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Abstract— An accurate and fast driver’s head pose estimation
is a rich source of information, in particular in the automotive
context. Head pose is a key element for driver’s behavior
investigation, pose analysis, attention monitoring and also
a useful component to improve the efficacy of Human-Car
Interaction systems. In this paper, a Recurrent Neural Network
is exploited to tackle the problem of driver head pose estimation,
directly and only working on depth images to be more reliable
in presence of varying or insufficient illumination. Experimental
results, obtained from two public dataset, namely Biwi Kinect
Head Pose and ICT-3DHP Database, prove the efficacy of the
proposed method that overcomes state-of-art works. Besides,
the entire system is implemented and tested on two embedded
boards with real time performance.

I. INTRODUCTION
Head pose estimation is a useful source of information in
many computer vision fields, such as Human-Computer Interaction [1], Human-Robot Interaction [2], saliency analysis
[3] and in particular the automotive context. Indeed, head
pose is a concrete tool to investigate many aspects of the
driver.
First, a driver monitoring and attention analysis can be
conducted through head pose, and driver inattention is one of
the most important factor in highway crashes. The National
Highway Traffic Safety Administration reports that about 25%
of police-reported crashes involves driver inattention [4].
Driver inattention can be classified into two main categories
[4]: distraction and fatigue. In turn, distraction is divided
in three areas [5]: Visual Distraction (e.g. driver’s gaze is
not on the road), Cognitive Distraction (e.g. driver is not
focused into driving activity) and Manual Distraction, that
can be classified as Auditory Distraction (e.g. driver is talking
at the phone) and Bio-mechanical Distraction (e.g. driver’s
hands are not on the steering wheel). Head pose analysis is a
key aspect to investigate this kind of driver distractions and
fatigue: for example, in [6] driver’s head movements and
cognitive distraction are correlated during driving activity.
Besides, in [7] head pose and eye location information
are combined to estimate the driver gaze estimation. Other
literature works [8], [9], [10] reveal that driver inspection
patterns on the forward view are influenced by cognitive and
visual distraction. Furthermore, many car companies have
implemented and installed own monitoring systems for driver
posture, behavior and attention analysis, proving the increase
of interest in this research field.
Second, head pose estimation could be used to detect driver
fatigue, that “concerns the inability or disinclination to
continue an activity, generally because the activity has been

Fig. 1. Graphical results of the proposed system. Starting from depth
images (second column), a Recurrent Neural Network is exploited to recover
the head pose (third column), expressed with the 3D yaw, pitch and roll.

going on for too long” [11]. Four categories of driver fatigue
can be considered [4]: Local Physical Fatigue (e.g. in a
skeletal or ocular muscle), General Physical fatigue (the
consequence of a heavy manual labor), Central Nervous
Fatigue (drowsiness) and Mental Fatigue (low concentration
due to bad physical conditions). In [12] head nod after
checking the side mirrors, less frequent head motions, the
tendency to turn the head to the left are strongly correlated
with driver fatigue.
Finally, driver head pose investigation can be exploited for
infotainment systems, to make more user-friendly the new
Human-Car Interaction systems [13], [14] and to increment
the velocity and safety of driver operations inside the cockpit. Automotive context is a challenging environment and
imposes some requirements on installed systems inside a
car cockpit. A fundamental aspect is the light invariance:
systems have to be reliable even in presence of dramatic
light changes (day, night, tunnels, bad weather conditions).
Car companies tackle this problem with the adoption of
near infrared devices, such as depth cameras, that are less
prone to fail in these conditions in respect to standard
RGB cameras. Also the non-invasivity of the systems is
a key aspect: driver’s movements and gaze must be not
impeded during driving activity and hardware devices have
to be integrated inside the limited space of the car cockpit.
Several solutions have been proposed [15] and are based

Fig. 2. Overall view of the proposed system. Depth images are the input of the Recurrent Neural Network, composed by 5 convolutional layers and 3
max pooling layers, followed by 2 LSTM modules. The output are continuous values representing the three 3D Euler head angles.

on Physiological Signals (electroencephalography, electrocardiography and electromyography) collected with sensors
placed usually inside the steering wheel or the car seat,
Vehicle Signals (parameters acquired from the car bus) and
Physical Signals based on image acquisition and elaboration:
in this paradigm vision-based approaches are probably the
best solution. Besides, the presence of several occlusion and
the dynamism of the driver body inside the cockpit require
robust detection and classification algorithms. Finally, real
time performance are necessary to detect anomalies and
immediately product warning alarms.
In this work, we aim to tackle the head pose estimation
problem through a deep approach. In particular, we exploit a
Recurrent Neural Network (RNN) in a regression manner, to
output continuous 3D angle values (yaw, pitch and roll) with
good accuracy and real time performance. The proposed system is based only depth images, obtained through a infrared
sensor, to achieve reliability against light changes. Finally,
we investigate the possibility to implement the proposed
system on two mobile embedded boards (NVIDIA Jetson TK1
and NVIDIA Jetson TX1), with limited computational power
and low energy consumption, following a low-cost and plugin approach compatible with the automotive context.
II. RELATED WORK
In last decades, several works have tackled the problem
of head pose estimation, or rather, the ability to infer the
orientation of a person’s head relative to the view of the
camera [16]. Literature approaches are based on intensity
images (2D data), depth images, cloud points (3D data),
or a combination of them. Typically, 3D data provide less
sensitivity to light changes and partial occlusions, but suffer
in term of texture information.
Few works in the literature combine the use of Convolutional
Neural Networks (CNN) and depth maps to estimate the
head pose directly from images: in [17], [18] for the first
time is proposed to use a CNN with depth images acquired
with Microsoft Kinect camera. Other works that are based
on CNN and 3D data concern different tasks, like skeleton
body pose estimation [19], action recognition [20], object
pose estimation [21] and human body joint identification

[22], [23].
A novel triangular surface patch descriptor is encoded in
[24] to map 3D head data with the relative head pose
learned from a previous training phase. Fanelli et al. [25]
proposed a real time framework implemented with Random
Regression Forests to detect head position and orientation,
directly from depth images. Other approaches tackle the head
pose estimation task as a optimization problem: in [26], [27]
Particle Swarm Optimization and least-square minimization
algorithms are respectively applied on depth images. In [28]
is proposed an approach for head pose detection with low
quality depth data. Extremely low resolution RGB images
are the used in [29] and despite the input quality results
close to the state-of-the-art are achieved. [30] tackles the
problem of large head pose variations and partial occlusions:
after the nose tip detection, geometric features are exploited
to extract head pose in real time thanks to the aid of a
dedicated graphic unit. The angles of head rotation are
predicted exploiting Histograms of Gradients (HOG) feature,
extracted from RGB images, in [31]. A CNN and RGB
images acquired from a monocular camera are combined in
[32]; the deep architecture is exploited in a regression manner
with a good accuracy, despite the presence of light changes
in input images. Deep learning approaches typically require
huge amount of annotated data, the use of synthetic RGB
dataset is growing [33].
Several works in literature use a combination of 2D and
3D data: for example, [2] combine stereo camera images
and color images through a neural network approach; a
initialization to detect the skin color is required at the
beginning. Also in [34] are merged depth and intensity
data to support a 3D constrained local method for facial
feature tracking task. In [35] time-of-flight depth data and
color information are combined to perform a real time head
pose estimation. The computation work is demanded to a
dedicated GPU. A Multi Layer Perceptron and a linear SVM
are exploited to combined HOG feature computed on 2D and
3D data, respectively in [36] and in [37]. A 3D morphable
model with pose parameters from both RGB and depth data
is fitted in [38], exploiting a well-known face detector [39].

TABLE I
R ESULTS ON Biwi Dataset: PITCH , ROLL AND YAW (E ULER ANGLES )

Method
Saeed et al. [37]
Fanelli et al.[25]
Yang et al. [36]
Baltruvsaitis et al.[34]
Papazov et al. [24]
Venturelli et al. [17]
Our

Data
RGB+depth
depth
RGB+depth
RGB+depth
depth
depth
depth

III. MODEL ARCHITECTURE
The proposed system receives a stream of depth images
as input and outputs 3D angles, defining the head orientation. The key elements of the proposal are the following.
Firstly, we propose to exploit a Recurrent Neural Network
(RNN) to perform head pose estimation, directly and only
from depth images, acquired with a frontal and stationary
infrared device. No additional features, like nose tip, eyes or
mouth localization are required. Second, the pose estimation
task has been tackled in a regression manner to produce
continuous 3D angles (yaw, pitch and roll) as output. This
task is challenging due to the problem of periodicity [40]
and the non-continuous nature of Euler angles [41]. Finally, a
particular attention is given to the computational requirement
of the entire system, which is implemented on embedded
boards equipped with a GPU module.
Head detection and localization are out of the scope of this
paper and thus we supposed they are available.
A. LSTM module
A Long Short-Term Memories (LSTM) network [42] is
a type of recurrent network that has achieved good performances on many tasks, like image captioning [43], visual
recognition [44] and so on. To the best of our knowledge,
very few works in literature use a recurrent approach in a
regression manner to perform head pose estimation.
Our LSTM model is updated according to the following
equations, that are graphically represented in Figure 2:

Pitch
5.0 ± 5.8
8.5 ± 9.9
9.1 ± 7.4
5.1
3.0 ± 9.6
2.8 ± 3.1
2.0 ± 1.9

Roll
4.3 ± 4.6
7.9 ± 8.3
7.4 ± 4.9
11.2
2.5 ± 7.4
2.3 ± 2.9
2.1 ± 2.0

Yaw
3.9 ± 4.2
8.9 ± 13.0
8.9 ± 8.2
6.29
3.8 ± 16.0
3.6 ± 4.1
2.3 ± 2.0

camera. Given the head center xh , yh a bounding box for
each frame is crated with width and height computed as:
fx,y · R
(7)
Z
where fx,y are the horizontal and vertical focal lengths
expressed in pixel of the acquisition device, R is the width
of a generic face, 300 mm in our case, and Z is the distance
between the subject’s face and the device, obtained from the
depth images. In this way, it is possible to obtained images
with a centered head, with small portion of pixels that belong
to the background.
A shallow architecture, as depicted in the left part of Figure
2, is adopted in order to conjugate accuracy in pose estimation task and low computational demand. Three convolutional layers with 30 filters of 5 × 5 and 4 × 4 are followed
by a max pooling layer of dimensions 2 × 2. Then, other two
convolutional layers are added, with respectively 30 and 120
filters of 3×3. Finally, there are two LSTM layers with a size
of 120 and 84. The output is generated by a fully connected
layer with 3 neurons, that corresponds to the three 3D angles
predicted: yaw, pitch and roll. The activation function is
the hyperbolic tangent (tanh), which enables the network
to generate finite outputs [−∞, +∞] → [−1, +1]. Adadelta
optimizer [45] is exploited to solve the back-propagation.
During the training phase, the L2 loss is used:
w, h =

L2 =

n
X

kyi − f (xi )k2

(8)

i

It = σ(Wi xt + Ui Ht−1 + bi )

(1)

Ft = σ(Wf xt + Uf Ht−1 + bf )

(2)

Ot = σ(Wo xt + Uo Ht−1 + bo )

(3)

Gt = tanh(Wc xt + Uc Ht−1 + bc )

(4)

C t = Ft

Ct−1 + It

(5)

Ht = Ot

tanh(Ct )

Gt

(6)

where xt is the input to the memory cell layer at time t, all
W and U are weight matrices and b are bias vectors.
Input images of the recurrent network are obtained by a
infrared acquisition device. Input values are normalized to
set their mean and the variance to 0 and 1, respectively.
Only faces with a small part of background are fed into the
network: subject’s face is cropped using a dynamic window
that changes based on the distance of the subject from the

where yi is the ground truth information, expressed in Euler
angles and f (xi ) is the network prediction, both normalized
between [−1, +1]. The RNN has been trained with a batch
size of 64, a momentum value of 9−1 , a decay value of
5−4 and a learning rate initially set to 10−1 and its value
is automatically updated by Adadelta optimizer. Due to the
presence of the recurrent layers, input images have to be
organized into temporal sequences. Sequences have a length
of 60 frames and are overlapped to each other with 30
frames, each frame has a spatial resolution of 64 × 64 pixel
and one channel, as a gray level image.
Finally, data augmentation is performed: given a depth
image, new input images are obtained with a horizontal and
vertical translation, a zoom-in and zoom-out operations and
the addition of a Gaussian noise. This operation guarantees
the increase of the amount of input images, helping to avoid

TABLE II
R ESULTS ON ICT-3DHP Dataset: PITCH , ROLL AND YAW (E ULER ANGLES )

Method
Saeed et al. [37]
Fanelli et al. [25]
Baltruvsaitis et al.[34]
Our

Data
RGB+depth
depth
RGB+depth
depth

over fitting problems. Moreover, data augmentation creates
image with partial occlusions, a key element to have a trained
network that could be reliable against head occlusions.
IV. EXPERIMENTAL RESULTS
In this section experimental results are presented. One
public dataset, namely Biwi Kinect Head Pose Dataset, is
used for the training phase. An additional dataset (ICT-3D
database) is included in the testing phase, conducing a crossdataset evaluation. The evaluation metric is based on the
Mean Average Error, the absolute difference between ground
truth annotation and network predictions, reported in Euler
angles.
A. Dataset
Biwi Dataset has been introduced by Fanelli et al. in [46],
is one of the few dataset that contains both RGB and depth
data, acquired by Microsoft Kinect device, and explicitly
designed for head pose estimation task. It is composed
of about 15k upper body images with a spatial resolution
of 640x480, collected with 20 subjects (14 males and 6
females), the head rotation spans about ±50◦ for roll, ±75◦
for yaw and ±60◦ for pitch. The calibration matrix and the
head center are given. We use sequences of subjects number
11 and 12 to test our network, even if is not clear the choice
of test subjects in the original work.
ICT-3DHP Database [34] is also collected using Microsoft
Kinect and contains about 14k both RGB and depth frames
(640x480 pixel), divided into 10 sequences. All subjects wear
a white cap, due to the presence of the Polhemus Fastrack
used to track the head pose for ground truth annotations.
In general, it is easy to note the lack of dataset that
contains depth information and oriented to deep approaches.
Specifically for our task, to the best of our knowledge, there
are no dataset acquired inside vehicle, designed for head pose
estimation, that include both intensity and depth images and
accurate head pose annotations.
B. Quantitative evaluation
Results of the proposed system are compared with other
state-of-art methods. As above mentioned, the testing phase
is conducted on two subjects of Biwi dataset and the entire ICT-3DHP dataset, following the evaluation protocol
proposed in [25]. As showed in Table I, our approach
overcomes other literature methods with Biwi dataset, based
on RGB, depth or both data; in particular, our method is
more accurate than other recent methods based on a CNN
[17], [32] (last paper is not reported in the table because the

Pitch
4.9 ± 5.3
5.9 ± 6.3
7.06
4.9 ± 4.6

Roll
4.4 ± 4.6
10.48
4.2 ± 4.3

Yaw
5.1 ± 5.4
6.3 ± 6.9
6.90
7.5 ± 6.3

original evaluation pipeline is not followed; however, results
are 3.4 ± 2.9, 2.6 ± 2.5 and 2.8 ± 2.4 for pitch, roll and yaw,
respectively). In general, we observe that yaw angle presents
an error mean value more accentuated that the other two
angles. In Table II are reported results for ICT-3DHP dataset.
Angle values related to [25] are taken from [19]. Also int
his case a good accuracy is achieved, despite the lack of
the head center annotation (tip nose is instead provided) that
influences the crop of the dynamic window; moreover, no
guarantees are provided about the accuracy of the ground
truth of training dataset, Biwi, and testing dataset: the same
angle could be expressed with partially different continuous
values.
The good accuracy achieved in both cases allows to implement a driver attention monitoring system or into new
infotainment system, all cases in which a precise head pose
estimation is required.
C. Reliability against occlusions
In real situations, driver images are usually affected by
occlusions, caused by hand movements or objects like smartphones, garments and similar. During the training session,
data augmentation produces input depth images with artificial
occlusions (as result for example for the horizontal or vertical
translation). To test the reliability against occlusions of the
proposed system, we have artificially applied masks to the
input images of the Biwi dataset to partially cover the
subject’s face. Four types of occlusions are created with a
rectangular mask with a size of about 25% of original input
image area, that is placed on the top, bottom, left and right
part of the image; then, a square of size 60x60 pixel mask
is applied on the tip nose of the subject, covering the central
part of the face. Finally, for each test subject five sequences
are created, one for each type of occlusion and a final
sequence with all the occlusion randomly selected. Table
III shows the results of network prediction in presence of
these occlusions. As expected, occlusions generally degrade
network prediction accuracy. In particular, we note that top
occlusions affect in particular pitch prediction, while the
center occlusion affects all the angles.
V. EMBEDDED IMPLEMENTATION
The proposed system has been developed and tested using
an embedded system. The reasons underlying this implementation are varied: the recent release of cheap GPU board bring
up new opportunities to run deep networks in mobile context;
then, a plug-in approach is more desirable, in order to have
a ready system without a real implementation inside the car

TABLE III
R ESULTS OF THE PROPOSED SYSTEM WITH SIMULATED OCCLUSIONS
(Biwi DATASET )
Type of occlusion
center
bottom
right
top
left
random

Pitch
11.9 ± 4.8
8.6 ± 3.8
2.5 ± 2.0
34.0 ± 18.8
2.8 ± 3.1
7.8 ± 7.4

Head
Roll
3.0 ± 3.4
3.7 ± 2.9
2.9 ± 2.8
8.4 ± 8.6
4.5 ± 3.0
3.1 ± 3.5

Yaw
11.0 ±8.2
5.0 ±4.2
8.7 ±6.0
8.9 ±6.2
5.5 ±6.1
5.7 ±4.6

cockpit during projecting phase. Besides, low-cost solution
is a key element for car companies.
A. Hardware
The use of CNN to perform head pose estimation has
driven the choice to two embedded boards equipped with a
dedicated graphics processing unit (GPU): a NVIDIA Jestson
TK1 1 and TX1 2 . The TK1 board is based on a 192 CUDAcores Kepler architecture, has a quad-Core ARM A15 Cortex
CPU, 2 GB of RAM memory shared with graphic unit and
16 GB of flash storage. Instead, TX1 is based on a 256
CUDA-cores Maxwell architecture, has a quad-core ARM
A57 CPU, 4 GB of shared memory and 16 GB of flash
storage. Depth frame are acquired with Microsoft Kinect One,
based on Time-of-Flight technology, that is able to acquire
depth frame with a spatial resolution of 512x424 pixel.
B. Speed evaluation
Two logical parts have to be implemented on embedded
boards: the acquisition process, to acquire depth frame, and
the prediction process, demanded to the RNN described
above. Both parts have been developed in Python, exploiting
the Keras framework with Theano back-end.
No official libraries have been released to run Microsoft
Kinect SDK with the Linux platform running on the Jetson
boards. Thus, we exploited the C++ library called Libfreenect
3
, trough which we capture the frames and send to the
Python modules by means of a socket communication.
Speed evaluation is conducted measuring time spent by the
acquisition process and the prediction task. Table V-B reports
speed performance, expressed in seconds, for both embedded
boards.
TABLE IV
S PEED PERFORMANCE ON J ETSON TK1 AND TX1 BOARDS
Boards
Acquisition Time
Prediction Time
Total Time

Jetson
CPU
0.0305
0.0717
0.1022

TK1
GPU
0.0277
0.0256
0.0533

Jetson
CPU
0.0141
0.0525
0.0666

TX1
GPU
0.0238
0.0091
0.0329

Results prove the feasibility of the implementation on cheap
and embedded boards, with limited hardware resources and
1 http://www.nvidia.it/object/jetson-tk1-embedded-dev-kit-it.html
2 http://www.nvidia.com/object/embedded-systems.html
3 https://github.com/OpenKinect/libfreenect

low energy consumption. Thanks to the shallow architecture
of the RNN and the limited size of the input images (64x64
pixels), both CPU and GPU elaborations allow real time or
near real time speed performance. On TK1 the system is able
to achieve about 10 fps with CPU and 19 fps with GPU; on
TX1 we have about 15 fps with CPU and 30 fps with the
aid of the GPU and cuDNN libraries (these libraries are not
supported on TK1). As expected, acquisition time is similar
in both cases. The speed up is about 2 for both TK1 and
TX1 boards, with respect to CPU elaboration speed. TX1 has
more CUDA cores than TK1 and a more powerful processor,
that is reflected in our experiments.
With these embedded solutions, a complete stand-alone and
plug-in driver monitor system could be integrated directly
inside the car cockpit, without a specific design of the car
companies.

(a)
Fig. 3.

(b)

NVDIA Jetson TK1 and NVIDIA Jetson TX1

VI. CONCLUSIONS
We have presented a RNN to tackle the head pose estimation task, with a good accuracy and real time performance.
We focus on the automotive context to set system requirements: light changes in-variance, low computational load,
reliability to occlusions and no initialization. The system
has been also implemented on two cheap embedded boards
to prove the feasibility of the entire system in terms of
memory requirements and computational load. A module for
head detection or localization is strictly required to create
a complete framework that acquires depth images, finds the
head center and outputs the three head angles. Finally, a event
system could be integrated to produce warnings correlated
with the driver head orientation.
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