4,8) that we chose
in our experiments and comparisons with the state of the art.

TABLE III
DIFFERENT ERRORS AND COMPUTATIONAL TIME IN SECONDS, IN

DIFFERENT CONFIGURATIONS OF RANGE AND DOMAIN.

Configuration Err yaw Err pitch Err roll Comp time
(4,8) 3.13 4.61 2.74 0.1553
(8,16) 3.41 4.81 3.22 0.013
(16,32) 4.13 5.51 4.09 0.0015
(32,64) 9.83 10.08 7.26 0.0002

C. Comparisons with the state of the art

The experiments obtained from the proposed approach are
compared with the main proposals in literature and presented
in Section II. As mentioned in Section II, these strategies
can be divided into two classes: 1) model-based methods
and 2) neural network-based methods. Choosing one method
over another has its pros and cons. For example, neural
network based methods require an adequate training phase,
with a significant number of positive and negative examples,
but are more reliable for incorrectly identifying of the face
landmarks; on the other hand, faster model construction can be
achieved through model-based approaches. The performances
achieved by means of general methods such as Support Vector
Regression (SVR) [62], Gaussian processes - GPR [63] and
Partial Least Square Regression - PLS [64] are also reported.
Table IV, VI and VII respectively show the comparison of
results obtained on Biwi Kinect Head Pose Database [59],
AFLW2000 dataset [60] and Pointing’04 [61].

TABLE IV
MEAN ABSOLUTE ERROR OF PITCH, YAW, AND ROLL ANGLES ACROSS

DIFFERENT METHODS OVER THE BIWI DATASET. ALL METHODS MARKED
WITH (*) DO NOT USE NEURAL NETWORKS OR MACHINE LEARNING

APPROACHES. THE (+) SIGN IDENTIFIES THE SYSTEMS THAT USE 3D
TECHNIQUES.

Method Yaw Pitch Roll MAE
QT PYR [12] * 5.41 12.80 6.33 8.18

WSM [13] * 6.21 3.95 4.16 4.77
hGLLiM [21] 6.06 7.65 5.62 6.44

CNN-Regression [33] 6 6.1 5.7 5.94
Multi-Loss ResNet50 [34] 5.17 6.97 3.39 5.177

QuatNet [37] 4.01 5.49 2.93 4.14
FSA-Net [40] 4.27 4.96 2.76 3.996

Coarse-to-Fine [41] 4.76 5.48 4.29 4.84
SIFT-HOG [44] + 8.8 8.5 7.4 8.23

SVR [62] 6.98 7.77 5.14 6.63
GPR [63] 7.72 9.64 6.01 7.79
PLS [64] 7.35 7.87 6.11 7.11
FASHE * 3.13 4.61 2.74 3.50

To determine the errors and compare the Mean Absolute
Error (MAE), is used as performance index. The MAE rep-
resents the distance between the predicted and the effective
value, as defined by:

MAE =
1
n

n

∑
j=1
|y j− ŷ j| (10)

where y j is the ground truth, i.e the true angular value and
ŷ j is the prediction, i.e the predicted angular value. MAE is
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Fig. 6. Errors on BIWI in terms of angular poses.

Fig. 7. Errors on BIWI in terms of percentage of tested images.

calculated for each of three degrees of freedom and also an
overall MAE of the error along the three axes. Therefore, the
search for the perfect model translate into finding the lowest
possible MAE value.

The results obtained on Biwi and compared to state-of-
the-art methods are reported in Table IV. Almost all the
approaches adopted for the comparison are based on neural
networks, with the exception of QT PYR and WSM. In this
dataset, our approach provides a lower MAE value than all
other methods, including Yaw and Roll except for the WSM
(only Pitch angular error). In addition, we also compared
the features extractor, fractal encoding-based, we propose in
FASHE, with another features extractor, to demonstrate the
improvements of our descriptor. We used FaceNet [65], a pop-
ular and powerful neural network to perform face recognition,
to extract a features array of 128 elements from Biwi face
images and then proceed as the proposed method (e.g. we
substitute, in fact, the FaceNet features array to the Fractal
Encoding array, and then we build the model as usual and
used Hamming as distance). From the results in table V, it
is clear that not every features array can be used to perform
head pose estimation and, the particular characteristics of frac-
tal encoding (self-similarity through affinity transformations)
highlight the motivations behind FASHE.

The Table VI shows the results on AFLW2000. Considering

TABLE V
COMPARISON OF ANGULAR ERRORS ON BIWI DATASET BETWEEN FASHE

AND FACENET

Method Yaw Pitch Roll MAE
FaceNet [65] 33.82 22.21 16.18 24.07

FASHE 3.13 4.61 2.74 3.50

TABLE VI
MEAN ABSOLUTE ERROR OF PITCH, YAW, AND ROLL ANGLES ACROSS
DIFFERENT METHODS OVER THE AFLW2000 DATASET. ALL METHODS

MARKED WITH (*) DO NOT USE NEURAL NETWORKS OR MACHINE
LEARNING APPROACHES. THE (+) SIGN IDENTIFIES THE SYSTEMS THAT

USE 3D TECHNIQUES.

Method Yaw Pitch Roll MAE
QT PYR [12] * 7.6 7.6 7.17 7.45
WSM [13] * 3.11 4.82 2.25 3.39
KEPLER [31] 6.45 5.85 8.75 7.01
Multi-Loss ResNet50 [34] 6.470 6.559 5.436 6.155
QuatNet [37] 3.973 5.615 3.92 4.503
Hyperface [39] 7.61 6.13 3.92 5.89
FAN [51] + 6.358 12.277 8.714 9.116
3DDFA [52] + 5.400 8.530 8.250 7.393
FASHE * 4.54 6.42 3.71 4.89

Fig. 8. Errors on AFLW2000 in terms of angular poses.

Fig. 9. Errors on AFLW2000 in terms of percentage of tested images.

that the dataset has a not entirely precise annotation of the
poses, the results obtained favourably compete with the others.
The overall MAE is similar to approaches that use CNNs and,
in some cases, it is better. Again, the WSM is the exception.
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TABLE VII
MEAN ABSOLUTE ERROR OF PITCH AND YAW ANGLES ACROSS

DIFFERENT METHODS OVER THE POINTING’04 DATASET. ALL METHODS
MARKED WITH (*) DO NOT USE NEURAL NETWORKS OR MACHINE

LEARNING APPROACHES. THE (+) SIGN IDENTIFIES THE SYSTEMS THAT
USE 3D TECHNIQUES.

Method Yaw Pitch MAE
WSM [13] * 10.63 6.34 8.4
Gourier et al. [15] 12.1 7.3 9.7
hGLLiM [21] 7.93 8.47 8.2
Probabilistic HDR [22] 8.70 8.85 8.775
Stiefelhagen [32] 9.7 9.5 9.6
Kong et al. [50] + 10.98 9.71 10.345
SVR [62] 12.82 11.25 12.035
FASHE * 6.6 9 7.8

Fig. 10. Errors on Pointing’04 in terms of angular poses.

Fig. 11. Errors on Pointing’04 in terms of percentage of tested images.

Table VII shows the results over Pointing’04 dataset. As
can be observed on Biwi’s experimental results, the proposed
approach on fractal encoding provides a lower MAE value than
all other methods, including Yaw angles. Roll information are
absent from the dataset, therefore none of the state-of-the-art
methods include Roll in the experiment results.

Considering the computational time, as can be seen from
Table III, if we consider that the faster method at the state
of the art is WSM, that has a similar preprocessing to us and
spent 0.2 seconds in mean in the core of the method, with our

0.1553 seconds required, we outperform the state of the art.
In particular, this computational time is obtained for a fixed
partition of range and domain, 4 and 8, respectively, used for
each dataset involved. Those values give us a balance between
computational time performances and errors performances. It
is possible that, paying in computational time, the results over
AFLW, that is the only dataset on which we do not outperform
the state of the art, could be improved.

Some additional visual results are shown in the lines graphs
and histograms graphs. In particular in Figures 6, 8 and 10
can be observed the behaviour of FASHE correlated to head
pose angular values on , AFLW2000 and Pointing’04 datasets,
respectively. On Biwi, Pitch error increases when angular
value is large and positive, whereas Yaw error increases when
angular value is large in module, while Roll error is generally
low over all angular values. On AFLW2000 both Pitch and
Yaw errors increase when angular value is large in module,
while Roll error is maximum only for positive large angular
values. Finally, on Pointing’04 Pitch error and Yaw error both
increase when the pose’s angular value is large and negative.

Fig. 12. Comparisons in terms of Errors between state-of-the-art methods on
BIWI.

In Figures 7, 9 and 11 can be observed the percentage of
images with error below a given angle on Biwi, AFLW2000
and Pointing’04 datasets, respectively. On Biwi, more than a
half of images have an error equal to 0◦, and less than 5% of
images have an error higher than 5◦. On AFLW2000, about
30% of images have an error equal to 0◦, about 80% of images
have an error less than 5◦, and less than 5% of images have an
error higher than 5◦. On Pointing’04, the difference in pitch
and yaw is more marked. About 40% of images for pitch and
60% of images for yaw have an error around 0◦ and there are
no images with error higher than 10◦.

Figures 12, 13 and 14 graphically represent the comparisons
with the state-of-the-art on Biwi, AFLW2000 and Pointing’04
datasets, respectively. Here the errors reported are displayed
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Fig. 13. Comparisons in terms of Errors between state-of-the-art methods on
AFLW2000.

Fig. 14. Comparisons in terms of Errors between state-of-the-art methods on
Pointing’04.

on different graphs according to Yaw, Pitch, Roll and MAE,
with the exception of Figure 14 where Roll is not present.

Finally, in Figure 15 some experiments on the Gotcha Video
Dataset are shown. The Gotcha Dataset [66] is a multiview
video dataset containing video from cooperative and non-
cooperative subjects. This kind of data, particularly the non-
cooperative, are very useful to evaluate the effectiveness of a
head pose estimation method to find the (most) frontal face
in a video-sequence collected in the wild. According to the
results of the experiments, FASHE successfully detected the
best approximation to a frontal face pose among the frames
available for each subject in the database.

Fig. 15. Experiments on a video sequence on Gotcha. In yellow the most
frontal pose detected by our algorithm.

VI. CONCLUSIONS

In this paper, FASHE, an improved PIFS-based approach for
head pose estimation, is presented. The proposed method relies
on contractive transformation of face image auto-similarities
to determine a fractal-encoding vector, whose comparison
to a reference gallery provide a pose estimate. The method
exploits a single reference face image to pre-compute only
once the domain blocks required by fractal encoding process.
This novel characteristic improves fractal encoding effective-
ness as well as its efficiency, since it is not necessary to
build the domain blocks for every input image and this is
particularly true for video related applications. The fractal
code representing the rotational-features of the input face
image is therefore matched against a reference array to find
the closest approximation according to Hamming distance.
The whole process does not involve any training or neural
network. Nevertheless, according to the results of the set
of experiments conducted on three reference datasets, the
reported pose estimation error on AFLW2000 is comparable
to that of the best performing methods regardless they are
based on machine learning or not. Moreover, on the Biwi and
Pointing’04 datasets our method sets a new unprecedented
MAE performance, with value as low as 3.50° and 7.80°
respectively. These findings support the intuition that not
always and not necessarily a learning strategy based on deep
CNN architecture represents the most performing approach
for complex pattern recognition tasks. Further experiments on
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the GOTCHA dataset prove the practical applicability of this
approach to the task of face normalization by most-frontal-face
frame selection. We are currently considering the use of non-
linear transformations to the aim of improving the sensitivity
and accuracy in the detection of self-similarity, as well as
designing an ad-hoc metric for the distance between IFSs.
Another strategy applicable to FASHE to improve its result
on heterogeneous dataset as AFLW, is to perform different
preprocessing steps in terms of filtering. Since the use of a
Gaussian filter on AFLW improved the performances of the
method, we can imagine that a move in this direction will make
FASHE able to outperform the state of the art also on AFLW.
Another possible path to follow could be to evaluate different
metrics or classifiers to further improve the results that can be
obtained by a fractal encoding method as features extractor
for HPE. We are currently investigating the application of
FASHE to 3D information, through depth images. This, in
fact, completely changes our initial data, and can demonstrate
the effectiveness and generalization of the fractal features.
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