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ANNA KOLLBERG
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Abstract

Estimation of head pose and distance to the driver is crucial in the area of active
safety. Systems can detect inattention of a driver by studying the head pose, in
order to alarm the driver before an accident occurs. Structured light for depth
estimation can be implemented in an one camera system with low cost and high
accuracy. Furthermore, using convolutional networks for pose and depth estimation
is a broad area of research.

The aim of the project was to investigate and implement algorithms for con-
structing depth maps using structured light. The depth estimates were compared
with a current single point depth estimate, regarding both accuracy and invariance
to characteristics of the head. The project also aimed to investigate how depth and
pose estimation performed by CNNs were impacted by adding depth maps as input.

The resulting algorithm constructed depth maps of faces using structured light.
The accuracy of the algorithm for estimating depth using structured light was evalu-
ated to be less than one centimeter and the obtained precision was considered high.
Furthermore, the performance of the algorithm was invariant to head characteristics.

The impact of adding depth maps as input to convolutional networks was studied,
both using multitask networks and singletask networks. The singletask networks
predicted either depth or rotation whilst the multitask networks predicted depth,
Xy-position, rotation and landmarks. Before training any networks, a data collection
was carried out to obtain all required inputs.

Adding depth maps as additional input to a singletask network for prediction
of depth or rotation, compared to using only IR images as input, increased the
performance. Furthermore, including depth maps as input to a multitask network
was found to increase the performance of prediction of landmarks, xy-position and
rotation while no significant di Lerkence could be concluded for prediction of depth.

Keywords: Depth map, structured light, computer vision, convolutional networks
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1

Introduction

Active safety is a broad area of research, with rapidly increasing importance as the
technology of autonomous driving evolves. Simultaneously, the need for a deeper
understanding of the driver's behaviour in tra ¢ arises when aiming to implement
advanced driver assistance systems to make tra ¢ more safe and less unpredictable.
Such driver assistance systems can alert the driver when needed, which serves to
reduce the risk of tra ¢ accidents caused by driver inattention. According to the
Swedish National Road and Transport Research Institute VTI [1] studies imply that
tiredness may be a contributing factor to 10-40% of all tra ¢ accidents, making fur-
ther research within this area of active safety highly motivated. In order to estimate
driver awareness, properties like head pose, eye movements and body motion are of
use. Such properties can be used to detect driver fatigue in real time, for instance
by identifying pixels corresponding to the eyeball in a consecutive set of frames cap-
tured by a camera in the compartment [2]. Furthermore, by evaluating the head
pose driver inattention can be detected and the driver can be alarmed if necessary.
Yet another aspect where head pose could be of interest is regarding the execution
of air bags. A detailed map of the position of the driver could prevent the release
of air bags if the driver is in a position where such a release could be harmful.

Since systems for eye tracking and pose estimation for advanced driver assistance
systems presented in research have been found to performed well, the industry has
started to incorporate such techniques in the development of new products. Smart
Eye [3] is a company that produces advanced systems for eye tracking. In addition
to track eye gaze and eye movements, the devices developed by Smart Eye can also
estimate the pose of the head as well as the distance to the head. Smart Eye has
systems consisting of one single camera or a set of multiple cameras. For automotive
applications the single camera system is considered well suited as it is smaller in size
and easier to incorporate into the compartment.

1.1 Project description

Today, camera devices developed by Smart Eye have technology to track depth,
Xy-position, rotation and facial landmarks of a driver in a compartment using a

single camera. Though, the tracked data is estimated based on the characteristics
of the head of the driver, making it sensitive to deviations in size and shape. As a
result, the single point depth estimate has an accuracy of #0of the distance, which

Is not considered accurate enough. Moreover, in order to achieve this accuracy it
Is necessary to include small head movements as an initial step of the recording,
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such that the head model which is used to create data from tracking can be built
properly. The goal is to increase the accuracy of the single point depth estimate to
less than one centimeter. Another goal is to create depth maps of the face, since the
current depth estimate only consists of one single point. The single point estimate
is positioned between the eyes, behind the nose bridge, whilst structured light will
be implemented to model the distance to the surface of the face. Thereby, an o set
between these two measures corresponding to the distance between them needs to
be considered in order to enable a comparison.

Currently, infrared images, IR image, are used as input to convolutional neural
networks, CNNs, for various task, including estimation of depth and the head pose of
the driver. The networks are trained supervised using the output from the tracking
algorithms as ground truth. As structured light will be implemented to create depth
maps of the face, the possibility to increase the performance by adding depth maps
as additional input will be explored. The ground truth parameter for depth will be
replaced by the depth value computed using structured light, whilst ground truth
for xy-position, rotation and facial landmarks is computed from the current tracking
system.

Furthermore, the tracking algorithms are based on IR images. Hence, the output
of the tracking algorithms can not be generated from images contaminated by IR
structured light. Therefore, it must be possible to obtain regular IR images in every
other frame of the camera in order to obtain the required output used as ground
truth to the network. As a result, a prototype camera called Smart Al-X 3D has
been designed.

1.2 Aim

The aim of the project was to investigate and implement algorithms for construct-

ing depth maps using structured light. The depth estimates were compared with
a current single point depth estimate, regarding both accuracy and invariance to
characteristics of the head. The project also aimed to investigate how depth and
pose estimation performed by CNNs were impacted by adding depth maps as input.

1.3 Speci cation of issue under investigation

The project is divided into two parts: to compute depth maps using structured light
and to improve estimation of depth and pose by adding depth maps as input to
neural networks. The following questions will be answered as the project proceeds:

1.3.1 Part 1. Generation of depth maps using structured
light

Is it possible to obtain an accuracy for the depth estimate of less than one
centimeter when using structured light?

Is it possible to obtain an accuracy and precision in computed depth which is
independent of the characteristics of the head using structured light?
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1.3.2 Part 2: Depth and pose prediction using depth maps

Can the performance of the CNNs performing pose and depth estimation im-
prove by using depth maps computed from structured light as additional input?

1.4 Limitations

The algorithms developed during the project are limited to be based on a specic
camera developed by Smart Eye during the project, namely the Smart Al-X 3D.
Until the camera is available, initial testing will be performed on another camera,
with di erent pattern and software. This report is limited to discuss results obtained
from the Smart Al-X 3D, wherefore initial testing on any other camera will be
exluded from the report.

The project is limited to use only one near IR camera and one projector. The
projector used for depth estimation is limited to use a uniform grid of dots as
pattern. The accuracy of the generated depth estimations is limited to be compared
to present technologies used for depth estimation at Smart Eye. Furthermore, the
evaluation of the accuracy is limited to use available measurement tools, which are
safe for humans. No depth maps are available for comparison with the ones obtained
from the implemented depth estimation algorithm.

There is a limitation related to the di erence in origin of the two depth estima-
tions. The o set between these two depth values is limited to be 1 cm for all depth
estimations, in both the comparison of the accuracy and when updating the ground
truth in the CNNs.

The second part of the project is limited to improve depth and head pose predic-
tion using the obtained depth information from the rst part of the project. Data
for the CNNs will be limited to recordings of employees at Smart Eye. All work
concerning the networks is limited to be based on the current code framework at
Smart Eye.

The evaluation of Part 1 as well as the data collection for Part 2 is limited to
o ce environment, and no other lighting conditions are tested. The test persons
in the data collection are not wearing glasses or similar accessories. The evaluation
of the depth estimate of Part 1 is limited to be tested on two di erent persons, at
distances between 50 and 75 cm. The images used for evaluation are taken in front
view.

Another limitation is that both the frame used for obtaining output from current
tracking algorithms and the consecutive frame with projected structured light are
captured using an IR camera. Hence, the frames need to be taken separately, which
results in a time di erence onl=fps = 1=60s between the frame used for generating
the depth information and the frame used for obtaining ground truth.

The area of active safety will be considered and a brief discussion of social and
ethical aspects of possible implementations will be carried out.
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1.5 Contributions

There are two main contributions of this project. First, the project aims to create
depth maps based on the projection of a uniform IR pattern, instead of a pseudo
random pattern which is frequently implemented for this task. The second main
contribution is to study the impact of adding depth maps of the face as input to a
convolutional network for prediction of depth and head pose, as compared to only
using IR images as input.
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Theory

In the following sections a literature review of theories and studies relevant to this
project are presented.

2.1 Depth estimation

In order to obtain a correct 3D representation of a scene, regular 2D images are
not enough due to lack of depth. Instead, 3D surface imaging must be deployed
to gather all data necessary for such a representation. This has been subject to
numerous research papers during the years, especially as products implementing the
technigues have become available at low cost. The process consists of approximating
a depth map of a scene, which subsequently can be used for 3D reconstruction of
objects of interest. Several computer vision techniques can be applied to reach a
depth estimate and the corresponding camera system must be designed accordingly.
The three most common techniques for obtaining depth maps are time of ight,
stereo vision and structured light. A brief description of time of ight and stereo
vision is given in the following section. Then, the concept of structured light is
described followed by a comparison of advantages and disadvantages of structured
light as compared to the two other techniques described. Lastly, learning techniques
for estimation of depth maps are presented.

2.1.1 Time of ight

Time of ight cameras, ToF cameras, utilize the speed of electromagnetic radiation
in air [4]. Itis trivial that the distance D[m] can be found from the formulaD = ¢
wherec 3 1C°[m=g] is the speed of radiation and [s] the time. Now, let radiation
be emitted at time 0 by a ToF transmittor and re ected back on the surface. The
radiation will then reach the ToF receiver at time and the distance it has traveled
is 2D. The distance can be found from:

C

D= —
2

An advantage of ToF systems, compared to structured light and stereo vision
systems, is that ToF su ers less from occlusion [4]. The reason for this is that the
transmitter and receiver are designed such that they are collinear, i.e. placed on a
line. This is achieved by placing the transmitter close to the receiver.

A problem of the ToF system is how to measure the time. As an example, in
order to cover a distance of one meter a precision of nanoseconds is needed, whilst for

5



2. Theory

centimeter precision picoseconds is needed. One method for handling this problem
Is continuous wave modulation, described below.

Microsoft has developed range sensing devices called Kil¥ct In 2010 Microsoft
released KinectM based on structured light for range sensing. A few years later,
Microsoft created Kinect One based on ToF. In order to use time of ight, continuous
wave intensity modulation is used in the device. This is also what is most often used
in ToF systems. The scene is illuminated using a near infrared intensity modulated
periodic light which causes a time shift in the optical signal. The time shift in the
optical signal corresponds to a phase shift in the periodic signal, which is detected
in each sensor pixel. Finally, the time shift is transformed into a distance.

2.1.2 Stereo vision

The basic stereo vision system consists of two cameras, a camera to the left called
reference camera and one to the right called target camera [4]. The two cameras
need to be calibrated and put into a 3D and 2D reference system. The 2D reference
system has coordinategu, ;v ) for the left camera and(ug; vg) for the right. The
disparity, d, can be found from:

d= up URr

l.e. the disparity is the dierence in horizontal coordinates in the 2D reference
system.

From the disparity the depth in the 3D reference system for each pixel can be
computed [4]. The formula for computing depth is:

fob

D_d7p

(2.1)

wheref is the focal length [m],brepresents the baseline [m] i.e. the distance between
the camerasd is the disparity value described abovep the pixel size [m] andD is
the depth [m]. In Figure 2.1 the idea of stereo vision is illustrated.
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Figure 2.1: Overview of stereo vision where b is baseline, D is depth and c is
camera.

Stereo vision is not a new technique within computer vision, already in 1981 an
image registration technique was proposed which could be used in a stereo vision
system [5]. Moreover, in 1998, stereo vision was used by Bertozzi et al. [6] to
perform generic obstacle and lane detection system on moving vehicles. For obstacle
detection Bertozzi et al. used stereo images, in order to directly detect the presence
of obstacles.

Stereo vision for urban 3D semantic modelling was studied by Sengupta et al.
[7] in 2013. Their proposed algorithm generated a 3D reconstruction with semantic
labellings, where the input was street level stereo image pairs from a camera on a
vehicle in motion. Stereovision was used to generate depth maps, which in turn was
fused into global 3D volumes. The labelling was performed using a framework called
Conditional Random Field and the label estimates were aggregated to annotate a
3D volume.

2.1.3 Analytic depth resolution of stereo vision

In order to further investigate the resolution of the depth estimation using Equation
2.1 the spatial sampling of the image must be considered [4, 8]. This is because the
depth estimation is highly dependent on the estimation of distances in the image.
Following the derivation in [8], an error d is introduced in the estimated position of
a certain point imaged by the camera and the measurement ofd can be expressed
as:

d= do d
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Using dg as the true disparity of the point, the distance to a certain point can be
described as:

bf
D= —
do
Equivalently, dy can be expressed by:
bf
do = D (2.2)

Though, as an error in position estimation in turn introduces an errorD in depth,
the depth measurement can be expressed Bs= D, D . Again, Dg is assumed
to be the true depth. Now, Taylor expansion can be used to expred3 in terms of
d:

bf

D=—d

dg

Finally, substituting dy by the expression in Equation 2.2 yields the following

depth resolution model:
D2
D =_— 2.3
bf (2.3)
where d is the resolution of disparity.
As the disparity resolution is most easily measured in pixels, the focal length needs
to be converted to pixels as well. Hence, focal length is de ned to be= f,,=pwhere

fm iIs the focal length in unit meter andp is the pixel size in unit meter.

2.1.4 Structured light

Structured light is an optical method to measure objects, consisting of a camera
system in combination with a projector, as illustrated in Figure 2.2. The process
of a structured light system mimics stereo vision but here disparity is estimated
between two projected patterns instead of two distinct cameras [4]. The purpose of
the projector is to emit an encoded pattern onto a scene, which then is captured
by the camera. Since the emitted pattern gets altered while projected onto objects
the displacement of the pattern from its original counterpart can be used to obtain

a disparity map. The disparity is then used to estimate depth in the scene equally
to stereo vision. The camera system usually consist of one or two cameras. Two
cameras often increase the performance of the system as many problems of structured
light systems can be dealt with more e ciently. For instance, two cameras make the
system less sensitive to non-idealities in sensors and projectors but also less sensitive
to ambient light, as the two patterns compared will be a ected by these factors to
the same extent.
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Figure 2.2: Overview of structured light where p is projector, c is camera and d is
disparity.

As the light source projects a pattern onto the surface of the object, two crucial
steps in the process of using a structured light system consist of encoding and
decoding of the projected pattern [9]. Considering the characteristics of the pattern
it should be possible to nd correspondences between a pattern and its projected
counterpart. A wide set of patterns can be used for structured light systems, mostly
di erent versions of stripe patterns or grid patterns. In order to make it easier to
distinguish between di erent parts of a pattern distinctions in intensities, phases
and sizes can be imposed. Depending on the characteristics of the encoded pattern
di erent decoding algorithms can be applied, such as pattern recognition for pseudo-
random grids.

To obtain a depth estimate from the disparity between patterns the formula in
Equation 2.1 should be modi ed according to the calibration of the structured light
system [4], which yields:

1
Di = DC (24)

1 e

D¢ bf
In the formula above, a dierence in depth D; is estimated using the depth of
the calibration image D, and the disparity between points at the distanceD; and
the points at the calibration distance, calledd,,. Then, the depth at a pixeli is

obtained by:

Di=D¢.+ D

The depth resolution for structured light is computed using the same formula as
for stereo vision, Equation 2.3. Trivially, this can be proved following the steps in
Section 2.1.3.
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Structured light techniques are frequently used to obtain depth maps. As men-
tioned in previous sections, structured light was implemented in the rst version of
Microsoft Kinect [10] where depth maps are used for gesture recognition and human
pose estimation.

Moreover, since structured light can be used to obtain measurements of an ob-
ject without contact with its surface the system has been considered well suited
for a wide set of reconstruction applications, including forensic medicine [11] and
reconstruction of cultural relics [12].

2.1.5 Advantages and disadvantages of structured light

As there exist several techniques to estimate 3D surfaces it is of interest to compare
the advantages and disadvantages of structured light techniques compared to other
techniques, mainly time of ight and stereo vision as these are the most common.

The main advantage of structured light is that the system can be designed with
only one camera as compared to stereo vision, which can drastically reduce the
production cost. It also makes the system more portable and easier to incorporate.
An additional advantage of structured light is that it can be used to accomplish high
spatial resolution, since it does not require processing at sensor level like in the case
of ToF.

Since the projector and the IR camera are placed at distinct locations on the
device, some of the projected dots may not be seen by the camera due to occlusion.
The problem of occlusion arises both in structured light and stereo vision [10]. As for
structured light, this can result in problems in the decoding process of the pattern
since data is lost. In order to nd corresponding patterns it is therefore useful
to identify which part of the pattern that have been occluded from the projector
and neglect the corresponding parts of the original pattern. Moreover, occlusion
results in holes which often require further post processing. Since ToF cameras only
have one single viewpoint this technique does not su er from problems related to
occlusion.

Another parameter that a ects the performance of structured light is the presence
of ambient illumination since this can result in a corrupted pattern. The problem
can occur even when using infrared light, since the wavelength of the projector can
coincide with the spectrum of wavelengths for sunlight. Therefore, it might not be
possible to Iter from the signal [13], making structured light nonrobust to ambient
illumination. Contrary, this problem does not appear when using time of ight
cameras which makes it more suitable for outdoor measurements than structured
light. Though, both techniques su er when the environment is too bright since this
can cause over-saturation, which also is the case for stereo light.

All systems using cameras can be a ected by noise and sensor non-idealities. The
presence of such phenomena may be extra signi cant for single camera structured
light systems as these factors highly a ect the di erence between compared patterns.

Finally, due to absorption and re ectivity properties of objects in the scene the
projection of the pattern may su er from severe color and intensity distortions,
leading to a major decrease in correctly matched parts of the pattern [4]. Clearly,
this is a more frequently appearing issue when encoded patterns that are not uniform
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in color or intensity.

By the advantages and disadvantaged stated above it is clear that when choosing
a depth imaging technique the production cost must be set in relation to possible
reductions in performance caused by technique speci c challenges.

2.1.6 Learning techniques for estimation of depth maps

Another possible approach to obtain an estimation of depth is to incorporate learning
techniques in combination with monocular images. Depth estimation based on only
one image is a challenging task, since it is only possible to obtain local features in the
image without any information about its global scale. Features which are possible
to extract from monocular images are for instance changes in texture, shading and
occlusion but based on the characteristics of the image these may not be enough.
As a consequence, information from a single image often result in an insu cient
depth estimation. Though, estimating depth using monocular images is desirable
since it could reduce the cost of hardware for devices designed to estimate depth
and possibly simplify the processes of these. To circumvent these challenges, and
since standard techniques such as triangulation can not be applied, neural networks
has been presented as a possible solution.

A study within this area of research was performed by Saxena et al. [14] at
Stanford University. They presented a model based on supervised learning to predict
a depth map with only monocular images as input and used a hierarchical multiscale
Markov Random Field, MRF. Such a random eld consist of random variables which
all have Markov properties, i.e. their future state depends only on the present state
and no other previous states. In the model presented by Saxena et al., the MRF
incorporated both local and global features of the image to estimate depths as well
as to estimate relations between depths at distinct points of the image. Hence, both
absolute depths features and relative depths features were included. The proposed
model was able to estimate depth for a varying set of scenes. Furthermore, an
algorithm which combined depth estimates using triangulation and monocular depth
estimates was proposed, which was found to perform better than when only using
either of the two depth estimates.

2.2 Pose estimation

The 3D modeling techniques presented in previous sections can be useful for a num-
ber of tasks, for instance pose estimation which is the subject of the second part
of this project. Head pose estimation in computer vision is the process of inferring
the orientation of the human head from an image [15]. Ideally, the estimation shall
be invariant to camera distortion, projective geometry, biological appearance and
accessories, e.g. glasses and hats. The de nition of head pose estimation is wide, it
can be anything from a system that identi es the head in frontal versus left/right
pro le to continuous angular measurements. One option to describe the rotation of
the head is by using quaternionsg=(w,x,y,z) [16]:

q:(cosé ; Sin > )
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In the equation above,j§j = 1. The angle of rotation is represented by and the
axis of rotation is represented byt = ( ny; ny;n;), which has the propertyjhj = 1.

Furthermore, gaze estimation is closely linked with head pose estimation and
to accurately predict gaze direction head pose is needed. In order to perform the
head pose estimation many di erent methods has been studied and used throughout
the years, these methods varies from geometric methods which uses the location of
features to determine pose to convolutional networks that can map an image to
head pose estimation. The focus in this section will be on the advances of using
convolutional networks for pose estimation.

2.2.1 Convolutional networks for computer vision

The most commonly used networks for computer visions systems are Convolutional
Neural Networks, CNNs. CNNs generally consist of three main neural layers: con-
volutional layers, pooling layers and fully connected layers. A simple illustration of
a convolutional network is visualized in Figure 2.3.

Figure 2.3: lllustration of the typical structure of a convolutional network.

In the convolutional layer, the input image is convolved using lters [17]. The
output of this layer is a 2D feature map. The convolutional layer learns correlations
between neighbouring pixels and is also invariant to the location of the object. It
reduces the number of parameters, wherefore the convolution layer can replace the
last fully connected layer for faster learning. The next layer is usually a pooling
layer. This layer reduces the dimensions of feature maps and network parameters.
Max pooling and average pooling are the two most common pooling layers. The
convolutional layers and pooling layers are often repeated throughout the network,
ending with fully connected layers. The fully connected layers converts the 2D
feature maps into one 1D feature vector.

The training of a neural network consists of two stages [17]. The rst stage is
called the forward stage where weights and bias for each layer are computed. Using
the prediction output and the ground truth a loss is computed. One of the most
common loss functions is Mean Average Error, MAE [18]:
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11X .
MAE = —  Jerror;:
Nz
In the formula above, the error is computed as a di erence between predicted pa-
rameters and the ground truth.

In the backward stage, gradients for each parameter are computed and the pa-
rameters are updated based on these gradients. The updating of weights depends
on the learning rate. A common way of setting the learning rates is using Adam
[19], which is an adaptive learning rate method computing individual learning rates.
The forward and backward stages are iterated until a stopping criteria is ful lled.

A stopping criteria could be that the loss cost is lower than a certain value or that
the number of maximum iterations/epochs, are reached.

A problem of deep learning and large CNNs is over tting [17]. There are multiple
ways to handle this problem, one approach is to use data augmentation, where data
is augmented to generate more data.

To evaluate di erent techniques an annual challenge is held within visual recog-
nition, called ImageNet Large Scale Visual Recognition Challenge, or ILSVRC [17].
In 2012 the CNN AlexNet [20] won this competition. After this breakthrough an
increasing number of contestants used deep learning techniques and in 2014 most
participants used CNNs as a basis for their models. Between 2014 and 2013 the error
in image classi cation was halved because of this. AlexNet consists of ve convo-
lutional layers and three fully connected layers. It utilizes di erent forms of data
augmentation: image translations, horizontal re ections and altering intensities of
RGB channels in images.

Other popular CNNs are residual networks, called ResNets [21]. ResNets consist
of stacked residual units, with the form:

yi = h(x)) + F(x;; W)

X1 = f(n)

Herex, is the input of the I unit, x,4, is the output of the I unit, F is a residual
function, f is a ReLU function, andh(x;) is an identity mapping. The residual func-
tion F should be learned with respect td(x;) by using an identity skip connection.
RelLU, Recti ed Linear Unit, is an activation function which is both e ective and
simple and used in many CNNs [22]. A simple illustration of a residual network is
visualized in Figure 2.4.
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Figure 2.4: lllustration of the typical structure of a residual network.

Generative Adversarial Networks, GANs, is another commonly used network [23].
GANSs learn two networks with competing losses. The two networks are called
generator and discriminator respectively. The generator network's task is to map
a random vector to fake images, and the discriminator's is to distinguish the fake
images from the real images. Hence, GANSs are frequently used to generate simulated
images. The typical structure of GANs is illustrated in Figure 2.5.

Figure 2.5: lllustration of the typical structure of a generative adversarial network.

Recently yet another network architecture called Facial Attributes-Net [24], or
FAb-Net, was presented by the Visual Geometry Group at University of Oxford. The
network has an encoder-decoder structure and is a smaller network than ResNet. In
the encoder all convolutional layers have size 44 while convolutional layers in the
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decoder have siz8 3. The network was implemented to learn facial attributes in
a self-supervised approach and performed superior or comparable to state-of-the-art
frameworks for similar tasks implementing self-supervised learning.

2.2.2 Depth maps for learning tasks within computer vision

As the techniques to estimate depth have been improved, the number of tasks within
the area of computer vision for which depth maps have been found useful has in-
creased as well. For instance, using depth information to perform pose estimation
has been found successful. Shotton et al. [25] released a paper in 2013 where they
used single depth images for pose recognition in real-time. The idea was to trans-
form the pose estimation problem to a per-pixel classi cation problem. The input
to their system was a 2D representation of a depth image and the output was a
3D skeleton of the person in the image, where 31 body parts were considered. The
general objective was to nd a functionF depending on image and framet, where
F(lg; 1 15:) = ¢ and ¢ is the 3D skeleton at framet. First, for each pixel in the
image probabilities for each body part were estimated using randomized decision
forests. This was then used to form a body parts image noted &5, where each
pixel contained a vector with 31 probabilities for each body part considered. Then,
a set of joint hypotheses consisting of body part, 3D position and con dence were
formed using the probabilities inC,. Finally, a nal 3D skeleton . was estimated by
nding combinations of the joint hypotheses which made the skeleton kinematically
consistent with the skeleton of the previous frame. With this structure, it was only
the very last step that used information from previous frames.

The evaluation was performed on both synthetically generated images and real
data. It could be noted that more training data improved the result, up until around
100 000 images. On both synthetic and real data the accuracy was consider high
compared to other systems at that time.

Depth information has also been used for human action recognition by Wang
et al. [26] in 2016. A deep convolutional neural network with three channels was
used together with weighted hierarchical depth motion maps. The method trans-
formed the action recognition problem to an image classi cation problem, which
used information from consecutive depth maps. To make the CNN view-tolerant,
the captured depth maps were rotated. Furthermore, di erent temporal scales were
constructed to create a set of distinct spatiotemporal motion patterns. Both of these
implementations increased the number of training data. The motion maps were also
converted into pseudo color images to enhance the 2D spatial structures. After rota-
tion, the depth maps were projected onto three orthogonal Cartesian planes. Then,
for each of the three projected views the absolute di erences between subsequent
frames were accumulated. Each of the three channels was trained on the projected
depth maps independently and the nal classi cation was obtained after fusing all
three networks, as a late fusion network. The CNNs were all initialized with models
from ImageNet. The method was successful compared to the other methods.

Furthermore, depth maps have been incorporated as input for object recognition
tasks. A model for object recognition using both RGB images and depth images
has been studied by Eitel et al. [27]. Two separate CNN processing streams were
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used for the two inputs, which then were combined using a late fusion network. For
the depth data two parts were introduced for more e ective results. First, to be
able to learn without large depth datasets an encoding of the depth information
was used in order to enable usage of pre-trained networks. Here, the depth image
was encoded as an RGB image which resulted in information spread to all three
RGB channels. A standard pre-trained CNN was then used for recognition. Second,
data augmentation was performed for robust learning. In addition, since occlusion
often is a problem when working with depth maps, the images were augmented
by adding occlusions known from sampling real-world environments. The networks
were trained separately for depth and color information as a rst stage, both using
weights initialized from the ImageNet dataset. In the next training stage the two
streams were jointly ne tuned. Finally, classi cation was performed by a fusion
network.

2.2.3 Multitask network for face recognition tasks

There are multiple tasks regarding face recognition, and these tasks can often be
performed with higher accuracy if performed simultaneously. Ranjan et al. [28]
has implemented and evaluated a multitask learning network for performing face
detection, landmark localization, pose estimation and gender recognition simultane-
ously. Their proposed method was called HyperFace and it fused the intermediate
layers of a deep CNN for better performance. HyperFace used three modules. Mod-
ule one generated class-independent region proposals from the image, module two
was a CNN which classi ed the regions as face or no face and also provided facial
landmarks location, gender information and estimated head pose. Module three
performed post processing.

Ranjan et al. [28] proposed two di erent architectures for their network. Hyper-
Face based on AlexNet was their rst approach. The network was initialized with
the weights of a network called R-CNN-face network, described below. The fully
convolutional layers were not needed for pose estimation and landmarks extraction,
and was therefore removed. The lower layer features were suitable for pose esti-
mation and landmark detection, whilst the higher layer features were more suitable
for the more complex tasks detection and classi cation. Since their objective was to
learn face detection, landmarks, pose and gender simultaneously, they fused features
from intermediate layers of the network and learned multiple tasks on top of it. To
learn the weights of the network, speci c loss functions were used for each task.

To evaluate HyperFace, Ranjan et al. [28] also studied simple CNNs where each
CNN performed one task each, e.g. a R-CNN-face network which only performed
face detection. Another comparison was made with a model similar to HyperFace,
Multitask_Face, which simultaneously detected face, localized landmarks, estimated
pose and predicted gender but without fusion of intermediate layers. Instead, Mul-
titask_Face used a fully connected layer at the end of the network to combine the
tasks.

After evaluating HyperFace based on AlexNet, Ranjan et al. [28] created a model
based on ResNet called HyperFace ResNet. Geometrical features were again fused
from the lower layers and semantically strong features from the deeper layers. Aver-
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age pooling was used to generate a shared feature vector. Their evaluation showed
that HyperFace and Multi-task_Face were comparable in performance for face de-
tection datasets, which indicated that fusion was not important for the face de-
tection task. For landmark localization, the fusing of layers was more important
as HyperFace outperformed Multitask_Face. HyperFace-ResNet also outperformed
HyperFace. In pose estimation, HyperFace and HyperFace ResNet performed bet-
ter than Multitask_Face. The performance for roll, pitch and yaw di ered and yaw
was the hardest to estimate. For gender detection there were no distinct di erences
in performance between MultiTask_Face and HyperFace.

Their conclusion was that all face related tasks are bene ted from using a mul-
titask learning framework, and using fusing of intermediate layers improves the
performance for pose estimation and landmark localization. HyperFace ResNet
was slower than HyperFace, since it performed more convolutions, but had better
performance.

2.2.4 Generating simulated data for pose estimation

When training neural networks data collection is often a problem, as neural networks
acquire much data. Shrivastava et al. [23] used synthetic images for training, with
both simulated and unsupervised learning to improve the realism of synthetic images.
The learning was meant to improve the realism of the simulator's output, whilst
preserving the annotation information from the simulator.

The proposed method, called SImMGAN [23], used an adversarial network to gen-
erate these synthetic images. The network was similar to GAN but instead of using
random vectors as inputs synthetic images were used. The rst step of SImGAN was
to generate synthetic images with a simulator. A network, using ResNet blocks, was
used to re ne the images from the simulator using a self regularization term which
penalized changes between the synthetic and re ned image. After training, the re-
ned images should be indistinguishable from real images using a discriminative
network.

Pose estimation using SIMGAN was evaluated [23]. The training was done on real,
synthetic and re ned synthetic images and then evaluated on real images. Training
on re ned synthetic data from SImGAN outperformed both the model trained on
real images and the model training on original synthetic data.
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