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Abstract

In this thesis we explore the concepts and components which can be used as individual
building blocks for producing immersive virtual reality (VR) content from a single RGB-
D sensor. We identify the properties of immersive VR videos and propose a system
composed of a foreground /background separator, a dynamic scene re-constructor and a
shape completer.

We initially explore the foreground/background separator component in the context
of video summarization. More specifically, we examined how to extract trajectories of
moving objects from video sequences captured with a static camera. We then present a
new approach for video summarization via minimization of the spatial-temporal projec-
tions of the extracted object trajectories. New evaluation criterion are also presented for
video summarization. These concepts of foreground /background separation can then be
applied towards VR scene creation by extracting relative objects of interest.

We present an approach for the dynamic scene re-constructor component using a
single moving RGB-D sensor. By tracking the foreground objects and removing them
from the input RGB-D frames we can feed the background only data into existing RGB-D
SLAM systems. The result is a static 3D background model where the foreground frames
are then super-imposed to produce a coherent scene with dynamic moving foreground
objects. We also present a specific method for extracting moving foreground objects from
a moving RGB-D camera along with an evaluation dataset with benchmarks.

Lastly, the shape completer component takes in a single view depth map of an object
as input and "fills in" the occluded portions to produce a complete 3D shape. We present
an approach that utilizes a new data minimal representation, the additive depth map,
which allows traditional 2D convolutional neural networks to accomplish the task. The
additive depth map represents the amount of depth required to transform the input into
the "back depth map" which would exist if there was a sensor exactly opposite of the
input. We train and benchmark our approach using existing synthetic datasets and also
show that it can perform shape completion on real world data without fine-tuning. Our
experiments show that our data minimal representation can achieve comparable results
to existing state-of-the-art 3D networks while also being able to produce higher resolution

outputs.
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Chapter 1

Introduction

With the recent introduction of immersive head mounted displays (HMD) at the con-
sumer level, interest in producing virtual reality (VR) content has been renewed. Broadly
speaking, content for VR falls between the spectrum of completely virtual to completely
reality-based. An example of completely virtual content would be a video game whose
assets were created through a 3D modelling program such as Blender [8| while an exam-
ple of completely reality-based content would be a 360° video captured using multiple
synchronized calibrated cameras. On the one hand, the completely virtual approach al-
lows for complete control over the final product leading to a potentially more powerful
experience. On the other hand, finer control over the details often results in an increased
amount of manual labour with the additional risk of wandering into the uncanny valley
[135]. In contrast, the completely reality-based approach uses visual sensors to capture

a scene from the real world for a user to experience virtually. The goal is to take the



user’s head movements as detected by the HMD and show the appropriate portion of
the captured content. The final product of this approach often depends on the sensors
used. An approach which falls between the virtual and reality-based methods would have
elements of both: some sensor(s) to capture a scene (or object of interest) which is then
displayed through a 3D model in virtual space. An example of this would be observing
a 3D mesh model produced from photogrammetry. For all approaches, it is the use of
the HMD which allows for immersion as, depending on the limitations of the content,
the user can have 3 to 6 degrees of freedom (DoF) movement.

In this thesis we propose an approach for creating VR content which leans towards the
reality-based methods. More specifically, we explore the problem of creating an immersive
VR experience using data captured with a single RGB-D camera. Unlike other existing
methods for VR content creation with visual sensors, the approach presented in this thesis
produces a 3D video where each of the frames are true 3D objects that are consistently
aligned with a static 3D background. The result is a more immersive experience where
the viewer can have 6 DoF motion while observing their captured content. Furthermore,
since we apply a single sensor restriction, the methods presented in this thesis lowers the
barrier of entry for producing immersive VR experiences to consumer levels. Applications
which have a single sensor restriction, such as journalists in environments which require
impromptu filming, can also make use of our methods to produce more engaging VR
content.

The rest of this chapter is organized as follows. Section 1.1 covers the basic principles
of an immersive HMD while Section 1.2 details different methods and hardware for
capturing VR content. Section 1.3 presents the thesis statement, Section 1.4 states
the main research questions and Section 1.5 lists the main contributions of this thesis.

Finally, an outline for the rest of this thesis is given in Section 1.6.

1.1 Anatomy of an Immersive HMD

In order for a HMD to be immersive it must satisfy the following criteria:
1. Encompass the peripheral vision of a user;
2. One-to-one tracking of user’s head movement;
3. High resolution and fast refresh rate displays;

4. Lightweight and ergonomic.



The first criteria is required since moving objects or light in the peripheral vision can
draw a user’s attention away from the content they are viewing which breaks immersion.
To reduce these outside distractions a large display screen and an outer shell covering
the peripheral vision is typically utilized. Without one-to-one tracking of the user’s head
movement, the HMD would be no different than a standard computer monitor. Thus, the
second criteria allows a HMD to immerse a user by replicating their own head movements
in the content that they are viewing. A HMD which does not satisfy the third criteria
again results in a loss of immersion. This is because a low resolution image does not
provide the necessary amount of detail and a low refresh rate may induce "simulator
sickness" since the display of content lags behind the user’s head movement [70, 84].
Finally, the last criteria allows a user to wear the HMD for extended periods of time

without undue stress to their neck or face.

1.1.1 Consumer Level HMDs

Recently, affordable consumer level HMDs which satisfy all of the above criteria have
been released. The most prominent ones are the Oculus Rift ' and the HTC Vive 2.
Both HMDs work in a similar manner with a major difference in how the one-to-one
head tracking is performed. We will first describe how both HMDs are able to display a

stereoscopic image to a user before examining their respective head tracking methods.

Stereoscopic Image Viewing

The basic principle for displaying a stereoscopic image in an immersive HMD is to provide
each eye with a different image taken from a viewpoint representing the physical location
of the eye. This technique allows for binocular vision [7] of the presented content which
in turn allows the viewer’s brain to perceive depth. Depending on the HMD, the actual
images may be displayed through one or two screens. In the case of one screen HMDs,
the screen is split in half with the contents from the left eye viewpoint displayed in the
left half and similarly for the right eye. In the case of two screens no screen splitting
is required but the displays need to be synchronized. In both cases a separator is used
so that the contents intended for each eye are not mixed together. Fig. 1.1 provides an

illustration of binocular vision through an immersive HMD.

'https://www.oculus.com/
’https://www.htcvive. com/
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Figure 1.1: Basic outline of an immersive HMD which displays stereoscopic images.

Producing a viewpoint per eye is trivial in the case of purely virtual content since
it is simply a virtual camera positioned at each of the eye positions. Determining the
viewpoints of reality based content often depends on the output of the capture device.
For example, in non-stereoscopic 360° videos the final stitched image is texture mapped
onto a virtual object which contains the viewpoints of the viewer. Thus the solution
reduces to the case of viewing purely virtual content. When the video to be displayed is
captured using a standard single passive stereo camera (see Section 1.2) with a baseline
approximately equal to the average distance between human eyes, the viewpoints would
need to be positioned at the individual camera locations. Changing the viewing baseline
would alter depth perception causing the viewer to feel as if they were a giant with
eyes farther apart than a normal human (in the case of a longer baseline) which in turn
miniaturizes the content shown in the video. While this can sometimes be an intended
effect [164], it can also lead to discomfort [75]. More details on capture hardware and

their outputs can be found in Section 1.2.

Head-Tracking

We will first describe the principles for rotational head-tracking before examining how
positional head-tracking can be achieved. As the concepts for rotational head-tracking
are virtually the same between the Oculus Rift and the HTC Vive, we refer readers

interested in a detailed break down of rotational head-tracking to LaValle et al. [83] who



contributed to the head-tracking solution for the Oculus Rift.

An inertial measurement unit (IMU) equipped with a gyroscope, accelerometer and
magnetometer is placed in the HMD to measure the angular velocity, linear acceleration
and magnetic field strength. While the measurements of the gyroscope from the IMU
allows for the estimation of pitch, roll and yaw through dead reckoning - error accumulates
over time in the form of drift [169, 72]. The tilt error is all of the drift error except the
rotation about the vertical axis in the physical world and can be corrected by averaging
the accelerometer data over a long period of time to estimate the direction of gravity. If
this error was not corrected then horizontal planes would not be perceived as being level.
Since the gyroscope is reliable in the short-term and the accelerometer is reliable in the
long-term, the two are combined with a complementary filter [38]. The remaining error,
known as the yaw error, is concerned with the rotation about the vertical axis (i.e: axis
which is parallel to the gravity vector) and is corrected using the magnetometer. In the
approach by LaValle et al. [83] they first calibrate the magnetometer and then assign
reference points in order to detect the yaw error. Once the error is detected they perform
a similar procedure as the tilt error correction and use a complementary filter except it
is only about the Y axis. With the tilt and yaw errors corrected the user can experience
drift free rotational freedom while wearing a HMD.

The general concept of positional head-tracking for the Oculus Rift and the HTC
Vive are similar in the sense that they both employ a tracking solution that leverages
an external source with some IR markers on the HMD. Thus, in both HMDs; if the IR
markers are not visible to the external source then positional head-tracking fails. The
biggest difference between the Oculus Rift and the HTC Vive is that the former uses an
"outside-in" approach while the latter uses an "inside-out" approach. As the hardware
of the Oculus Rift and the HTC Vive are not open source, much of the information for
how positional tracking works was reverse engineered by the enthusiast community 3 .

The Oculus Rift utilizes a standard UVC web camera with an IR filter to detect the
IR markers, represented as IR LEDs on the HMD, and a blob extractor [129, 24] to
extract the position of the IR markers per frame (see Fig. 1.2). To associate individual
IR LEDs across multiple frames as well as to identify where it is on the HMD, each of the
IR LEDs blink a unique pattern. Once identified, the problem of estimating the position
of the HMD in 3D space reduces to solving the well studied perspective-n-point problem

|86] with known a-priori image point to 3D model point correspondence.

3http://xinreality.com/wiki/Constellation
‘http://xinreality.com/wiki/Lighthouse
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Figure 1.2: (a) Raw image of the IR LEDs on the Oculus Rift Dev Kit 2 (DK2) and
(b) the general LED positions extracted from a blob detector. Image source: http:
//doc-ok.org/?p=1095

The HTC Vive utilizes two "base stations” each consisting of an IR beacon and two
laser emitters which spin rapidly. The IR beacon floods the tracking volume with IR light
and IR receptors on any tracked devices (in this case the HMD) intercept the light to
determine their own position with respect to the base station. More precisely, each base
station emits a synchronization pulse and 1 of the 2 spinning lasers sweeps a beam across
the room. When an IR receptor detects the synchronization pulse it begins to count the
amount of time it takes until the sweeping laser beam is detected. Once detected their
system then knows when the IR receptor was hit which in turn allows them to compute
the receptors angle with respect to the base station. Since each IR receptor has a fixed
known position on the HMD, and the two base stations produces two angles per receptor,

the exact position of the overall HMD can be computed.

1.2 Capture Methods, Hardware and Formats

There exists a large number of capture methods and hardware which can be used to
record content for VR and each of these methods has their strengths and weaknesses. In
Section 1.2.1 we provide a brief overview of the different types of hardware which can
be used to capture content. In Section 1.2.2 the main capture methods, and how they
relate to the capture hardware, are discussed. The different output formats which can
be produced from the combination of different capture hardware and methods is covered
in Section 1.2.3.


http://doc-ok.org/?p=1095
http://doc-ok.org/?p=1095

1.2.1 Visual Sensors

Broadly speaking, there are five main types of visual sensors which can be combined to
produce 10 categories of capture hardware. The types of visual sensors and how they
relate to producing VR content are described below. The various combinations of sensor

types, with their relative capabilities, are listed in Table 1.1.

Passive Stereo In a passive stereo system there are two (or more) calibrated cameras
which are at some distance apart. In terms of viewing through an immersive VR
HMD, if the distance between two cameras is equal to the interpupillary distance
(IPD) of the user, then just displaying the left camera image on the left eye and
the right camera image on the right eye will allow the user’s brain to perform the
difficult task of fusing the two images into a depth map. If the camera distance
is not equal to the IPD of the user then disparity effects, such as miniaturization
of the scene, will occur. In order to view proper depth, any of the stereo vision
algorithms in the survey paper by Tippetts et al. [157] will suffice. It should
be noted that all stereo algorithms suffer from an inability to handle too little or
too much texture both of which causes instability when matching correspondences.
Multi-view passive stereo systems can be used to alleviate some of these limitations
as well as providing some robustness with respect to occlusion An overview of the
stereo correspondence problem is provided in the book by Szeliski [152] and an
extensive detailed look at multi-view geometry is covered in the book by Hartley

and Zisserman [52].

Active Stereo In an active stereo system, the correspondence problem is alleviated
by actively controlling the scene’s illumination through the projection of known
patterns onto the scene [133]. The projected patterns, known as structured light,
are encoded such that each pixel has a unique label (often called "gray codes").
The correspondence problem is then reduced to finding the pixels between the im-
age pairs which have the same unique code. Since there is no global optimization
or exhaustive block matching, the structured light approach is fast and has been
adopted for use in the first version of Microsoft’s Kinect to produce RGB-D videos.
The main weaknesses of this approach is the depth map quality, which reduces ex-
ponentially with distance [71], and the requirement of seeing the projected patterns
resulting in poor performance for outdoor environments. Additionally the resolu-

tion of structured light sensors are limited by the resolution of the light projectors



which results in a low resolution depth map when compared to its correspond-
ing color camera. A user can view content captured from an active stereo system

through an immersive VR HMD in full 3D resulting in a full 6 DoF' experience.

Time-of-Flight (ToF) These types of systems measure distance by illuminating a tar-
get with a beam of laser light. The main difference between ToF and structured
light active stereo is the fact that ToF does not project a pattern to solve a reduced
correspondence problem, but instead measures the time it takes for a laser pulse

to hit the target and return.

The output of ToF sensor is a point cloud where each point represents a surface
that the laser has illuminated. Accuracy is the biggest advantage a ToF sensor
has over passive and active stereo as sub-millimeter measurements can be achieved
at short and long ranges. For this reason, the most common ToF sensor, Light
Detection and Ranging (LiDAR), is often used as a surveying tool [45]. While the
point clouds produced from a LiDAR are large, accurate, dense, and more recently
colored, a single complete scan can take a long time to complete. It is only recently
that high frame rate LiDARs have been developed [109] at the cost of severely
reduced resolution. Thus, in general, LiDAR is not a suitable tool for recording

any dynamic content.

It should be noted that Microsoft’s new Kinect is a ToF sensor which is different
than traditional LiDAR in the sense that it does not scan the scene with a laser
beam. An IR projector is used to illuminate the scene with a light pulse and a
specialised image sensor is used to measure time for the IR to travel to the target.
Since no physical scanning is required, the new Kinect can acquire range data at

acceptable frame rates and resolution for recording dynamic content.

Finally, the output of any ToF sensor is a point cloud, and since it is a fully 3D

object, 6 DoF is available for viewing through an immersive VR HMD.

Full 360° Sensors Many different types of hardware can fall into this category as the
only requirement is the output of a full 360° view of its surroundings. In the context
of VR, these sensors can provide the user full rotational freedom. Note that since
this category of sensor spans many different hardware configurations and imple-
mentations, positional freedom is not always available. For example a 360° video
can be captured by stitching together the output of several synchronized standard

RGB cameras [110, 41] but true depth information is typically not possible. It



can be achieved if each of the standard RGB cameras were replaced with a passive
stereo camera [14, 52| or an alternate system [118]. A LiDAR system can also

capture in full 360° but currently it is limited in capturing dynamic content.

Light Field This type of sensor captures what is known as the "light field" of a scene.
A light field includes both the intensity of light and the direction of the light rays
traveling in space [50, 89, 90, 113]. In essence, a light field sensor is composed
of an array of "micro-lenses" each of which captures an image from a slightly
different position. This results in the ability to capture light rays traveling along

the direction of a particular lens.

Once a light field has been captured, novel views can be reconstructed through
interpolation between the images captured from different micro-lenses. The main
advantage of this sensor is the ability to capture the lighting information within
the scene. The biggest drawback is the enormous amount of space required to store
even a single light field image as it is composed of multiple images captured from
each micro-lens. To combat this weakness there has been a number of techniques

designed to compress and progressively transmit such representations [101, 140,
141].

A light field capture can theoretically allow for 6 DoF viewing of high resolution
images (limited by FoV of the capture device) in an immersive HMD. To date there
does not exist a commercial light field capture device which can capture dynamic

content.

1.2.2 Capture Methods

Once the capture hardware has been selected, precisely how it is used to capture content
results in different output formats. For example, a standard RGB camera can be used to
capture single images, videos and through structure from motion [52, 152] a 3D model
can be computed. There are two main categories of capture methods which depend on
the number of sensors used. We first describe the different ways a single sensor can
be used to capture different types of content before covering how adding more sensors

changes the capture methodology.

Single Sensor When a single sensor is used it can be placed in a fixed location to

capture still frames and videos. Still frames are the standard output of choice for



Sensor Type Rotational | Positional | Resolution | Frame Rate
360° video Yes No High High
Stereo video Limited No High High
360° stereo video Yes No High High
Structured light Yes Yes Medium High
ToF depth video Yes Yes Medium High
Passive-active stereo fusion Yes Yes High High
Survey LiDAR Yes Yes High N/A
360° LiDAR Yes Yes High Low
Flash LiDAR Yes Yes Low Medium
Light field Limited Limited High N/A

Table 1.1: Common categories of capture hardware devices and their relative capabilities.

sensors such as a survey LiDAR but typically a video is preferred since it allows
for dynamic content. When the sensor is allowed free motion, just displaying
the video captured forces the user along the camera trajectory and results in a
roller-coaster like experience. This is especially true for the sensors which are not
capable of positional freedom. If there are no dynamic objects in the scene, then by
exploiting the motion of the camera, a background model (see Section 4) or even
a light field [113] can be captured and displayed. How to handle dynamic objects
and still produce an immersive experience from single sensors is the main focus of

this thesis.

Multi-Sensor When multiple sensors are utilized, they are often placed in fixed loca-

tions to capture alternative viewpoints within a fixed space [64, 134, 152, 13]. In
the context of capturing VR content, these alternative viewpoints reduce occlusions
providing the user with a more complete experience. A weakness of this type of
multi-sensor configuration is the requirement of a fixed location and a setup and
tear down procedure. Fusion between two different types of sensors, such as a pas-
sive stereo with a ToF depth camera, have also been explored [44, 179] with the
goal of increasing the quality of the depth map by leveraging the strengths of each

sensor type.
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1.2.3 Output Formats

While there are a wide range of sensors (Section 1.2.1) and two main capture methods
(Section 1.2.2) only four main output formats are possible. Listed be below are brief

descriptions of these formats.

Static Environments These are 3D models which can be created from a single or
multi-sensor setup and are most commonly built using photogrammetry or dense
visual simultaneous localization and mapping (SLAM) (see Chapter 4). The model
is completely static with baked lighting and no dynamic elements. Handling a
single dynamic object has recently been explored [111] but a general solution which
incorporates the background environment still remains an open problem. Every
sensor listed in Section 1.2.1 can produce a static environment with the methods

for RGB-D sensors explored in Chapter 4.

Regular Video This format simply displays the recorded video directly on the HMD
and the user is, at most, allowed rotational freedom. The passive stereo, 360°
video and 360° stereo video hardware types from Table 1.1 output this content
format. While relatively simple to implement, since most of the difficultly lies in
calibrating the capture hardware and depth perception is handled naturally by the
brain, the lack of freedom means the user is forced to follow the camera. It can
be immersion breaking when subtle head movements such as moving to a more

comfortable position is not reflected.

RGB-D Video This format displays the content as either a point cloud or triangulated
mesh per frame. The user is allowed full rotational and position freedom since
each frame is a 3D object in space. All of the hardware categories from Table 1.1
can produce this type of format with different degrees of accuracy, resolution and
frame-rate. For example, a 360° non-stereo video capture device can produce a
RGB-D video by exploiting the overlaps between adjacent RGB cameras but the
result is a poor depth map estimation. Similarly, a survey LiDAR can be used
to image single frames at a time to produce a video but the result would be of a
similar quality to stop-motion video where each frame is imaged separately. The
active and passive stereo hardware types are best suited for producing this content

format at a reasonable resolution and frame-rate.

Light Field Video This format is unique to light field sensors as novel viewpoints
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are found through image interpolation [152]. Since the result is an interpolated
image, the user still views it in a similar manner as a regular image meaning depth
perception is still handled by the brain. It does suffer from some limitations as the
degree of rotation is linked to the field of view of the sensor and complete positional
freedom does not exist as the images are not true 3D objects. Producing light field

videos is still an open problem as discussed in Section 1.2.1.

1.3 Thesis Statement

As consumer level HMDs are now available (Section 1.1), methods for producing immer-
sive VR content is therefore of great interest. Of the many different capture hardware
and methods available today (Section 1.2), a single passive or active sensor can be imple-
mented in a mobile device 5. Thus, the main goal of this thesis is to explore and develop
methods which should be used as components within a larger system for creating im-
mersive VR videos with data captured from a single RGB-D sensor. An immersive VR
video should (1) surround the viewer with the background of the scene which contained
the sensor performing the capture, (2) display the captured dynamic objects coherently
within the reconstructed scene, (3) be as complete as possible and (4) allow the viewer

6 degrees of freedom motion within the reconstructed virtual environment.

1.4 Research Questions

We address the following questions in this thesis:
1. What properties does an immersive VR video have and how can it be displayed?

2. How can we remove the background and capture all moving foreground objects

from a single RGB-D video stream?
3. How do we model and display the static portions of the input RGB-D video?
4. How can we merge the results of (2) and (3) coherently into one dynamic scene?

5. Is it possible to "fill in" the occluded portions of the moving foreground objects?

5Project Tango is a tablet with a depth sensor: https://www.google.com/atap/project-tango/
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1.5 Contributions

This thesis makes the following contributions:

1.5.1 Video Summarization of Surveillance Cameras

A method for extracting foreground object trajectories for the purposes of video sum-
marization is devised. A new approach for producing a video summary, an abbreviated
video containing all of the “important” elements, is presented along with new evaluation
measures and a benchmark dataset with labelled ground truth.

The foreground object trajectory extractor utilizes background subtraction, optical
flow and pixel clustering to capture moving objects and also employs a static object
detector for the cases where objects of interest remain stationary in the scene. The
video summarization algorithm treats the extracted foreground object trajectories as
3D objects and first condenses the temporal component before optimizing their spatial
arrangement in the final output. This allows multiple object trajectories to be played
one after another even if the objects appeared in the original video at different times.
Evaluation of video summaries is difficult as the quality of a summary is dependent
on the application and target users. As the goal of our approach was to retain as
much of the moving objects as possible, we introduce new evaluation measures aimed at
evaluating how well a given video summary captures the relevant activities in relation to
the summary length. We compared our approach against several baseline fast-forwarding
approaches and found that our video summaries retained more activity compared to
similar length summaries produced through traditional frame-skipping.

A more detailed analysis of this contribution can be found in Chapter 3. The research

endeavors in this area led to the following publication:

P. Lai, M. Décombas, K. Moutet and R. Laganiére. Video Summarization of
Surveillance Cameras. IEEE Advanced Video and Signal-based Surveillance
(AVSS), 2016.

1.5.2 Creating Immersive Virtual Reality Scenes Using a Single
RGB-D Camera

The proposed approach utilizes a combination of visual object tracking, human pose

estimation and RGB-D SLAM in order to create immersive virtual reality (VR) scenes
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from RGB-D video captured with a single sensor. Human pose estimation augmented
with visual object tracking is used to extract the trajectories of human actors from the
scene so that the background only frames can be fed into a RGB-D SLAM system. In
this way, a fully 3D static background is reconstructed and used as a reference point in
order to re-project the previously extracted trajectories back into the scene. The result
is a volumetric video such that a user can view the captured video from any viewpoint
using a VR head mounted display and interact with the scene with motion controllers.

The quality of the final result largely depended on: (1) how accurately we separated
the foreground (i.e: human actors) from the background (2) how well the static back-
ground has been reconstructed. Since there already exists studies on RGB-D SLAM
benchmarking and evaluation, we focused our evaluation on the foreground/background
separator. To that end, we measured the accuracy of the foreground /background separa-
tor via the overlap of extracted foreground masks and our manually labeled ground truth
foreground masks. Our evaluation showed that using a visual object tracker to augment
a human pose estimator allowed for the highest quality extraction of foreground masks
as the tracker could take over in the cases where the pose estimator failed. This is im-
portant for the task of VR scene creation since failure to extract the foreground objects
for even a single frame would result in those frames fusing the foreground into the static
background.

A more detailed analysis of this contribution can be found in Chapter 5. The research

endeavors in this area led to the following publication:

P. Lai and R. Laganiére. Creating Immersive Virtual Reality Scenes Using a
Single RGB-D Camera. 14th International Conference Image Analysis and
Recognition (ICIAR), 2017.

1.5.3 Additive Depth Maps, a Compact Approach for Shape
Completion of Single View Depth Maps

We present a new data representation for the task of 3D shape completion of single view
depth maps. This new data representation, which we call the "additive depth map",
is an image where each pixel represents the amount of depth needed to transform the
input depth map into the "back" depth map which would exist if there was a sensor
exactly opposite of the input camera. A union of the input and back depth map is then

the completed 3D shape. The advantage of using our representation is that it is data

14



minimal and thus traditional 2D convolutional neural networks (CNNs) can be trained
to predict the additive depth map. Additionally since it is data minimal, we can train
with higher resolutions when compared to the existing 3D CNN approaches allowing us
the potential of completing the shape of objects with more detail.

To accomplish our task of 3D shape completion using the additive depth map, we
employ a residual encoder-decoder network with skip connections as the overall archi-
tecture. We train, and benchmark, our network using existing synthetic datasets as well
as real world data captured from commodity depth sensors. Our experiments show that
the additive depth map can produce comparable results to existing state-of-the-art 3D
CNN approaches and can be applied to real world data without fine-tuning. We also
experimented with including semantically labeled images into the training pipeline by
making a small modification to our network. Our experiments in this direction showed
that incorporating semantic information allows for stronger predictions - especially for
more heavily occluded inputs.

A more detailed analysis of this contribution can be found in Chapter 6. The research

endeavors in this area led to the following publication:

P. Lai, W. Liang and R. Laganiére. Additive depth maps, a compact approach
for shape completion of single view depth maps. Graphical Models. Volume
104, 2019.

1.6 Thesis Outline

The rest of this thesis is structured as follows. Chapter 2 describes the properties of
an immersive VR scene and details the building blocks of a potential system (with two
variants) which can produce these scenes from a single sensor. Chapters 3 and 4 provide a
literature review and a concrete application for two of the main building blocks described
in Chapter 2: separating the background from the foreground to track the foreground
objects and visual SLAM for building a background model. In Chapter 5 we cover an
implementation of the system described in Chapter 2 and in Chapter 6 we detail an
approach for 3D shape completion to handle occlusions inherent to single sensors. A

summary and potential future work is provided in Chapter 7.
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Chapter 2

A System for Immersive Virtual
Reality Videos

In this chapter we first identify the properties of an "immersive" virtual reality (VR) scene
(Section 2.1). Next, we cover the proposed system and each of the core components
required to produce an immersive VR experience using a single RGB-D camera. In
Section 2.2, a general overview of the essential building blocks of our proposed system
is provided. Next, we present two variants of our system: one which leverages a known
database (Section 2.3) and another which does not make use of any prior knowledge of
the scene (Section 2.4). The common concept shared between the two variants is the
detection, segmentation and camera pose estimation of all moving foreground objects in
order to place them into a captured 3D model of the scene. Since the background model

and the RGB-D video frames are 3D objects, the user is allowed 6 DoF to observe the
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scene from any viewpoint as well as interact with the reconstructed static and dynamic

elements of the scene.

2.1 Properties of an Immersive VR Video

The terms "immersion" and "presence" in the context of VR are often used interchange-
ably with the goal being to quantify the combined degrees of realism, interactivity and
subjective feelings from a virtual experience. In the late 90s, Slater and Wilbur [144]
distinguished between immersion and presence for VR by separating the technological
components from the subjective feeling and behavioral aspects of experiencing a virtual
environment (VE). More precisely, they defined immersion as a description of technology,
specifically computer displays, which were capable of delivering an inclusive, extensive,
surrounding and vivid illusion of reality to the senses of a human participant. Presence
was then defined as how strongly the participants felt that they "belonged" in the VE.
Thus, a person who felt strong presence within a VE would consider it more engaging
than the surrounding physical world. These subjective feelings can be observed physi-
cally as a person who feels strong presence would move and behave as though they were
in reality. For example, if an object was moving quickly towards a user who felt strong
presence in a VE, it would invoke the users instinctual physical reaction to move out of
the way. If a user pushes an object, it should move within the VE in a manner which is
consistent with the rules.

In order to more precisely define "immersive VR video", we take inspiration from
the framework as described by Slater and Wilbur [144]. Immersion for VR videos would
then describe the technical components which would allow for an inclusive, extensive,
surrounding and vivid illusion of the real world environment as captured by visual sensors.
As the framework by Slater and Wilbur was originally designed to describe computer
displays, a direct application does not make sense. Instead, we take the spirit of each
element in their framework to derive our own versions for immersive VR videos. Listed

below are brief descriptions of the original elements:
Inclusive (I) The extent to which the computer display shuts out physical reality.
Extensive (E) The range of sensory modalities accommodated by the display.

Surrounding (S) The extent to which the viewable regions are panoramic rather than

limited to a narrow field of view.
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Vivid (V) The level of resolution, fidelity, and variety of energy simulated within a
particular modality (for example, the visual and colour resolution). Vividness is
concerned with the richness, information content, resolution and quality of the

displays.

Based on the original descriptions as defined above, we derive our own definitions for
VR videos. Listed below are brief descriptions and the intuitive reasoning behind our

choice of definitions:

Inclusive (I) The extent to which the background environment, as captured by visual
sensors, is visible within a VR video. The intention behind the original definition
was to minimize distractions from physical reality in order to increase engagement
with the user in the VE. For VR videos, we are already within a VE and thus
the distracting elements would then be the empty space. This is akin to having

portions of a standard 2D video missing/corrupted or censored with a black bar.

Extensive (E) The range of sensory modalities accommodated by the VR video. Our
definition is not much different than the original as our intentions are the same -

having all five senses engaged would lead to the most immersive VR experience.

Surrounding (S) The extent to which the viewable portions of the VR video allow for
a panoramic (rather than a limited narrow field of view) experience. Similar to
the original definition with the exception that we are already within a VE. Thus
it is the reconstructed VR scene, rather than the computer displays, which should
accommodate a range of head motion from the user by displaying the appropriate

portions of the captured scene.

Vivid (V) The level of detail, responsiveness and completeness of the captured static
and dynamic elements from the VR video. As we are already in a VE, responsive-
ness refers to how well the static and dynamic elements respond to external stimulus
(i.e: input from motion controllers). A reconstructed scene which is highly respon-
sive to touch in addition to being detailed and complete would then provide a

highly vivid experience.

Using the above definitions as guidelines, we identify several properties which must

hold for a scene captured using visual sensors to be considered "immersive" in VR:
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1. The background of the scene must be displayed to the viewer. While it may be
compelling to display just the dynamic objects, without the background there is

no context.

2. The dynamic objects must be consistent with the captured background. If there is
no correlation between the dynamic objects being displayed and the background,

then the captured scene does not reflect the viewer’s expectations.

3. The viewer should retain full rotational and positional freedom while experiencing
the captured scene. Without this freedom the viewer will experience an inconsis-

tency between their movements and what they are seeing through the HMD.

4. The captured scene, background and dynamic objects, should be as complete as

possible.

The first property addresses the inclusive (I) component of the immersive VR video
framework - missing background elements would then be similar to blanking out portions
of a 2D video. The second property addresses both the inclusive (I) and vivid (V)
components of the framework. If dynamic elements are not consistently displayed with
the background then the completeness of the scene is questionable as the viewer would
not know where or why these elements come into play. Additionally any inconsistency
would then be a distraction. The reduction of these distractions is the main intention
behind the inclusive (I) component. The third property addresses the extensive (E) and
surrounding (S) components of the framework. Having a full range of motion means that
the visual sensory modality is well accommodated and it also allows the user to have
a panoramic viewing experience. Finally the fourth property deals with the inclusive
(I), surrounding (S) and vivid (V) components of the framework. Having both the
background and dynamic objects be as complete as possible ensures that the distractions
are minimal, the reconstructed environment surrounds the user which in turn provides
a more vivid experience. Failure to achieve these properties decreases the quality of the

immersive experience.

2.2 System Overview

The input to our proposed system is a set of RGB-D video frames, Fi,p., all taken
from a single RGB-D camera. Next, a foreground background separator splits Fippus

into F4 and F, where the contents of F, only contain the background scene and the

19



contents of Fy, contains foreground objects moving within the environment. A static 3D
background model of the scene, M 444c, is created from F;, while the foreground objects
in Fj, are superimposed onto M. This gives us the following basic building blocks

for our proposed system:

1. A 3D model of the scene.
2. A foreground and background separator.

3. Localize segmented foreground objects to the scene.

In subsections 2.2.1, 2.2.2 and 2.2.3 we describe each of the above building blocks in more
detail in terms of methods which can be used and how it relates to the final product.
Note that since we are only using a single RGB-D camera, many occlusions will occur
and thus all of the foreground objects in Fy, will be incomplete. An optional building
block can be added to the above in order to remedy this issue. An overview for this
particular building block applied for people extracted from Fy, is described in 2.2.4 with
the details in Chapter 6. Fig. 2.1 illustrates the proposed system through a flowchart.

2.2.1 Building a 3D Model of the Scene

The 3D model of the scene serves as the background in which a viewer can move through
with six degrees of freedom. Creation of such a model using a single RGB-D sensor is
typically accomplished through photogrammetry [42], volumetric fusion methods [112,
63], and general dense visual simultaneous localization and mapping (SLAM) [69, 34].
In the case of photogrammetry and some of the dense visual SLAM methods, using just
the RGB data would suffice. An overview of visual SLAM as well as a brief survey of
RGB-D SLAM methods is provided in Chapter 4.

While a 3D model of the scene provides the viewer with an explorable environment, it
is not just for display. During the model building process important information such as
feature correspondences and the camera poses of the input image sequence is computed.
This additional information allows for the localization of images which were not part of
the original image sequence used to build the 3D model. Thus, newly captured image
sequences within the same scene could then be superimposed onto the 3D background

model.
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Figure 2.1: Flowchart of our system for building immersive experiences for VR using
a single RGB-D camera. The dashed arrows corresponds to the optional feature of
occlusion filling for people trajectories as described in Section 2.2.4 and examined in
Chapter 6.

2.2.2 Separating the Foreground and Background

Simply localizing an input video frame f* to the background model M. has a side
effect of superimposing the background image data onto M. This is undesirable
for display purposes as M i already models all the static portions of the scene. Ad-
ditionally, any foreground objects which are present in f* may add some error to the
localization step (Section 2.2.3). However, if enough of the background is visible then
the fundamental matrix can still be estimated by using feature correspondences. This
means that while a foreground /background separator is not strictly required so that only
the background image data is used localize f* with respect to Mg que, it is still needed
so that only the foreground image data is superimposed onto M .. for display.

The topic of background subtraction and foreground object segmentation is well stud-
ied and Chapter 3 provides a survey of the literature. It should be noted that most of the

methods in Chapter 3 tackle the problem by assuming a static camera with the separator
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operating online and in real-time. Since our goal of creating immersive experiences has

no real-time component we can process the entire video sequence offline.

2.2.3 Localizing Foreground Objects

Once a background model, M q., is available and each of the RGB-D video frames f*
€ Finpur have been separated into a background fi, € Fy, and foreground f7, € Fy,,
localization can be performed. Different localization approaches exist such as using a
feature database for image matching [17, 9] and feature point based matching [131, 25].
Both of these approaches can then be followed up with sparse bundle adjustment [97]
to optimize the camera poses. Precisely which method used for localization depends on
how the model M was built as we would like to leverage any information already
computed. Once f,fg € Fpy has been localized with respect to Mg We can use the
camera pose of fi, € Fy, to superimpose f}, € Fry onto Mqyic resulting in an immersive

experience.

2.2.4 Filling in Occlusions of Detected People

One of the most interesting and important foreground objects for an immersive viewing
experience are people. Since our final output will be a fully 3D video which the viewer
can observe from any viewpoint, it would be ideal to fill in the occlusions which occur due
to the single RGB-D camera limitation of our system. In order to fill in these occlusions
we must first separate the people from the other foreground objects that were detected in
Section 2.2.2. This can be accomplished in just the RGB space through people detectors
[117, 107] with the addition of depth in more recent methods [146]. Once the individual
people have been separated their trajectories over time can be built through tracking or
clustering. These trajectories would allow us to use all of the frames which may contain
an alternative viewpoint of the person to help fill in the occlusions. Optionally we can
also estimate a skeleton to aide with the people trajectory building phase. Having a
skeleton estimated per person would also help with occlusion filling as it provides some
geometric constraints on the person. More precise implementation details for the shape

completion component is discussed in Chapter 6.
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2.3 Database Solution

The basic building blocks described in Section 2.2 can be modified to take advantage of
a known database. This database would contain a 3D background model, M., which
is the same scene that is visible in the background of the input RGB-D video. Thus a
background video is not required and through M. (which should be more complete
and detailed) we can obtain camera poses for each video frame via re-localization. The
separation of the foreground and background can now be accomplished by thresholding
on the Hausdorff distance [106] between Mq. and the localized RGB-D video frames.
Transformation of the foreground frames remains unchanged from Section 2.2.3. The
database solution can be thought of as the simplified version of the framework as M qsc

is already provided. Fig. 2.2 illustrates the complete workflow of the database solution.

Input video

v

Re-localization [€«—— Known 3D Map

v

Separate background
and foregorund

¢ Camera poses
L-=" T Foreground frames
Y
Shape completion ¢
*< Transform into

world coordinates

v

3D video with background and moving foreground

Figure 2.2: Flowchart of the database solution obtained by augmenting Fig. 2.1 with a

database containing the known background model.
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2.4 Generalized Solution

In this variant we are only given a single set of RGB-D video frames, Fjypu:, and thus we
must both build the background model (Section 2.2.1) and localize the positions of all of
the moving objects (Section 2.2.3) at the same time. This can be accomplished by first
detecting and segmenting the moving foreground objects from the background (Section
2.2.2) and then using only the background image data to produce a model, M q4ic, of
the scene through dense visual SLAM. This results in a one-to-one mapping between
the camera poses assigned to each background frame and it’s corresponding foreground
portion. Using these camera poses we can then transform the segmented foreground
objects such that they are consistent with M.

The main challenge unique to the generalized solution is the requirement of seg-
menting foreground objects from a potentially moving camera. In the foreground and
background separator building block as described in Section 2.2.2, segmentation of fore-
ground objects can be performed after the RGB-D video frame, f*, is localized to a known
background M .. This allows the segmentation method to take advantage of the fact
that the background of f? is spatially "close" to Mqsi.. Thus a threshold on the Haus-
dorff distance [106] between f? and M q4. can be used to remove only the background
image data from f? leaving the foreground objects intact. The generalized solution does
not have such a luxury as it must build M. and segment the foreground objects from
ft at the same time. Fig. 2.3 modifies the right portion of Fig. 2.1 to illustrate the
generalized solution workflow. Some methods for foreground object segmentation and
background subtraction are covered in Chapter 3 and potential solutions specifically for

this variant of our proposed system is discussed in Chapter 5.

2.5 Summary

In this chapter we first defined the "immersive VR video" by adapting an existing frame-
work which was used to describe immersive computer displays. Next, an overall overview
of the proposed system was provided. Then, a brief description of each main building
block from our proposed system was given in terms of what methods can be used and
how it will relate to the final product. Two variants, one which takes advantage of a

database and one which does not assume any prior knowledge and, are introduced.
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Figure 2.3: Flowchart of the generalized solution obtained by removing the requirement
of a background video that produces a 3D Model for camera pose estimation from Fig.
2.1.
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Chapter 3

Background Subtraction

Background subtraction is often used as a building block in larger computer vision prob-
lems. In relation to this thesis, we explore background subtraction as a method for
extracting arbitrary foreground object trajectories. Such a method is of value for the
immersive VR scene creation system as described in Chapter 2 because it would allow us
to obtain a set of video frames which contain only the background data. These frames
can then be feed into existing 3D reconstruction algorithms (Chapter 4) to produce the
static 3D background model that serves as a basis of the VR scene. In this chapter we
will first provide a brief literature review (Section 3.1) on background subtraction before
describing an application which utilizes background subtraction algorithms to produce
a video summary (Sections 3.2 to 3.4). The methods presented in the video summariza-
tion application can also be used to extract foreground trajectories for VR scene creation.

Finally, we summarize in Section 3.5.

26



3.1 Literature Review - Background Subtraction

In general, background (BG) subtraction algorithms typically consists of two main steps:
(1) the BG model initialization and (2) updating the model. An additional preprocessing
step is sometimes applied before an image is considered for steps (1) and (2). This
preprocessing step typically smooths, thresholds or applies some morphological operators
to remove noise or condition the image for better results. For BG subtraction to be

effective, it must be able to handle the following scenarios:

Changes in BG geometry: BG objects can be moved but afterwards should not be
considered to be a foreground (FG) object forever. Thus the BG model should
adapt with the understanding that the scene layout can be physically updated.

Gradual illumination: Slow changes which can occur when a video is recorded from

day time to night time which gradually alters the appearance of the BG globally.

Sudden illumination: Changes such as a light switch turning on indoors or from street
lamps outdoors and shadows cast from moving foreground objects. This scenario
is different and more challenging than the gradual illumination scenario as the BG

is changed suddenly which is a characteristic that is typical of a foreground entity.

False positives: In real life situations the BG is typically not completely static. For
example, a tree which sways due to wind is an example of small movement that

would be considered as a false positive.

False negatives: If a region is considered to be part of the BG but a FG object, with
similar pixel characteristics as the BG, moves in front of the region then false
negatives may occur. Another false negative scenario would be when an object
is homogeneously colored. The interior pixels of the object may not be properly

detected when the object moves producing a partial FG mask.

To tackle the challenging scenarios as described above, many different BG subtraction
algorithms have been explored. Different categorizations for these algorithms have been
proposed in the literature. For this brief survey we follow the taxonomy proposed by

Cristani et al. [15] who separated BG subtraction algorithms into the following:

o Per-pizel: Each pixel signal is considered an independent process thus these ap-

proaches require minimal computation and are suited for real-time applications.

27



e Per-region: By dividing the input video frames into blocks more information can
be gained allowing the background model to handle regions in images which locally
oscillate or contain slight movements. In general, this means that a more robust
visual description of the scene can be computed allowing for the minimization of

false positives such as swaying trees.

e Per-frame: The more challenging problems, such as sudden illumination changes,
are difficult to handle using the two previous approaches. Extending the local
support provided by per-region methods to the entire frame global can alleviate

some of those challenges.

o Multi-stage: Methods which combine the previous approaches together in order to

refine the final result fall into this category.

In general, while per-pixel algorithms provide an excellent compromise between accuracy
and speed, there are some major drawbacks [15, 119]|. Since per-pixel methods do not
take into account the global view of the scene, scenarios such as sudden illumination
changes will cause false positives. Compared to per-pixel methods, per-region methods
exhibit higher complexity in both time and space. Despite this, most approaches in the
per-region claim real-time performance. Most of the methods in the per-frame category
use an offline training step to model elements of the background model. A classification
step is then deployed for real-time background subtraction.

One of the most commonly used per-pixel BG subtraction algorithms, which we utilize
in Section 3.2, is the Mixture of Gaussians (MoG) [43, 149, 163, 180]. In these approaches,
the state of a pixel is statistically modelled as a multi-modal signal described as a time-
adaptive mixture of Gaussian components. Each Gaussian component of the mixture
represents a gray level interval observed at a given pixel location. A weight, representing
the confidence that it is part of the background, is assigned to each component. The
higher the weight, the stronger the confidence and thus the longer a given gray level
has been recently observed at that pixel location. The MoG model has been further
improved by Wang and Suter [163] and Zivkovic [180] with the approach by Zivkovic
[180] implemented in OpenCV [60].
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3.2 Application: Video Summarization of Surveillance

Cameras

In this section we present one of the contributions of this thesis which led to a publication
[80]. The contribution is an approach for producing a video summary from static surveil-
lance cameras (Section 3.2) and new evaluation criterion (Section 3.3) which aimed to
quantify the summarization quality. A video summary is an abbreviated video which pre-
serves the important elements of the original video while removing the spatio-temporal
segments which are not of interest. In our work we assume the scene is composed of mov-
ing objects observed from a fixed camera and our goal is to produce video summaries
that retain as much of the moving objects as coherently as possible. In this way, the
interpretation of video events can be preserved. In order to be relevant and coherent, a
video summary must adhere to a number of requirements. First, spatial locations and
trajectories of objects must not be modified. Second, rules of occlusions must be applied
(e.g: closer objects should occlude those which are farther away). Third, temporal or-
dering must remain unchanged. That is in a shortened version of a video, even if the
timing between objects is changed, the order in which they appear should remain as in
the original video. Fourth, the speed at which objects move should not be altered or, at
least, not too greatly exaggerated. Failure to adhere to these guidelines may drastically
change the way a video event is interpreted.

When a temporal sequence of images is viewed as a 3D data structure [68|, the moving
foreground objects form 3D spatio-temporal shapes, sometimes called tublets. These
spatio-temporal objects can then be manipulated independently from the background
sequence in order to produce an interpretable video summary The approach presented
in this section therefore aims at producing compact video summaries by extracting the
trajectories of each object of interest and optimizing their arrangement in the summarized
video. Section 3.3 covers the benchmarking dataset used in this work as well as our
proposed evaluation measures for quantifying the quality of a video summary. Section

3.4 then provide a discussion on the merits of our approach.

3.2.1 Problem Definition and Related Works

Given an input video Vi, the objective of a video summarization algorithm is to output

another video Vi such that |Vinput| < [Voutput|, Wwhere |z| represents the length of a
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video z in frames. Additionally, the "interesting" content in Vjy,,: should be retained in
Voutput- With the fixed camera prior, video summarization algorithms can be classified
into three categories: fast forwarding, key frame selection and frame re-composition.
We will focus on the frame re-composition methods since they are most related to our

approach.

Related Works

Frame re-composition approaches construct video summaries by selecting relevant spatio-
temporal segments and combining them into a new spatio-temporal scene. This process
does not preserve the integrity of each individual frame. Pritch et al. [124, 120, 121] have
published several different methods that follow this approach. In [124], they condense
a video by showing several actions simultaneously, even if they originally occurred at
different times. Multiple dynamic instances of of the same moving object are shown
simultaneously if the object moves slowly. In [120], they add an index into the original
video by referencing the original time of each activity. An online conversion process takes
the video stream and translates it into a database of objects and activities. Finally a video
summary is generated based on the user’s query. In [121], they combine action recognition
with video summarization to cope with the fact that, while effective, the simultaneous
display of multiple activities may produce confusing summaries. A methodology for the
generation of short and coherent video summaries is presented, based on clustering of
similar activities.

Other approaches exist based on an adaptive version of seam carving, a content
aware image resizing algorithm. Instead of using this algorithm for spatial reduction,
it is used to obtain a temporal reduction. Li et al. [93] present ribbon carving which
iteratively suppressed continuous spatio-temporal seams and combine together widely
separated dynamic events. This approach has some limitations when the speed of the
objects becomes too high or when multiple objects are moving at different speeds and/or
directions. Décombas et al. [22] propose an alternative to solve these problems. They
first define the seams that can be suppressed and a spatio-temporal constraint to limit,

but not eliminate, the temporal artifacts that could appear.

3.2.2 Overview of Proposed Approach

We follow the frame re-composition strategy used by Pritch et al. [124, 120, 121] and

consider a video sequence with frame dimensions of (X,Y’) and length T to be a "video

30



cube" with dimensions (X,Y,T) as in Keimel et al. [68]. Unlike the approaches by
Pritch et al., who either assumed the object trajectories were given [124] or used only
a background subtractor to build object trajectories [120, 121] (which often resulted
in broken trajectories), we concentrated our efforts on building complete and coherent
object trajectories which can include static objects (e.g: a loitering pedestrian). Ad-
ditionally, we manage how these object trajectories are summarized to obtain a result
that preserves instances when two objects cross each other in the original video. If these
"crossing" events are not managed, then it’s possible to have a video summary which
shows occluded objects without the context that another object was passing in front of
it.

To robustly and precisely extract the relevant spatio-temporal trajectories in the video
we combined a background subtractor [62], dense optical flow [37] and a pixel clustering
algorithm. These trajectories can be independently manipulated to produce a short video
summary through minimizing the space between these 3D shapes. More precisely, we
use projections of the video cube to condense the space between trajectories. This allows
several objects from different time frames to be seen at the same time. As slow and
static objects can increase the length of the video summary by reducing the free space
for other objects, we also applied an adaptive motion acceleration for each trajectory. A
timer was added on each object to highlight the original time frame of the object. Fig.
3.1 illustrates the video summary construction process and provides the global work flow
for our approach. Sections 3.2.3 to 3.2.5 describe the details of each component as shown
in Fig. 3.1.

3.2.3 Detecting Foreground Objects

Detection and segmentation of all moving foreground objects was achieved using a com-
bination of background subtraction [62]|, dense optical flow [37] and a pixel clustering
algorithm. The clustering of optical flow vectors separates pixels which are moving in
different directions while background subtraction separates pixels spatially. The fusion
of these two is then a set of pixel groups which represent foreground object detections.
To separate pixels using the dense optical flow output, we modified a general data
clustering algorithm known as gravitational clustering |21]. This algorithm takes as input
a set of n data points in d dimensions and initially treats each data point as a separate
cluster. Two points, p; and p;, are randomly selected and moved closer together according

to the force of gravity. If p; and p; are within a threshold Euclidean distance then they are
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considered to be in the same cluster. This act of selecting two points and moving them
closer is repeated until all n data points have been selected. When all n data points have
moved, then one iteration of the clustering algorithm is completed. Over k iterations
the final clusters are extracted. We modified the algorithm to use the angular distance
rather than the Euclidean distance for moving data points and determining if two data
points (pixels in our case) should be considered as being part of the same cluster. In
this case each pixel can then be represented as a polar coordinate (6, m) where 6 is the
flow direction and m is the flow magnitude. By plotting these points on the perimeter
of a circle centered about the origin, the angular distance between two points is found
through the inner product. Moving points towards each other can then be thought of as
moving along the perimeter of the circle.

Once we have a set of pixel groups from the clustering of dense optical flow, these
pixel groups are further subdivided by the output from background subtraction. Since
background subtraction can provide us with groups of pixels which are spatially sepa-
rated, it will divide a group of pixels which are all moving in the same direction spatially.
The final result is a set of pixel groups each of which represents a moving foreground

object in the current frame.

3.2.4 Building Spatio-Temporal Trajectories

To build spatio-temporal trajectories we first receive as input the detected foreground
objects per frame via the method described in Section 3.2.3. Second, we associate each
of these foreground object detections in consecutive frames through a sliding temporal
window. Next, static objects are detected and associated with the currently tracked
trajectories. Finally collision management is required to ensure that the trajectories are

coherent and not occluded.

Foreground Object Association

A sliding temporal window of k frames was used to associate detected objects in con-
secutive frames with each other thus building a spatio-temporal trajectory for a single
active object in the input video sequence. An association is made once a detected object
has been matched against the last known detection from each trajectory which has a
moving object (i.e.: trajectories with static objects are excluded) and the pixel overlap
between them is greater than a threshold. Once a trajectory no longer has any active

object detection associations within the sliding temporal window, it is marked for further
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inspection to determine if the tracked object has become static or out of frame. In the
latter case the trajectory is marked as completed if it is longer than a given number of

frames. The former case is handled by the method described below.

Managing Static Objects

When foreground objects stop moving before exiting a scene they become “static objects".
That is, they are objects which are still of interest for summarization but do not move and
thus our method of detecting foreground objects will not suffice. In order to detect these
static objects a background is defined from the last frame with no foreground objects
(static or otherwise). As noted in the foreground object association phase, a trajectory,
t, with no additional foreground objects associated with it appears to have either become
a static object or has exited the scene. To detect if ¢ has become a static object we do
a pixel-wise difference between the padded bounding box of the last known location of
the foreground object and the background. If a large number of pixels differ from the
background pixels, the object is defined as static. Furthermore, this static object must
correlate to the trajectory t as this check is only performed when there are no longer any
new active foreground objects matching the trajectory. The pixel-wise difference test is
performed on every frame until the object moves outside the padded bounding box where

the previous method applies once more.

Accelerating Trajectories

Adaptive motion acceleration of the output trajectories was applied to increase the speed
of slow moving objects without much loss to intelligibility. This was accomplished by
determining the mean speed of active objects and setting that as their summary playback
speed. Since static objects have no motion, they are accelerated by keeping every N
frame. In our experiments we have chosen N = 10. Note that fast forwarding is only
applied to the frames when only the static objects are visible as we would like to minimize
the loss of intelligibility. Thus if any active objects cross the static object or if the static

object becomes active again, the previous method of acceleration applies.

Handling Collisions

One final consideration is required before the complete set of spatio-temporal trajectories
can be used as the 3D shapes of the summarization algorithm. When two (or more)

objects enter the scene, cross paths and exit the scene a decision must be made: treat
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all these objects together as one spatio-temporal trajectory (i.e: merge these objects) or
treat each object as a separate spatio-temporal trajectory. The former was chosen as the
latter results in trajectories where the occluded object will only be partially visible. This
decision results in large spatio-temporal trajectories in the case of a scene with a large
number of crossing objects and thus the summary may not be as optimal. In essence,
we trade improved visualization and ease of understanding at the cost of a potentially

longer summary.

3.2.5 Summarization

After having obtained all the trajectories, we recombined them based on their spatio-
temporal projection on the video cube planes (z,y), (x,t) and (y,t). Each trajectory is
first projected on the (z,y) plane and brought as close as possible to the already inte-
grated projections of the trajectories in the (z,y) plane. This allows multiple objects
from different spatio-temporal locations whose trajectories never cross (in both space and
time) to be seen at the same time. Multiple objects who follow similar trajectories at
different time frames produce collisions on the (z,y) plane. To handle these collisions we
project those trajectories onto the (z,¢) plane and then bring them as close as possible
temporally (see the last box in Fig. 3.1). The same is done for the (y,t) plane. This
results in objects from different time frames appearing one after another. Textual infor-
mation detailing the timestamp of the object in the original video can be added in the
summary to help the user understand the final summary. Finally any trajectories which
were accelerated can be identified through a different timestamp color to inform the user
that acceleration of the object has taken place. To further decrease the length of a video
summary overlaps between the spatio-temporal trajectories of objects are allowed. The
precise amount of overlap is controlled through a threshold representing the percentage

of overlap allowed between the projections of two trajectories.

3.3 Dataset and Evaluation

Evaluation of video summaries is difficult as the quality of a summary is dependent on
the application and target users. To that end, user studies are often employed to measure
how well a video summarization algorithm subjectively performs for a specific application
and target user. As the goal of our video summarization approach was to retain as

much of the moving objects as possible, we evaluate our approach in a more objective

34



manner. To this end we introduce new evaluation measures (Section 3.3.2) that can be
used for estimating the quality of a video summary. These measures aim at evaluating
how well a given video summary captures the relevant activities in a surveillance video.
Our experimental evaluation is performed on a dataset of surveillance videos for which

appropriate ground-truth annotations have been added (Section 3.3.1).

3.3.1 Dataset

To validate and compare the efficiency of our approach with traditional methods, a
database of five sequences each accompanied with a manually created binary mask of
all the activity pixels in the corresponding sequence is introduced !. Fig. 3.2 shows for
each sequence an example of the original sequences and the binary mask associated with
them. Table 3.1 summarizes the basic information (name, dimensions, frame rate, total
length, number of foreground objects and brief descriptions of features present) of each

sequence.

3.3.2 Evaluation Criteria

We define activity pixels as those which are important and thus should be included in
a video summary. These activity pixels were identified through manual labeling of the
dataset described Section 3.3.1. Listed below are our proposed metrics and how they are

measured:

Compression rate
This is simply the amount of reduction in video length relative to the original video.

It is defined as:
CR=1- Lsummary (3.1)

Loriginal
where C'R is the compression rate, Lgymmary 15 the number of frames in the video

summary and Ligine is the number of frames in the original video.

The C'R is zero when the video summary has the exact same length as the original

video.

Activity recall
The total percentage (relative to the original) of activity pixels which are visible

in the final summary. Simply counting the number of pixels in each trajectory

'https://drive.google.com/open?id=0ByLzTbOoFmpvbFFHSG1Tc3dGQjA
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Sequence name | Dimensions | FPS | Length b Descriptive features
objects

Cestad [161] 360 x 288 | 25 | 0:49 min 12 | Linear horizontal movement
along a road in both direc-

tions.

Building 960 x 540 24 | 4:20 min 5 | Objects enter from center of
video frame. Movement is

non-linear.

BuildingStatic 480 x 270 24 | 6:06 min 16 | Same as Building sequence
with addition of a static ob-
ject with multiple objects

crossing it.

Transitwayl 480 x 270 24 | 3:15 min 14 | Diagonal movement along
a road in both directions.
Background contains some

subtle movement.

Transitway2 480 x 270 24 | 2:50 min 16 | Same as Transitwayl with
addition of overlapping ob-

jects.

Table 3.1: Basic information of each sequence in our dataset. A unique identifier is given

for each sequence in the "ID" column which we refer to in Section 3.4 and Fig. 3.5 when

discussing our results.

that intersect with the ground truth activity pixels is insufficient since it is possible
to have overlapping trajectories in the video summary (Section 3.2.5). Thus the
activity pixels from overlapping trajectories should only be counted once since a
viewer cannot see two (or more) overlapping pixels at the same time. This gives

us the following definition for activity recall (AR):

Pre ained — Pover a
AR = —retaned ap (3.2)

Preference
where Preiaineq 1S the number of activity pixels retained before summarization oc-
curs, Ppyyeriap 15 the number of activity pixels which are overlapping with other
activity pixels in the video summary and Preference 15 the total number of activity

pixels in the ground truth.

The AR ranges from zero to one where the value zero implies that no activity pixels
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from the ground truth were found in the video summary while the value one implies

that all activity pixels from the ground truth were found in the video summary.

Activity density
The average percentage of a single frame that will be filled with activity pixels.
For example if 10% of all the pixels in a video are activity pixels, then we would
expect that, on average, any given frame should have 10% of its pixels be activity
pixels. A video summary should have an increase in activity pixels per frame as
we are removing irrelevant frames and filling empty locations within other frames
which might already contain activity. We define activity density (AD) as follows:
Pretained

AD = o D (33)

where Pigineq 1 defined as in the activity recall metric, W and H are the width

and height of the video and L is the number of frames.

3.4 Results and Discussion

In this section we present our results through three different perspectives: (1) sum-
marization perception, (2) summarization evaluation and (3) spatio-temporal trajectory
building performance. In Section 3.4.1, the visualizations of the final video summaries
produced from our proposed approach are presented and examined. In Section 3.4.2,
we utilize the evaluation measures defined in Section 3.3.2 to benchmark how well our
proposed approach performs. Finally in Section 3.4.3 we examine the performance of
our object tracker defined in Section 3.2.4 which was used to build the spatio-temporal

trajectories.

3.4.1 Summarization Perception

As noted in Section 3.3, how well a video summary captures and compresses information
as well as the ease of understanding all actions in the summary can be subjective as it
depends on the application and target users. While we have proposed some metrics in
Section 3.3.2 to reduce subjectivity, the analysis of the final result would not be complete
without some subjective discussion on the results of our proposed approach. Figs. 3.3
and 3.4 visualize a single frame in the final video summary of two sequences.

Fig. 3.3 is from a summarized Building sequence where we can see multiple objects

from different temporal locations in the original video (top row) that have been combined
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in one frame (bottom row). Fig. 3.4 features two different video summaries of sequence
E. In Fig. 3.4a trajectories are allowed to overlap and the timestamps are hidden while
in Fig. 3.4b trajectories are not allowed to overlap and the timestamps are displayed.
In Fig. 3.4a the overlapping trajectories results in all vehicle trajectories (14 in total)
played at once. From this example it is clear that while allowing overlaps decreases the
final length of the video summary, the result is undesirable as the summary becomes
incomprehensible. While there are fewer objects displayed in Fig. 3.4b than in Fig. 3.4a,
we can visualize their timestamps without damaging comprehension in addition to being

able to see each object separately in rapid succession.

3.4.2 Summarization Evaluation

Our proposed approach is compared with three different fast forwarding approaches which
will be denoted as uniform sampling (UniSamp), non-activity skipping (NAS), and uni-
form sampling with non-activity skipping (UniSamp-NAS). UniSamp simply keeps every
N frame and for our experiments we set N = 10. NAS skips all frames without any
activity pixels to summarize. We determined which frames contain activity pixels using
the ground truth binary masks of each sequence. UniSamp-NAS takes the result of NAS
as the input for UniSamp which effectively combines both approaches. It should be noted
that for all sequences using UniSamp, with N = 10, results in CR = 0.9 and AR = 0.1
whereas NAS results in a variable C'R whilst having AR = 1.0. UniSamp-NAS would
thus yield CR > 0.9 with AR = 0.1. The AR and CR values were computed for several
variants of our approach and visualized together with the AR and C'R values for the fast
forwarding methods in Fig. 3.5 as an AR-C'R plot. For the rest of this section we refer
to the sequences by their ID defined in Table 3.1.

From Fig. 3.5 we can see that in order for any video summary to be more effective
than traditional fast-forwarding methods it must have AR and C'R values that place it
above the blue line defined by the NAS and UniSamp-NAS methods. If a summary is
positioned below the blue line, then that means we can select the closest point on the blue
line to obtain a variant of UniSamp-NAS which can produce a summary that improves
upon the AR and/or C'R. Using this observation we found that summaries which placed
above and further away from the blue line were often most effective. Fig. 3.5 also shows
that summaries produced from our approach out performed standard fast forwarding
approaches by offering a good compromise between compression rate and activity recall.

Accelerating trajectories for moving objects had negligible effects for sequences B,
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True positives | False positives | True negatives | False negatives

Sequence name (TP) (FP) (TN) (FN)
GT | Ours | GT Ours GT Ours GT Ours

Cestad 2.412 | 2.395 | 0.000 | 4.114 | 97.588 | 93.474 | 0.000 | 0.017

Building 0.118 | 0.116 | 0.000 | 0.314 | 99.882 | 99.568 | 0.000 | 0.002

BuildingStatic | 0.395 | 0.385 | 0.000 | 2.289 | 99.605 | 97.319 | 0.000 | 0.009
Transitwayl 2.061 | 2.015 | 0.000 | 2.645 | 97.939 | 95.294 | 0.000 | 0.046
Transitway2 2.216 | 2.183 | 0.000 | 2.762 | 97.784 | 95.022 | 0.000 | 0.033

Table 3.2: True/false positives and negatives represented as a percentage of the total
pixels in each sequence for the ground truth (GT) and our spatio-temporal trajectory
building method.

D and E as the objects all moved at roughly the same speed while sequence A and C
had noticeable differences. Since sequence C also has a static object, three different
summaries were produced: no acceleration, static object acceleration only and static
object plus active object acceleration. Allowing overlaps had no effect on sequence C
since all object trajectories which cross the static object were merged during the building
of the spatio-temporal trajectories.

For all sequences, we achieved an AR > 0.97 when trajectories were not allowed to
overlap and no trajectory acceleration was performed (green squares in Fig. 3.5). When
compared to UniSamp, our method results in a large increase in AR and was able to
achieve a C'R > 0.7 for all sequences except for C which had a C'R =~ 0.01 since the static
object was visible for almost the entire duration of the sequence. If we allow acceleration
of the static object, the C'R jumps to =~ 0.59 while AR drops to = 0.58 (magenta square
in Fig. 3.5). Since we only accelerate the static object when no other objects are visible,
there was very little visual difference in terms of missing activity. If we further allow the
active objects crossing the static object to be accelerated we achieved a C'R ~ (.86 and
an AR ~ 0.2 (magenta diamond in Fig. 3.5). Despite the large drop in AR, there was
little visual difference.

Increasing C'R through overlapping trajectories can result in a large drop in AR which
can increase the difficulty of interpretation (see Fig 3.4). This was especially noticeable
in the sequences with vehicles since all of them move along the direction of the road, only
at different times. Thus by overlapping several trajectories, the result was a summary

that had several or all vehicle trajectories played on top of each other at the same time.
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For example in sequences D and E, allowing trajectories to overlap effectively reduces
the summary to the UniSamp-NAS in terms of AR-C'R performance (see Fig. 3.5) with
the additional difficulty in comprehension (see Fig. 3.4). Compare this to sequence B
where allowing overlap increases the C'R with a very minor drop in AR which is a much
more acceptable trade off.

From the AD metric, and observations of the content in the original video sequences
and summaries, we found that summaries which allowed overlapping trajectories had a
significant increase in AD relative to the AD of the original video. A large increase
implies that more activity pixels were packed per frame and thus the amount of overlaps
that occurred must be proportional to the amount of additional AD. For example in
sequence E we saw an increase in AD from 0.08 to 0.17 when trajectories overlap. The
results of the additional 0.09 of AD, which is more than the AD of the summarized video
without overlaps, can be seen in Fig. 3.4a. Since all of the vehicle trajectories overlap
each other, the summary is difficult to comprehend. The issues in Fig. 3.4a are even
more pronounced in sequence D where we observed an AD increase of over 0.50 when

trajectories were allowed to overlap.

3.4.3 Spatio-Temporal Trajectory Building Performance Evalu-

ation

To measure the performance of our spatio-temporal trajectory building method (Section
3.2.4) we examined the number of pixels which were true positives (TP), false positives
(FP), true negatives (TN) and false negatives (FN) with respect to the ground truth
binary masks of each video sequence. TP are pixels which are labelled as activity pixels
by both our trajectories and ground truth while FP are activity pixels in our trajec-
tories but not in the ground truth. TN and FN are defined similarly for pixels which
are not labelled as activity pixels by our trajectories. Our method for building spatio-
temporal trajectories was able to retain 97% of all ground truth activity pixels. Table
3.2 summarizes the results of this evaluation.

While ideally the spatio-temporal trajectories would be same as the ground truth,
in the case of video summarization it is more important that the FN are minimized as
they will not be included in the final video summary. This means that the greater the
amount of FN, the lower the activity retained which leads to an increased difficulty in
comprehension as portions of the objects will be missing in the spatio-temporal trajec-
tories. From Table 3.2 we can see that our method produces under 4.2% FP and 0.05%
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FN for any given sequence in our dataset. Thus while our spatio-temporal trajectory
building method does produce a larger amount of FP, it also produces very little FN and

as a result it is rare to see a partial object or broken trajectories in our video summaries.

3.5 Summary

In this chapter a brief survey on background subtraction was provided with a focus on the
per-pixel Mixture of Gaussians (MoG) methods. A practical application, video summa-
rization, which utilized background subtraction as a building block was also presented.
The main contributions of this chapter is the overall approach for video summarization
which includes spatio-temporal trajectory building plus management and the labeled
benchmarking dataset along with proposed evaluation measures to quantify the perfor-
mance of a summarized video in terms of compression rate (CR), activity recall (AR)
and activity density (AD). Our experimental results show that the spatio-temporal tra-
jectory building method described in this chapter was able to retain upwards of 97% of
the activity in the original video. Being able to separate the foreground from background
whist retaining the majority of activity from input videos is an essential building block

for our framework as described in Chapter 2.
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Figure 3.1: Illustration of each major step required in our approach for video summa-
rization of surveillance cameras. From the top to the bottom, we are first given a set of
input video frames (first row). Next all of the moving objects, per frame, are detected
through a combination of background subtraction, dense optical flow and pixel cluster
(second row). With these objects detected, the spatio-temporal (s-t) trajectories are
built incrementally by matching the objects with the set of active trajectories for the
current frame (third row). Finally once we have all of the s-t trajectories, they can be

re-arranged by examining their projections onto a video cube (last row).
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Figure 3.2: Thumbnails of our dataset. Each column is a separate sequence. The top row
is a single frame from a sequence and the bottom is a single frame from the corresponding

manual binary mask.

Figure 3.3: A single frame in the video summary (bottom row) and original frames for

each object in the summary (top row) for the Building sequence.

Figure 3.4: A single frame from two different video summaries for the Transitway?2 se-
quence. (a) Overlapping trajectories and no timestamps. (b) No overlapping trajectories

and timestamps.
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Figure 3.5: An AR-C'R plot for each sequence. The horizontal axis represents the activity
recall (AR) and the vertical axis represents the compression rate (C'R). A blue line
is drawn between the NAS and UniSamp-NAS methods which represents the different
summaries, and where they would fall in the AR-C'R plot, that could be produced by
varying the N parameter for UniSamp-NAS.
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Chapter 4

Visual SLAM with RGB-D Sensors

Accurate and drift-free pose estimates of a moving camera is integral in robotics ap-
plications which require navigation and mapping. In relation to this thesis, we explore
the topic of dense visual simultaneous localization and mapping (SLAM) with consumer
grade RGB-D sensors, such as Microsoft’s Kinect !, in the context of 3D change detec-
tion. In Section 4.1 a general overview of the visual SLAM problem is given. Section 4.2
covers visual SLAM algorithms which make use of a RGB-D sensor. An application using
dense visual SLAM for detecting changes between two RGB-D videos taken in the same
environment is covered in Section 4.3. The methods developed for the application are
beneficial to our thesis goals of producing immersive VR scenes as in addition to being
able to perform 3D reconstruction of static scenes, we can detect changes (i.e: objects of

interest) between two RGB-D videos viewing the same scene.

'https://developer.microsoft.com/windows/kinect
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4.1 Overview of Visual SLAM

Typically, SLAM for moving robots is solved using a variety of sensors (lasers, IMU,
GPS, stereo cameras, etc...) [156, 30, 4, 83]. While the multi-sensor approaches have
been successful in applications such as automated driving |88, there exist many situations
and environments where some or most of the sensors are not reliable or even not available.
Visual SLAM refers to a variant of the SLAM problem where the only sensors available
are cameras.

Let Z = {iy,1i2,...,i,} be a set of input images. A visual SLAM algorithm takes in Z

and produces two sets:

1. The camera poses C = {¢y, ¢, ..., ¢ } where ¢; € SE5. These camera poses represent

the trajectory the robot has taken within its environment.

2. The map, M = {p1,p2, ..., Pz}, of the environment where each p € M represents a
"landmark" position. Landmark positions are those which are used to help deter-

mine the camera poses and reconstruct the environment.

Most visual SLAM algorithms assume the sensors observe a static environment. Main-
tenance and optimization of the computed camera poses is typically achieved through a
pose graph [99]. The nodes of a pose graph are the camera poses while an edge connects
two poses if there exists some spatial constraint between them. A constraint consists of
a probability distribution over the relative transformations between two poses. These
transformations can come from odometry measurement data or from image alignment
data. Some exceptions exist, such as ElasticFusion [166] which maintains the camera
poses without a pose graph and DynamicFusion [111] which can handle a limited dy-
namic environment. However, for the vast majority of methods, the following building

blocks outline the general pipeline used in visual SLAM algorithms:

Visual Odometry Incremental estimation of the camera trajectory and the 6-DokF cam-

eras poses using the input images.

Map Building Reconstruction of the 3D environment using the estimated camera poses

and 3D points found from the input list of images.

Loop-closures Detection for when the camera re-visits portions of the scene that have

already been mapped. A positive detection results in a re-arrangement of the
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current camera poses by essentially connecting two nodes in the pose graph and

then optimizing the new arrangement of poses and spatial constraints.

Bundle Adjustment Optimize the camera poses by minimizing the 2D image re-projection

errors of estimated 3D points from the scene.

Precisely how each of the building blocks are implemented has given rise to a multi-

tude of visual SLAM algorithms. Many of these variants can be categorized as follows:

Sparse or Dense Sparse visual SLAM methods use only a small portion of the image
(i.e: keypoint features such as SIFT [98] or BRISK [87]) for visual odometry and

map building. Dense visual SLAM methods use the entire image.

Mono or RGB-D Mono-SLAM algorithms only use RGB or grayscale images while
RGB-D SLAM algorithms can include images captured with a passive or active

stereo cameras such as the Kinect.

Fusion-based or Point-based A fusion-based SLAM algorithm reconstructs the en-
vironment by incrementally accumulating a truncated signed distance function
(TSDF) [18]. A 3D mesh model can be extracted from the TSDF induced by
the input images. A point-based SLAM algorithm outputs a point cloud as the 3D

reconstruction of the scene.

Given the large number of algorithms in the topic of visual SLAM, we will only

concentrate on the relevant algorithms which make use of RGB-D sensors.

4.2 RGB-D SLAM

In this section we cover how various RGB-D SLAM algorithms satisfied each of the
building blocks of a visual SLAM algorithm as defined in Section 4.1.

Visual Odometry Henry et al. [57] and Endres et al. [32] both combine visual features
such as SIFT |98 or BRISK [87] with the associated depth values to first estimate an
initial rigid transformation through RANSAC. This initial transformation is then
refined through a joint optimization over the sparse feature matches and dense
point cloud alignment through the Iterative Closest Point (ICP) algorithm [176]
(or any of its variants [128]). The refined transformation is applied to the previous

camera pose and the pose graph is updated with the new camera pose.
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In KinectFusion [112] only the depth data is utilized for visual odometry. The
camera is tracked using a version of ICP which computes correspondences through
projective data association [128]. Real-time performance is achieved through a

GPU-based implementation.

Map Building All methods can produce a point cloud reconstruction by accumulating
all of the point clouds produced from each camera pose transformed RGB-D frame.
Surface reconstruction algorithms (such as the Poisson surface reconstruction [66])
can be applied to the resulting point cloud to obtain a mesh based representation.
KinectFusion-based [112] algorithms accumulate a truncated signed distance func-
tion (TSDF) [18] and a mesh surface can be extracted through a marching cubes
algorithm [96].

Loop-closures Most approaches for loop-closures depend on fast image matching tech-
niques. Henry et al. |57| and Endres et al. |32] both define keyframes based on
the number of RANSAC inliers from their frame-to-frame alignment approach for
visual odometry. A low number of inliers implies the current view contains too
few 3D feature point matches with the previous keyframe and thus a new keyframe
is required. This new keyframe is still localized relative to the previous keyframe
through the frames in between. Each time a new keyframe is created, it is matched
against a portion of the previous keyframes to detect if the camera is revisiting
a previous location. A vocabulary tree [114] can be used to efficiently select n
of the previous keyframes with similar appearance. These n keyframes are then
examined in more detail to determine the best match geometrically. The vocab-
ulary tree approach by Nister et al. [114] was inspired by the work of Sivic and
Zisserman [143] which accumulated into the open source software OpenFABMAP
|16, 47]. Lastly, since Whelan et al. [166] does not use a pose graph, loop closure

is achieved through surface matching and deformation.

Bundle Adjustment Once the complete set of loop-closed camera poses has been es-
timated per key frame, a large bundle adjustment [97] over all camera poses can
further optimize the entire pose graph. This step is entirely optional and is typically

not used in real-time applications as it is computationally expensive.
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4.3 Application: Change Detection in RGB-D Videos
Captured with Patrolling Robots

The detection of changes within a scene is a fundamental pre-processing step in many
higher level computer vision and video surveillance applications. Typically these applica-
tions deploy change detection to identify regions within an image or a video which are of
interest for subsequent processing. In this section we examine and propose a solution to
a variant of the change detection problem for patrolling robots. In this variant, the robot
records a video while patrolling its route and the goal is to automatically detect changes,
or "abnormalities", from any subsequent traversals of the route. Thus the input to the
problem of change detection for patrolling robots is a reference video, which we consider
to contain no abnormalities, and a set of probe videos for which changes or abnormalities
might exist. The output would be a video highlighting any changes detected with respect
to the reference video. More specifically, changes such as objects which were present in
the reference video but missing in the probe video (or vice versa) should be highlighted
while the frames without changes should be skipped. Such a video would be of value to
human operators who wish to be able to quickly see all the abnormalities found during
the robots patrol.

Performing change detection for patrolling robots presents three main challenges:

1. While the patrolling robot follows the same route, the exact path and the time it

takes may vary.

2. Since the robot does not follow the exact same path, it is necessary to understand

the route in terms of geometry and appearance to accurately detect changes.

3. As we wish to detect an "abnormality" in general, specific object detectors will not

suffice.

With these challenges in mind, we need to solve several problems in order to detect
changes for patrolling robots. Firstly, the reference and probe videos must be aligned
spatial-temporally in order to perform any comparisons. Secondly, once the differences
between the two videos have been detected, there needs to be some understanding of
what the differences correspond to since the same object or event should be given the
same labelling throughout the video. Finally, in the output video we would like to give

focus to the frames where the differences exist.
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In this section, a summary of the proposed framework solves all of above by examining
the 3D maps, represented as point clouds, of the scene containing the robot routes
produced from the reference and probe videos. The difference between these maps would
then highlight all the abnormalities. Clustering these abnormalities in 3D space provides
a consistent labelling. The camera poses estimated while building the 3D map allows for
a re-projection from 3D back to 2D so that an easy to understand video highlighting the
differences can be obtained. The rest of this section is organized is follows. Section 4.3.1
provides a survey of related works and Section 4.3.2 summarizes our proposed approach

for detecting changes and producing a video summary of those changes.

4.3.1 Related Works

Andreasson et al. [1] and Finman et al. [39] both tackle the problem of change detection
using patrolling robots in a similar manner - they move the problem into the domain of
3D space. Andreasson et al. [1] deployed a laser scanner combined with a CCD color
camera to first build their reference model, represented as a point cloud. The probe
model is generated similarly. In order to detect changes, Andreasson et al. [1| combined
color image matching with the associated interpolated 2] laser scan data to more robustly
estimate the camera pose of a scan from the probe model with respect to the reference
model. Once the colored depth map has been registered and aligned to the reference
model, changes are detected through a 3D Normal Distributive Transform (3D-NDT)
[116, 102] point cloud difference.

More recently, Finman et al. [39] used a commodity RGB-D sensor and a RGB-D
SLAM system (specifically, Kintinuous [165, 167|) to generate a map, represented as a
point cloud, of the patrolling robots route. With a reference map defined, changes can
be detected from probe maps using a 3D point cloud difference where the only points
kept are those which are within some radius r of another point in the reference map. It
should be noted Finman et al. |39] aligned their reference and probe maps manually as
their main goal was not a complete framework for change detection but to use change
detection in facilitating the learning of multiple object segmentation algorithms for the
reference map. Additionally while their object segmentation learning approach does take
into account color differences, their change detection method does not.

The major disadvantage of the work by Andreasson et al. [1] is the usage of a specific
combination of hardware which results in data being captured only at discrete locations

along the patrolling robots route rather than continuously. Thus motion which occurs
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in between laser scans will not be captured resulting in a loss of information. RGB-D
SLAM systems, such as the one used by Finman et al. [39], utilizes continuous data which
provides some robustness to moving objects. However, despite using a RGB-D SLAM
system, Finman et al. [39] aligned captured maps manually, their change detection
method did not take into account color changes and they did not make full use of the
captured RGB-D video. Thus, similar to the method by Andreasson et al. [1], any
detected changes would only be viewable as static 3D objects leading to a potential loss
of contextual information. For example, if the patrolling robot was able to capture a
door which opened and closed, this would be visualized as a static object despite the fact

that in the RGB-D video you can clearly see the motion of the door.

4.3.2 Proposed Approach

Our approach addresses the problems and draws from the strengths found from both
methods. We use a RGB-D SLAM system, similar to Finman et al. [39], to build our
maps but also perform automatic map alignment and account for color differences like in
Andreasson et al. [1]. Furthermore, the output of our change detection not only includes
the 3D objects but also a video with indicators per frame highlighting the detected
differences. The indicators track each of the 3D objects throughout the video. As far as
we know, there have been no approaches for change detection using video captured from
patrolling robots which can do all of the following: (1) automatically align two maps, (2)
detect changes in both 3D space and color space and (3) produce an easy to understand
RGB video summary highlighting all of the detected changes.

The proposed framework leverage’s the additional information which can be obtained
from 3D maps to bypass the problems of temporal and spatial de-synchronization that
can occur when several videos are taken by a patrolling robot at different times. Once a
3D map has been built for the reference and probe videos, any changes can be detected
through the difference between the two maps. After filtering these differences for noise,
individual objects are segmented through spatial and appearance based clustering. We
use the segmented result in conjunction with the computed camera poses from the 3D
map to perform a "3D walkthrough" of the partolling robots route. Whenever an abnor-
mality is within a camera’s field of view, its 3D coordinates are projected back onto the
original RGB video frame. The frames where there are no changes in view can be safely

skipped. Fig. 4.1 illustrates the pipeline for our proposed framework.
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Figure 4.1: Pipeline of our proposed approach. Steps for building and aligning 3D maps,
change detection and object segmentation, and producing a video summary are contained

in the grey, red and blue boxes, respectively.
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Building 3D Maps

The RGB-D SLAM system from Labbé et al. [77, 76, 78| was used in conjunction with a
commodity structured light sensor to build 3D maps from RGB-D videos. The output of
the RGB-D SLAM system is a point cloud representing the scene that the robot traversed
through as well as a list of camera pose estimates for the trajectory taken. Typically,
in real-time SLAM systems, only key frames are used for map building and camera
pose estimation. Camera poses for regular frames can be found through interpolation of
neighbouring key frames. Once we have a 3D map of the reference video, the 3D map
of the probe video can be built similarly with the additional aide of re-localization. By
leveraging the information we already have from reference model we can automatically

align two 3D maps to a common coordinate system to perform a point cloud difference.

Point Cloud Difference

The difference between two point clouds was found using the Hausdorff distance [3| which
computes a closest point a; € A for every point b; € B, where A and B are point clouds.
For every b; € B, if d(a;,b;) > a or ¢(a;,b;) > [ then b; is marked as a "difference" where
d(x,y) is the Euclidean distance and c¢(z,y) is the color distance in CIELab color space
[159]. We choose « to be a percentage of the largest side length of the 3D bounding box
containing AU B. This allows us to detect geometric differences whose size is relative to
region covered by AUB. We choose 8 = 20 so that the color differences are perceivable by
the human eye and to account for the fact that RGB-D SLAM systems integrate images
from many different viewpoints. Integration of multiple images means that illumination
can have an effect on the colors of A and B. Fig. 4.3 provides a visualization of adding

appearance difference detection to the images displayed in Fig. 4.2.

Change Detection

Using the result of a point cloud difference, individual objects are detected through
spatial clustering. More specifically, our framework makes use of the method introduced
by Ester et al. [35], called density-based spatial clustering of applications with noise
(DBSCAN), as it does not require prior knowledge of the number of clusters beforehand
and is robust to noise. DBSCAN requires two parameters: ¢, which controls the search
neighbourhood for each point, and minPts, the minimum number of points which forms
a "dense region". The algorithm searches in the e-neighbourhood of each point to find

dense regions to merge. For more details on the algorithm see the original paper [35].
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(a) Frame 61 in the "Reference" video from (b) Frame 95 in the "Change01" video from
"Cluttered" dataset. "Cluttered" dataset.

Figure 4.2: Both 4.2a and 4.2b show a planar object with several pictures on it. The
differences are apparent in the color images (left) while the depth maps (right) are unable

to pick up this difference.

Figure 4.3: The results of change detection without appearance constraints (left) and
with appearance constraints (right) overlaid onto of the probe 3D map (top row) and
video frame (bottom row). The appearance constraints allows us to detect the plane

with pictures on it from Fig. 4.2a.
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Figure 4.4: A example of projecting the view from a camera onto the original video frame
so that the detected differences are overlaid. The detected differences were rendered as
colored discs and the camera bounds as the green rectangle. (a) Projected points onto
pixel buffer. (b) Crop to camera bounds and compute 6 to align with the axis. (b)

Rescale to original size and draw the differences.

Projecting Detected Changes to Video

Let P be the 3D map, represented as a point cloud, built from the video frames F =
{f1, f2s .-, [} and C = {¢1,¢a,...,cx} be the camera poses obtained from the 3D map
building process. The detected changes, P = {p1,p2,---,Pn}, are then a set of point
clouds such that each p; € P ideally corresponds to a 3D object of interest and p; C P.

To project P onto some frame fi € F, we first render all the points of every point
cloud p; € P which are visible from ¢; € C onto a pixel buffer B of dimensions w x h (Fig.
4.4a). Using the transformation matrix of ¢;, and the video frame dimensions z x y, we
can determine the coordinates of the virtual camera bounds, v;, projected onto B. We
crop B according to v; to isolate all of the points p € pjvpjeﬁ which belong to f;. The
isolated points are rotated so that they are axis aligned (Fig. 4.4b). In order to render
them back onto f; we re-scale the cropped image back to the dimensions of f; (Fig. 4.4c).
To avoid cluttering we can: (1) render a bounding circle instead of the point clouds and

(2) only project a point cloud p; € P onto fi when p; is large enough.

Video Summarization of Detected Changes

Since the detected changes are 3D objects, they can be difficult to interpret without the
context of the original video. We introduce a video summary which takes the detected
3D objects and overlays it onto the input video. Such a video can quickly provide context
to the detected changes and can be viewed on both desktop and mobile devices.

Our video summarization algorithm takes as input: (1) a set of camera poses, C =
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{c1,¢a,...,c1}, (2) a set of point clouds, P = {p1,p2; ..., P}, representing the detected
changes and (3) the video F = {f1, f2, ..., fx} to be summarized. In essence, our algorithm
performs a "3D walkthrough" using C and determines which points from every point cloud
p; € P are visible from a camera c; € C. If there are not enough points visible from ¢;
then the associated video frame, f; € F, is marked for fast-forwarding. In addition to
determining which f; € F are to be fast-forwarded we also determine which locations in f;
are of interest so that an indicator can be rendered onto f; for improved comprehension.
To do this for some frame f; € F, we follow the steps outlined in Section 4.3.2

Finally, since the camera may linger on any detected change for an extended period
of time, we can apply addition rules to fast-forward those frames. The goal is to simul-
taneously reduce the length of the final result while not skipping frames which contain
"interesting" portions. As the latter is inherently subjective, we define "interesting" to
be when new changes come into view or when all currently visible changes have been
visible for a threshold amount of time. The steps we take for summarization with visible

changes are as follows:
1. Record the amount of time that each change has been visible.

2. For any frame f;, if all the projected changes have been visible for k frames, fast-

forward the next T" frames until a new change moves into view.
3. Reset the timer for each summarized change once the summarization stops.

The effect of applying these additional rules is that we fast-forward until either new

changes or a new view of the current changes is found.

4.4 Summary

In this chapter a brief survey on visual SLAM was provided with a focus on the RGB-D
SLAM methods. A practical application, change detection for patrolling robots, which
utilized RGB-D SLAM as a building block was also presented. The methods for recon-
struction of static 3D models using RGB-D SLAM systems and the detection of changes
between two RGB-D videos can be used to satisfy the static 3D background reconstruc-
tion and separation of the foreground and background components for the system defined

in Chapter 2.
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Chapter 5

Single Camera Dynamic VR Scene

Creation

Creating experiences for VR typically falls along a spectrum with one end containing
computer generated imagery (CGI), such as 3D video games, and the other end containing
reality based, such as stereo video. CGI often requires a team of specialists to create a
virtual 3D world and provide rules for interactions, while reality based content utilizes a
combination of visual sensors and algorithms to display or reconstruct a captured scene.
The approach in this chapter is concerned with the latter, specifically the case of a single
RGB-D sensor.

One motivation for focusing on the case of a single RGB-D sensor is to explore
the possibility of creating VR content through a hand-held device. Realistically, an

average consumer may not have the space and/or the resources to setup a multi-sensor
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environment. Furthermore such an environment has poor mobility making it difficult to
record content spontaneously at different locations. The aim of this chapter is to provide
a framework to empower regular consumers to record their own content to be viewed or
interacted with in VR at a later date. Being able to reproduce a dynamic scene through
a single sensor is therefore of great interest.

The remainder of this chapter is organized as follows. Section 5.1 surveys related
works and Section 5.2 details a contribution of this thesis: an approach for creating
VR scenes with dynamic objects using a single RGB-D sensor. Section 5.3 provides
a discussion of our approach based on our experimental results. Finally, Section 5.4

summarizes.

5.1 Related Works in VR Scene Creation

A large quantity of methods exist for producing reality based VR content through visual
sensors. In this section a brief overview of the most dominant categories is provided before
highlighting the works most relevant to this thesis. When discussing each category, the
focus will be on the amount of motion accommodated for a viewer in terms of degrees of
freedom (rotational and positional). The more degrees of freedom accommodated, the
more immersive the VR experience will be.

Perhaps the oldest, and most studied, approach for producing VR content is stereo
video. The concept is simple: a stereo camera is composed of two cameras which sim-
ulates human binocular vision. When the captured video is played back, each camera
displays an image for one eye thus allowing a user to feel as if they were at the camera’s
position. The major drawback is the fact that the viewer’s head movement, rotational
and positional, will not be reflected in the content they are viewing. Multiple monocu-
lar or stereo cameras can be combined into one capture rig to produce 360° video [173]
or 360° stereo video [158] allowing for rotational head movement. Regardless of the
methodology used to produce a 360° video (stereo or otherwise), it still cannot provide
the viewer’s head with positional freedom.

A volumetric or RGB-D video provides viewers with rotational and positional freedom
since each frame is a 3D object. Typically, a RGB-D video is captured through active
stereo sensors such as Mircosoft’s Kinect [177]. Passive stereo systems can also produce a
RGB-D video but require additional processing to obtain a depth map [157]. Both active

and passive stereo systems have their weaknesses, which are often complementary, and
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some have tried to combine both to overcome the weaknesses of each [174]. If a RGB-D
video does not contain any dynamic objects, then static scene reconstruction algorithms,
such as KinectFusion [112], can be used to accumulate data from multiple viewpoints
resulting in a complete 3D model. More recently, DynamicFusion [111] demonstrated
dynamic object reconstruction by non-rigidly warping a reference volume to each new
RGB-D frame and fusing new depth samples into the model. Tt should be noted that
this work was aimed at reconstructing objects rather than a complete scene and thus the
background data is ignored.

Methods using multiple RGB-D sensors have been explored. The approach by Dou
et al. [26] is composed of two stages: off-line scanning and on-line running. During
the off-line stage a single Kinect sensor scans the target room beforehand to obtain a
high quality background model. The on-line stage utilizes 10 Kinect sensors positioned
around the target room to record dynamic content. Alignment of the background model
and live data is achieved with through SIFT features and planes [27]. More recently,
Dou et al. 28] introduced Fusion4D, a pipeline for real-time performance capture that
is robust to large frame-to-frame motion and topology. They accomplish this through
the use of volumetric key-frames allowing for a more recent model to incorporate new
data during quick movement or topological changes. However, similar to DynamicFusion
[111], their goal was to capture specific objects within the view of their multiple sensors
and thus the background data is not considered.

The works most related to the approach presented in this chapter are due to Dou et
al. [26] and Newcombe et al. [111]. While compelling, multi-view approaches require
complex camera setups and thus are not practical in a mobile environment. In contrast,
single sensor approaches for scene reconstruction have either focused on building dynamic
objects through precise tracking of the target while ignoring the background [111], or
focused on producing static models without dynamic objects [112]. As discussed in
Section 2.1, in order to have an immersive VR scene, both the dynamic objects and their

corresponding background must be present simultaneously.

5.2 Dynamic VR Scene Creation with a Single Camera

An initial approach based on the knowledge gained from Chapters 3 and 4 was devised
with the aim to address the properties as defined in Section 2.1. This approach assumed

a static camera like in Chapter 3 and was localized to a background model produced
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through RGB-D SLAM as in Chapter 4. Foreground and background separation was
applied as in Chapter 3 and the result refined with the 3D point cloud change detection
measures as in Chapter 4. In essence, this approach was a restricted version of the
database solution described in Section 2.3 where the camera is static.

While the above approach can produce VR scenes which technically address the first
three properties as described in Section 2.1, the scenes do not feel very dynamic due to
the fact that the interesting foreground objects must enter and leave the field of view
of a fixed camera pose. A freely moving camera would allow for more interesting and
dynamic scenes as the actors may move around the environment rather than be restricted
to a sub-portion. To allow for a freely moving camera and to improve the dynamism of
the scene, an approach based on the generalized solution of Section 2.4 was explored.
This approach is one of the contributions of this thesis which led to a publication [79].
A technical overview of the system is described in Section 5.2.1 and the experimental

results illustrating the effects of different components is detailed in Section 5.2.2.

5.2.1 System Overview

Given a set of RGB-D frames, Fi,p., the foreground, Fy,, is separated from the back-
ground, Fp,, using a combination of human pose recognition [138] and visual object
tracking |145]. Once the foreground and background have been separated, we feed the
background only frames, F3,, into a RGB-D SLAM system to obtain a static background
model, Mqc, and a set of camera poses C such that there is a one-to-one correspon-
dence for each ¢; € C to each fj, € Fyy and f}, € Fr, where i is the frame number. Since
Jog + [fy = J* where f* € Fippu, then the foreground objects Fp, can be superimposed
onto M e via C allowing for a dynamic scene to be displayed in VR. Figs. 5.1 and 5.2
visualize the proposed pipeline and results. The next subsections provide the technical
details for achieving the individual building blocks as discussed in Chapter 2 and shown
in Fig. 5.1.

Separating the Foreground and Background

Since people are often the most interesting subject of recorded videos, we first focus
on segmenting people from the input RGB-D frames before discussing the case of more
general foreground objects. Section 5.2.2 provides a comparison of several methods for

segmenting the foreground objects.
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Figure 5.1: Visualization of the pipeline for our proposed approach to solve the first three

properties as defined in Section 2.1.

Figure 5.2: Example of the results produced from the input video in Fig. 5.1. A single

frame is shown from multiple viewpoints coherently with the complete background model.
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People Extraction

We utilize Microsoft’s Kinect SDK [138] to capture skeletal information and the fore-
ground mask for each detected person. The Kinect SDK is not without its faults and
does have skeleton tracking failures (see Fig. 5.3). These failures mostly occur when a
person is not facing the sensor and/or when there is a limited /occluded view of the per-
son. To overcome this problem, we deploy a general visual object tracker (VOT) to aid
in tracking when the Kinect SDK produces a skeleton tracking failure. Specifically, we
use the scalable kernel correlation filter (SKCF) [145] tracker as it is robust and capable
of real-time performance. We combine the results of skeletal tracking and the sKCF by

examining two events:

Skeletal Tracking Failure (STF) A potential STF is detected when the previous
frame contains N skeletons but the current frame has N —i skeletons, where N > 1
and N >4 > 1. The sKCF tracker is initialized using the head positions of the
previously detected skeletons and then run for the current frame. The classic flood
fill algorithm [56] is applied only to the depth frame to extract a foreground mask.
A large overlap between the previous and the current frames foreground masks
implies that the person still exists and thus a STF has occurred. Once a STF is
detected, the sSKCF tracker is given tracking control until a second type of event

occurs: tracked person merging.

Tracked Person Merging (TPM) A TPM is required when the previous frame con-
tains NV skeletons but the current frame has N + ¢ skeletons, where N > 0 and
1 > 1. In this case we have either rediscovered an existing person who had previ-
ously lost skeletal tracking or we have a new person entering the scene. A large
overlap between the previous and current foreground masks implies we have redis-
covered an existing person. Otherwise a new person has entered the scene and we

begin tracking them separately.

General Object Extraction

Since we are interested in producing VR scenes from captured RGB-D video, online real-
time processing is not strictly required. We present two approaches for general object

extraction:
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Figure 5.3: A sampling of frames from the KinectLoop sequence (see Table 5.1) with
(a) color frames and the foreground binary masks from (b) just the Kinect SDK and (c)
using Kinect SDK combined with sKCF and segmenting with flood fill.

Two-pass filter In the first pass, similar to Dou et al. [26], we scan the scene without
any foreground objects to build a static background model M 4ic. In the second
pass, each RGB-D frame f'€F;, is localized against Mgqae. Once localized,
fis expanded into a 3D point cloud, P, through the camera intrinsics and the
Hausdorff distance [3] is computed between P and Mgqu.. A threshold on the
Hausdorff distance separates the points in P which are too close to M i and the

remaining points are considered the foreground.

User selection In this approach we allow the user to select which objects are considered
to be the foreground. To relax the amount of manual labor required, we use sKCF

to track the user selected objects.

Building a Static Background Model

Once the foreground and background are separated, we feed the background only frames
into the same RGB-D SLAM system used in Chapter 4 with loop closure detection |77,
76, 78]. The resulting model can, optionally, be further improved through pose graph
refinement and sparse bundle adjustment [97]. To produce a mesh model we use the

Poisson surface reconstruction algorithm |66] and perform a transfer of color attributes.

Superimposing Foreground Frames

Since there is a one-to-one correspondence for each foreground frame to a background
frame, we can re-use the camera poses, C, obtained from building a static background
model M.:.. More specifically, we use ¢; € C to transform the foreground frames
f}ge}"mput into the same coordinate system as M e Applying the camera intrinsics
results in a properly superimposed 3D object that is consistent with M .. A triangular

mesh of f}g can easily be obtained by exploiting the grid structure of the image.
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(a) Kinect SDK only (b) Kinect SDK + sKCF

Figure 5.4: Static background models produced with background masks from the (a)
Kinect SDK only (note the unsegmented foreground fused into the background) and (b)
Kinect SDK + sKCF [145].

5.2.2 Dataset and Evaluation

To test, evaluate and validate our approach we introduce a dataset of 6 RGB-D image
sequences along with a manually created binary mask for the foreground objects. The
sequences were captured with two different sensors: a structured light and a Kinect V2.

Note that our structured light sensor does not provide skeletal information.

Evaluation Metrics

Two main factors determine the quality of the final result: (1) the accuracy of the
foreground background separator (FBSep) and (2) the static background reconstruction
method. Since there already exists studies on RGB-D SLAM benchmarking and evalua-
tion [33, 150], we focus our evaluation on our FBSep. More specifically, we examine the
extracted foreground masks with respect to the manually labeled ground truth. Let GT;
and F'G; be the ground truth and extracted foreground masks at frame 7, respectively.

Listed below are our evaluation metrics and how they are measured per frame:
e True Positive (TP): |GT; N FG;|/|GT;|
e False Positive (FP): |(GT; N FG;) N FG;|/|FG,|

e False Negative (FN): 1 — TP
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Intuitively, TP is the percentage of ground truth foreground pixels extracted by the
FBSep. The FP and FN are complementary in the sense that they both measure a
more subtle visualization element of the final result. The FP measures the amount of
background attached to the foreground frames during playback while the FN measures

the amount of foreground which was fused into the static background model.

Evaluation Results

Using our proposed approach, we produced VR scenes for each of the sequences which
were described earlier in this section. The results of applying our evaluation metrics is
summarized in Table 5.1. Figs. 5.5 and 5.6 illustrate the TP and FP per frame (the FN

is not shown as it is simply 1 — T'P) for each sequence in our dataset.

Dataset FBSep
name Method

Kinect Only 0.9547 | 0.2049 | 0.0453 | 0.9538 | 0.2134 | 0.0462

Avg. TP | Avg.FP | Avg.FN | Med. TP | Med.FP | Med.FN

KinectTrans
Kinect + sKCF | 0.9553 | 0.0215 | 0.0447 0.9552 0.0023 0.0448
Kinect Only 0.9352 | 0.0744 | 0.0648 0.9427 0.0207 0.0573
KinectRot
Kinect + sKCF | 0.9437 | 0.0060 | 0.0563 0.9444 0.0010 0.0556
) Kinect Only 0.7352 | 0.0070 | 0.2648 0.9640 0.0026 0.0360
KinectLoop

Kinect + sKCF | 0.9683 | 0.0169 | 0.0317 | 0.9687 | 0.0001 0.0313
StructTrans sKCF Only 0.9150 | 0.5123 | 0.0850 | 0.9138 | 0.5271 0.0862
StructPath01 sKCF Only 0.9037 | 0.5155 | 0.0963 | 0.9454 | 0.6179 | 0.0546
StructPath02 sKCF Only 0.9328 | 0.3962 | 0.0672 0.9345 | 0.4544 | 0.0655

Table 5.1: Evaluation results using the our metrics defined in Section 5.2.2 applied to
two methods of foreground background separation (FBSep): (1) use only the Kinect
SDK to track and segment dynamic objects and (2) our method where sKCF aids the
Kinect SDK in tracking and object segmentation. The TP, FP and FN were computed

per frame with the average and median values reported.

5.3 Discussion

From Table 5.1 we note that every image sequence from our dataset observed both a
higher and lower median TP and FP (respectively) when using the sKCF tracker to aid
the Kinect SDK. The most notable example is the KinectLoop sequence where the Kinect
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Figure 5.5: Per frame TP (green lines) and FP (red lines) results for the sequences
captured using a structured light sensor. Vertical and horizontal axis denotes the TP
or FP value and frame number, respectively. Columns correspond to a different image
sequence from our dataset. Note, since the structured light sensor did not capture body

poses, we manually initialized SKCF on the first frame.

SDK was unable to detect the targets skeleton for portions of the image sequence. These
detection failures are visible as gaps in the bottom left graph from Fig. 5.6 and Fig. 5.4
shows the result of skeletal detection failures.

Our method achieved an average TP and FP of above 0.93 and below 0.03, respec-
tively, for the image sequences captured using a Kinect V2. For the sequences captured
with a structured light sensor we achieved an average TP and FP of above 0.90 and be-
low 0.52 , respectively. Manual inspection of the structured light sequences revealed that
the high FP rate of the structured light sequences was mainly due two factors: (1) the
target being at the limits of the sensor range thus resulting in a lower depth quality and
(2) a number of static objects cluttering the scene which the classic flood fill algorithm
included as part of the foreground. A second pass over the flood fill segmentation should
be able to reduce the FP rate significantly and precisely how this can be accomplished
is left as future work.

It should be noted that the method described in this chapter can achieve the first
three properties of immersive VR scenes as described in Section 2.1 but not the fourth.
In order to achieve the last property, we will need to fill in all the occlusions which
can exist when using only a single sensor. This problem is known as scene completion
and shape completion. Typically, for RGB-D data, scene completion refers to all objects
within the FOV of a sensor and shape completion refers to specific objects. The topic of

shape completion is thus the focus of the next chapter in this thesis.
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Figure 5.6: Per frame TP (green lines) and FP (red lines) results for the sequences
captured using a Kinect V2. The left column contains results from using just the Kinect
SDK to perform tracking and dynamic foreground object segmentation while the right
column combines the sKCF tracker with the Kinect SDK to track and segment the

dynamic foreground objects.

5.4 Summary

In this chapter we provided implementation details of our proposed system from Chapter
2 for producing VR scenes which include both a consistent background and dynamic
objects using a single moving RGB-D sensor. Our implementation was tested over a
proposed database of RGB-D image sequences and evaluation benchmarks specifically

for the case of building VR scenes from single RGB-D sensors.
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Chapter 6

Shape Completion of Single View
Depth Maps

Advancements in sensor hardware has led to affordable commodity depth sensors [177,
130] facilitating the capture and modeling of large amounts of 3D data. By accurately
tracking the sensor pose while maneuvering it around an object, multiple depth maps can
be fused together and the 3D shape of the target object can be reconstructed [112]. In
practice, due to time-space constraints, it may not be possible to maneuver the camera
such that the entire surface of the object is captured. For example, a self-driving vehicle
has both limited time and space to reconstruct the objects around it for obstacle avoid-
ance systems. In relation to this thesis, 3D shape completion of objects from a single
depth map would allow for the human actors from the dynamic VR scenes as produced

in Chapter 5 to be as complete as possible. This 3D shape completeness is the fourth
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property of immersive VR scenes which we identified in Chapter 2. Thus, completing
the 3D shape of objects from a single depth map is of great interest.

The ability to complete and reconstruct the 3D geometry of an object from a single
view depth map is particularly useful for VR /AR applications [136], robotics (i.e: grasp-
ing objects |160]), obstacle avoidance and content creation. However, reconstructing the
3D shape of objects from a single depth map is very challenging due to the inherent
ill-posed nature of the problem - potentially infinite configurations and arrangement of
shapes can produce the same depth map. Classical approaches for 3D reconstruction of
partial structures include mesh hole filling [178] and Poisson surface reconstruction [67]
but both of those approaches assume a strong global shape prior. That is, while the
input is potentially sparse, it should not be missing entire portions of the object (i.e: a
chair with missing legs).

Recent state-of-the-art approaches leverage the success of deep learning and learn
3D shape models directly from data [10, 136, 20, 151]. In these approaches a 3D skip-
connected auto-encoder style network is typically used where the input and output is
either a voxel occupancy grid or a signed distance field (SDF). These 3D networks es-
sentially replace the 2D pixel array with its 3D analogue - a dense 3D voxel grid. Thus,
computational and memory requirements for these networks scale cubically. As a result,
these networks are typically trained with low resolutions (32% voxels) often leading to
coarse outputs.

In this chapter we examine the single depth map to 3D shape completion problem
from the perspective of just 2D convolutional neural networks (CNN). While it might
seem counter intuitive to use a 2D CNN to predict 3D structures, other existing works
have been successful in predicting depth maps from single color images using 2D CNNs
|31, 81| to the level that it can be used in simultaneous localization and mapping (SLAM)
applications [155]. Thus, 2D CNNs can still be expressive enough to infer 3D information
with the benefit of having a lower computational and memory footprint. To accomplish
our goal, we introduce the concept of an "additive depth map" for 3D shape completion
and propose a 2D CNN to predict it.

The rest of this chapter is organized as follows. Section 6.1 provides the necessary
background on CNNs - the basic component of our proposed 3D shape completion ap-
proach. Section 6.2 provides a survey of related works in 3D shape completion. Section
6.3 defines the additive depth map, how it can be used for shape completion and both

it’s advantages and disadvantages. Section 6.4 covers our CNN architecture that we will
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use to predict the additive depth map. Section 6.5 goes over the datasets used to train
our proposed network. Section 6.6 describes our experimental setup while Section 6.7
provides the results with synthetic and real data. We discuss the merits of our approach
in Section 6.8 and finally Section 6.9 provides concluding remarks as well as potential

future work.

6.1 Overview of Neural Networks

In this section we first provide a brief background on artificial neural networks in general
(Section 6.1.1) before covering convolutional neural networks (Section 6.1.2). The basic
building blocks for our 3D shape completion network (Section 6.4) are then described in
Section 6.1.3.

6.1.1 Artificial Neural Networks

Artificial Neural Networks (ANNs) are constructed from a series of "layers" where each
layer applies some computation to the input data before passing that data to the next
layer. A layer consists of a collection of artificial neurons, which loosely model the
neurons in a biological brain. Connections between layers thus realized through the
connections of neurons from two different layers. These connections are weighted to
represent the strength between two neurons. A strong connection implies that the input
signal processed by the current neuron will be strengthen when it is passed to a connected
neuron.

In mathematical terms, a layer is a function F which takes in an input x and passes it
through one or more "neurons" and a non-linear activation function [19, 58] to produce

some output y. A single neuron within a layer is typically represented as:

N(z,w) = f(zjj:wixi—i-b) (6.1)

where x, w, b are vectors of the inputs, weights and biases while f is the non-linear
activation function. The power of an ANN does not come from a singular neuron, as it
is limited to modeling linear functions, but from multiple neurons combined into a series
of layers. More specifically, given a finite number of neurons arranged into multiple
layers, with at least one layer which is "hidden", any continuous function (in R™) can

be approximated when using a non-linear activation function. The non-linearity is what
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allows for the linear combination of weights to be mapped to a range of values on a
monotonic, real-valued function.
An ANN composed of n layers can then be represented as a composition of n different

functions where a function F, is the n'* layer. Thus an ANN is equal to the following:
Fla) = Fu(Fnal. - (Fo(Fi(2))))) (6.2)

The function F; is then considered to be the input layer containing the data we want
to process, while F,, is the output layer which contains the data representing the desired
outputs. The functions F, through F,_; are then known as the hidden layers which can
intuitively be thought of as the internal representations used to infer the final desired
output. For example, if the input to an ANN is an image and the desired output is the
detection of a face, the input layer would contain the input image and the output layer
would contain data representing the region where there exists a face. The hidden layers
could contain data representing locations of the eyes, mouth, nose and so on. In other
words, the hidden layers would contain data of the features which help the ANN process
the input image so that it is able to produce the desired output.

Deep ANNSs refer to ANNs which have many hidden layers between the input layer
and the final output layer. When an ANN is processing input in order to produce a
prediction, it simply feeds the data into the input layer which is then processed by the
subsequent hidden layers before arriving at the final output layer. The act of processing
data from input layer to output layer is known as forward propagation. When the ANN
is learning, backwards propagation is applied to update the weights of the connections so
that they would more likely produce the desired output when fed a given input. More
details on ANNs and precisely how their weights are updated can be found in the book
by Bishop [6] and the book by Goodfellow et al. [49].

6.1.2 Convolutional Neural Networks

When ANNSs are applied to images, a straight forward approach would consider the in-
put image as a multi-dimensional array of numbers and each pixel would have a weight
assigned to it. Thus given a RGB image of dimensions 32 x 32, a single fully-connected
neuron in the first hidden layer of an ANN would have 32 x 32 x 3 = 3072 weights. As
the image dimensions increase, the number of required weights would then scale quadrat-
ically. This dramatic increase in the total number of weights is further exasperated when

processing 3D volumes as well as when we combine multiple neurons across a multitude
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of layers. Thus, while this approach is perfectly valid, it can quickly lead to a massive
number of weights which both increases the memory footprint of the ANN as well as
potentially causing overfitting. Overfitting, in the context of machine learning, is a term
which describes a model that has been too highly optimized to a particular dataset (usu-
ally the training data) and thus may fail to generalize. This means that a model which
has overfit a particular dataset will perform very well for that dataset but perform poorly
when presented additional data which the model has not processed before. Additionally,
using fully connected neurons with images means that we do not take advantage of the
local connectively of images. That is, pixels which are closer together should have more
influence than those which were further away.

The above limitations are what inspired the convolutional neural network (CNN)
architecture which is now the back-bone of many solutions to problems in computer
vision. The CNN belongs to the class of ANNs which are composed of "convolutional
layers". Unlike standard layers from ANNs, convolutional layers arrange neurons in
three dimensions: width, height and depth. Additionally, the output neurons are only
connected to the input neurons within a local window (this is known as the receptive field)
rather than the entire set of neurons from the input layer. These two properties allows
for a reduction in the number of weights as well as producing features which directly
exploit the inherent spatial structure of images. Producing an output data volume for
the next layer is accomplished by sliding a kernel, a matrix of weights with the dimensions
of the receptive field, over the input data volume. In convolutional layers, the weights
being learned are contained within these kernels. Fig. 6.1 provides a visualization of
the differences between fully connected and convolutional layers when applied to images.
The online course from Stanford University: CS231n Convolutional Neural Networks for

Visual Recognition is an excellent resource for additional information on the details of
CNNs and ANNs in general [65].

6.1.3 Network Layers

Listed below are brief descriptions of the different layer types which are used in the rest

of this chapter.

Fully Connected A standard ANN layer which connects all neurons from the input

layer to the next layer.

Convolution A standard convolutional layer computes an output volume by sliding a
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Figure 6.1: Illustration of the differences between a fully connected layer with one neuron
(left) and a convolutional layer with an output volume (right) when applied to an image.
The single neuron for a fully connected layer has weights for each pixel while a neuron
from the output volume of the convolutional layer only has weights for a region (magenta)
of the image. The fully connected neuron (left) must be replicated many times in order

for a fully connected layer to produce the same output volume as the convolutional layer
(right).

receptive field over the input volume. The exact computation performed is the
dot product between the kernel weights and the numbers contained in the region

covered by the receptive field.

Separable Convolutions There are two main types of separable convolutions: spatial
and depthwise. Separable convolutions are named as such because they decompose
the convolution kernel into pieces - that is they separate the convolution. Spatial
separable convolutions deal with the spatial dimensions (width and height) of an
image instead of the depth (i.e: number of channels). An example of a spatial
separable convolution is the Sobel kernel used in the classic Sobel edge detector.
Eq. 6.3 shows a decomposition of a Sobel kenrel that computes the horizontal

derivative of an image.

1 0 1
20 2| =2 x[—1 0 1} (6.3)
1 |

The Sobel kernel is a special case where it can be cleanly decomposed into two
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smaller kernels. The kernels which are learned by a CNN are more general and can
contain numbers which make the decomposition as shown in Eq. 6.3 impossible.
Depthwise separable convolutions were designed specifically to address this issue
and allow for kernels to be decomposed in the general case. Depthwise separable
convolutions consist of a depthwise convolution, a spatial convolution performed
independently over each channel of the input data volume, and then followed by
a pointwise convolution, which is a 1 x 1 convolution that projects the channels
output by the depthwise convolution onto a new channel space. Fig. 6.2 provides
an illustration and more details can be found in the paper which extended, and

popularized, the depthwise separable convolution for CNNs [11].

ConvTranspose Intuitively this layer can be thought of as an up-sampling method but
with learn-able parameters. Standard up-sampling in image processing involve a
specific interpolation method which decides how exactly to fill the expanded regions
created when we grow a given image along its dimensions. For example, nearest
neighbor interpolation for images picks the value of the closest point to the loca-
tion which we wish to interpolate and does not consider any of other neighboring
values. The ConvTranspose layer performs a similar operation as a convolution but
instead applies the transpose to the convolution matrix. Dumoulin and Visin [29]
provides a detailed examination into the convolutional arithmetic involved with

ConvTranspose operations.

Residual Blocks Introduced by He et al. [54], this technique allows for training of
even deeper networks by joining the outputs of multiple layers with the inputs
of prior layers. Experimental results [148, 53| have shown that simply adding
more layers to obtain a deeper model results in accuracy saturating and higher
training error. This phenomenon is known as the degradation problem and is not
caused by overfitting. Intuitively, the degradation problem exists because it cannot
be assumed that only the features learned at one layer are required for the next
layer. It’s possible that a layer needs the information from many other previous
layers in order to properly learn a strong representation. The identity shortcut
connection allows more detailed information to be considered rather than just the
abstract representation from a single layer. Fig. 6.3 illustrates the residual block

as described in the original paper by He et al. [54].

Rectified Linear Unit This is the most widely used activation function in the context
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Figure 6.2: Diagram of the depthwise separable convolution. The blue region shows

the n x n convolutions performed on each channel of the input data volume separately.

The orange region shows the pointwise convolution which transforms the results of the

depthwise convolutions into the desired output data volume.
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Figure 6.3: Diagram from He et al. [54] who originally introduced the residual block.
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of deep ANNs [85]. The rectified linear unit (ReLU) is defined as follows:
f(z) = max(0,x) (6.4)

where x is the input to a neuron. It gained wide-spread use when it was found to
enable training of deeper networks [46] when compared to other activation functions

which were common at the time (circa 2011).

Max-Pooling This is a particular type of "pooling" layer which is used as a form of
dimensionality reduction to help reduce the computational requirements of CNNs.
In essence, pooling layers down-samples the input data volume based on a heuristic.
This is accomplished by selecting a region of numbers from the input volume via
a receptive field and then using the desired heuristic to pick a single number to
be the representative of that region. As the name implies, Max-Pooling uses the
maz() function as the heuristic and thus takes the maximum value from the region

covered by the receptive field.

Batch Normalization This technique was introduced to reduce the amount of covari-
ate shift for the weights of hidden units within ANNs. Normally when we feed data
to the input layer we normalize the numerical values to be in the range of 0 to 1
(for example). This is done because certain features of a dataset may have values
which range over larger values than other features (i.e: price of a house vs number
of bedrooms). As both features are important, we do not want one particular fea-
ture to dominate other features simply because its values have a larger numerical
range. This same concept applies to the units of hidden layers as well. When data
passes through several layers, certain connections (i.e: weights) may become much
stronger than others. This "skews" the network for subsequent layers much like
how a network would be skewed towards certain features if we did not normalize the
input data. Batch normalization solves this problem by normalizing the weights
before passing the results to the next layer in the network. This technique has
shown to improve training time and performance which is why it is now widely
adopted in many different approaches which involve deep ANNs. For more details

see the original paper by Ioffe et al. [59].

Dropout This technique simply ignores a set of neurons during the network training
phase. More precisely, each neuron (and its connections) of a particular layer which

implements dropout has 1 — p probability of being "dropped" resulting in a reduced
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network structure. These dropped neurons are then not considered during both the
forward and backwards pass of training and thus their weights are not updated.
The intuition behind dropout is to allow the network to learn more robust features
rather than allowing the same neurons to always activate when given a particular
input set of inputs. By learning more robust features which are not as dependent
on specific neurons activating, dropout can regularize a network which helps with

overfitting. For more details see the original paper by Srivastava et al. [147].

6.2 Related Works in 3D Shape Completion

Most approaches for 3D shape completion fall into two main categories: model matching
and learning-based. In this section we first briefly review the model matching approaches
before covering the more related learning-based methods. We then review approaches
which aim at reducing the complexity and memory requirements of 3D CNNs.
Model matching. In model matching the problem is often framed as finding the closest
match through a database of objects [168, 92, 126]. Wohlkinger et al. [168] rendered
depth maps of potential candidate 3D models for matching against the input depth
map. Li et al. [92] detect key points in order to register known models against similar
objects encountered while scanning the environment with a depth sensor. Rock et al.
|126] combines 3D model matching with mesh deformation in order to transfer surface
symmetries and details to the matched model. A common weakness of these approaches
is the assumption that shapes within the database are similar enough to be matched.
Learning-based. In learning based approaches, a CNN is trained from a dataset of
models and a complete 3D shape is outputted from the partial input. Existing approaches
have covered a number of input scenarios ranging from RGB images [153, 170] and 2D
sketches [23, 100] to voxel grids [136, 160, 20, 151|. Some approaches adopt a two-stage
reconstruction pipeline by fusing together network predictions in order to produce a
mesh through other means while others train the CNN end-to-end and predict a voxel
grid or signed distance field (SDF). Some approaches are fully supervised and others
are generative. We briefly cover these different input scenarios before focusing on works
most related to ours.

The network proposed in Tatarchenko et al. [153] takes as input a RGB image and a
desired viewpoint to predict a RGB image and depth map of the object as viewed from

the input viewpoint. Multiple views can then be predicted from the single RGB input
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and the results fused together to produce a complete 3D model. Wu et al. [170]. take a
generative approach instead and learn an encoding of input RGB images via a variational
auto-encoder [74, 82] and then train a Generative Adversarial Network (GAN) to predict
a voxel grid from the learned latent vectors.

Sketch based approaches |23, 100] take as input one or more 2D contour images and
output a voxel grid. Lun et al. [100] concatenates the input contour images and feeds
it into their network which outputs 12 depth and normal maps. The output depth and
normal maps represent multiple views of the target object and are fused together to
obtain a mesh model. Delanoy et al. [23] make use of two networks, one to predict the
3D shape from a single view and another which takes as input the single view prediction
and updates an accumulated volume.

ShapeNets [171]| represent early work in 3D shape completion of single view depth
maps. Their model is generative and utilizes multiple iterations (50 in the original paper)
of Gibbs sampling in order to get a completed shape with a low resolution of 322 voxels.
Sharma et al. [136] take an unsupervised approach and uses a 3D de-noising auto-encoder
and also completes 3D shapes at low resolution (32%). In contrast, Varley et al. [160]
uses an encoder to progressively shrink an input volume but does not perform progressive
decoding like in an auto-encoder. Instead, they simply encode the input and follow up
with two dense layers before a final layer of 64000 nodes which is then reshaped into a
40 occupancy grid. Dai et al. [20] combine the results of [171] with shape synthesis
using a known database in order to transform a 323 voxel output into a 1283 voxel grid.
Stutz et al. [151] first train a de-noising variational auto-encoder [74] on a set of voxel
grids before transfering the decoder portion to a new encoder-decoder model. This new
model is then trained for the task of shape completion using an unsupervised maximum
likelihood loss. In this way, the pre-trained decoder restricts the space of possible shapes
while the loss function aligns the prediction shapes with the input. A common thread
amongst most of these approaches is the low resolution (32%) and the requirement of
voxelizing the input depth maps.
Reducing memory requirements. Higher resolution 3D CNNs are difficult to train
due to the cubic increase in computational and memory requirements. Prior works in 3D
deep learning have tried to mitigate this problem by moving to alternative representations
of 3D data such as point clouds [122, 123, 36|, geometric images [142] and Octrees [154,
125].

Qi et al. [122] introduced PointNet, a point cloud based approach that allows training
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CNNs on unordered set of points, and refined it in PointNet++ [123]. However their
approach is for classification and segmentation tasks not 3D shape completion. Fan et
al. [36] introduce a point cloud network which tackles this problem for RGB images.
However, their output size is fairly low at 1024 points thus reconstructing a mesh model
to include any preserved thin structures and details can be difficult.

Sinha et al. [142] convert 3D shapes into what they call a 2D "geometry image"
through area preserving parameterization in the spherical domain. In essence, their
approach "flattens" a 3D model into the plane much like UV mapping [40] in computer
graphics. Then conventional 2D CNNs can be used to learn from these images. A
weakness of this approach is that surface parameterization is only applicable to certain
topologies.

Tatarchenko et al. [154] and Riegler et al. [125] both approach the problem of high
resolution voxel grids via Octrees. In this way, they can exploit the sparsity of voxel grids
to achieve faster training and lower memory requirements. The major dis-advantage of
these approaches is the requirement to re-write standard convolutional layers to utilize
the sparse Octree format. Additionally, existing data pipelines will need to adapt to the

sparse Octree format as well which can be cumbersome.

6.3 Additive Depth Maps

Let d; and d, be the depth maps as shown in Fig. 6.4. The additive depth, duq, is
then equal to dy — dy. Thus when given dy, shape completion can be accomplished by
predicting d,q and reconstructing dp, via d¢+d,q. The union of d; and d is the completed
shape which can be refined into a water tight mesh through classical approaches like the
Poisson surface reconstruction [67].

When compared to voxel representations, the advantages of using the additive depth

map for shape completion are as follows:

1. It is the minimum representation for 3D shape completion using structured data.
Multi-view depth map fusion approaches [153, 100| require multiple depth maps
and sometimes normal maps as well in order to perform reconstruction. Even sparse
volumetric based approaches like Octrees [154, 125] still require more memory than
a single depth map of equivalent side length. A 256% volume will require at least
the same amount of memory to store a 2562 depth map viewing that same volume.

Only point cloud networks [36], which make use of unstructured 3D data, can
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potentially be smaller at the cost of decreased detail and increased difficulty in

meshing, especially thin structures.

2. Using images rather than volumes lowers computational and memory requirements
for all aspects of the data pipeline from training to prediction and the data itself.
This allows for higher resolutions to capture more details and potentially more

complex shapes.

3. Finer details can be encoded in a depth map relative to the amount of memory
needed for an equivalent number of voxels. For example, a depth map of dimensions
2562 can potentially include thin structures at the resolution of a 256 volume. A
voxel grid storing the equivalent amount of information as a 2562 depth map can

only have a dimension of approximately 403.

4. Conventional 2D CNNs can be trained to predict depth maps and thus it is fairly
simple to include additional data such as color images or semantic labels with little
computational cost. For the equivalent 3D CNN analogue, it is not immediately
clear how to effectively include color or semantic labels for the memory intensive

task of 3D shape completion via volumes.

The main disadvantage of additive depth maps is the fact that even with a front and
back depth map, the completed shape can still be missing some portions like internal
structures. Thus, objects with lots of self-occlusion will be difficult to reconstruct. Ad-
ditionally, reconstructing a water tight surface would require additional post processing
similar to prior works [153, 100]. This disadvantage is a natural trade-off for using a data
minimal 2D representation to model 3D data.

The reduction of 3D data into a 2D image for training 2D CNNs is conceptually sim-
ilar to the approach by Sinha et al. [142] but differs in methodology and representation.
A key difference between our approach and the one by Sinha et al. [142] is that we are
not limited to parameterizable topologies. Additionally we only require one image, as
opposed to three (one for each Cartesian dimension), to preserve 3D shapes. Reconstruc-
tion is also simpler for additive depth maps since only addition is required, while Sinha
et al. [142] needs to undo the parameterization to recover the 3D information.

In terms of data representation, our additive depth map is most similar to the principle
thickness images (PTI) used by Shu et al. [139] to perform 3D model classification and
retrieval. The PTT is defined as a combination of three grayscale images where each pixel

is a discrete value which captures the "thickness" of the voxelized input mesh as viewed
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Figure 6.4: Illustration of the additive depth and its use in shape completion. On the
left is the ground truth mesh viewed from the front and side. Next is a camera imaging
the mesh to produce the training data. The additive depth, d,4, is visualized as the
(exaggerated) red lines from the camera facing mesh (in grey) to the back view of the
mesh (in green). To the right is d,q shown as an image as well as the depth maps dy and
d, which correspond to the grey and green partial meshes, respectively. The union of dy
and d; produces there mesh result shown in the far right. For all depth map images,

brighter colors imply further distances.

from a particular viewpoint. In contrast, the pixel values of the additive depth map
represent continuous distances between two points on the mesh surface. This difference
is analogous to voxel occupancy grids and signed distance fields in the sense that both
can represent volume but signed distance fields are better at representing surfaces of
meshes. Thus, when it comes to the topic of shape completion, the additive depth map
is a better representation since it (1) does not require voxelization of the input and (2)
can be added directly to the input depth map without post-processing.

Our approach is also similar to the approaches by Lun et al. [100] and Tatarchenko
et al. [153] in that we predict depth maps in order to perform shape completion via
meshing. A key difference is that the additive depth map implicitly encodes the 3D
shape and does not require multiple views for shape completion. This difference is both
a strength and weakness since less resources are required but self-occlusions are more
difficult to handle.

6.4 Network Architecture

Encoder-decoder models with skip connections have been successful in a variety of appli-
cations such as semantic segmentation [127, 95|, object detection [5] and image restora-
tion [103]. We take inspiration from these works and use an encoder-decoder model with

max pooling layers to perform contraction and conv transpose [175] layers for expan-
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Figure 6.5: General structure of the network. The numbers at the top/bottom of each

block indicates the number of incoming/outgoing feature maps.

sion. A stride length of 2 x 2 was used for both max pooling and conv transpose layers.
Thus, during contraction the image dimensions halves while during expansion it doubles.
We also incorporate residual blocks [54] in the encoder portion to further deepen our
model without facing degradation or vanishing gradients. Fig. 6.5 provides a general
visualization of the network.

The contraction blocks (blue) from Fig. 6.5 are composed of two pre-activation resid-
ual blocks as described in He et al. [55] where we use separable depthwise convolutions
[11] with a kernel size of (3 x 3) as the weight layers. Additionally when the input num-
ber of features (d;,) is different from the output number of features (dy.:), we apply a
convolution with kernel size (1 x 1) to the input layer so that the shortcut will have the
same dimensions as the output layer. The expansion blocks (green) first perform a stan-
dard 2D convolution on the incoming feature maps before applying a ReLLU activation
[108|, batch normalization [59]|, dropout [147], separable depthwise convolution, another
ReLU activation and finally a second dropout. Additionally, the conv transpose layers
after each expansion block outputs half the number of input feature maps while doubling
the image dimensions. See Fig. 6.6 for a visualization of the contraction and expansion
blocks.

Finally, the dense portion (orange) from Fig. 6.5 varies depending on the outputs
(see Fig. 6.6). In our experiments we examined the effects of multi-task learning the
additive depth map d,; with two additional outputs: the normal map of d,; and the

depth labels image of d,q. For more details on these outputs see Section 6.5.
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Figure 6.6: Detailed visualization of the contraction (top), expansion (bottom left) and
dense (bottom right) blocks from Fig. 6.5. DWConv represents a separable depth-wise
convolution, d;, is the number of input feature maps while d,,; is the number of output
feature maps. For the dense blocks, networks which do not have a particular output will

have their dense branch removed. The variable L refers to the number of depth labels.
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6.5 Data Generation

We utilize the SHREC’17 dataset [132] which is a subset of meshes derived from ShapeNet
[10] and mesh models of clothed humans performing dynamic movement from Vlasic et

al. [162]. A description of each dataset is provided below:

SHREC’17
This subset of ShapeNet [10] consists of 51162 3D mesh models grouped into 55
categories. Standard training data splits were also provided which we adopted in
our experimental setup. The mesh models only contained geometric information
and the model dimensions were normalized to a unit length (we consider this to
be 1 meter) cube. Additionally, all the mesh models are consistently aligned - up

right and front facing.

Clothed Human
This dataset consists of clothed male and female mesh model sequences produced
through multi-view video recordings [162]. Not all of the sequences described in
the original paper were publicly available - we used 8 sequences each of which had
between 150 to 250 frames leading to a total of 1500 mesh models of clothed humans.
From visual inspection, we found that 6 of the sequences feature two different male

subject while the remaining sequences feature the same female subject.

Let d¢ and dy, be the depth maps as shown in Fig. 6.4. For both datasets, we generate
k depth map pairs (dy, d;) of dimensions w x h per mesh m by applying a random rotation
to m and then positioning them three meters away, centered within the field of view of
a virtual camera c at the origin. The depth map pair (dy, d;) is rendered by casting rays
from c through m and re-projecting the set of ray-mesh intersection points, .S, back onto
the image plane of c. If we are rendering d; we select p; = z| Ixnelg D(z) for image plane
re-projection and p, = x| max D(x) for rendering d,. Here D(z) is the Euclidean distance
between a point x and c¢. Thus for each pixel location in d; and dj, the depth value is
the distance to ¢ via py and py, respectively. The additive depth, d,q is then equal to
d, — d¢. Fig. 6.7 provides visualizations of the original mesh models and the associated
depth maps generated for training.

For multi-task learning we experimented with normal maps and depth based labeled
images. The normal maps were computed for the additive depth maps by exploiting the

regular grid structure of images. By meshing this grid, a normal vector for each pixel

84



is found through the neighboring pixels. Depth based labeled images are essentially
discretized versions of the additive depth maps. Let L > 2 be the number of labels,
A > 0 be a user-defined maximum additive depth value and d,; be an additive depth
map. The depth based labeled image of d,q has L channels with each channel ch(i)
representing the set of pixels p € d,; whose additive depth values are in the range
[(A/L) x (i — 1), (A/L) x i]. For our experiments we set A to be 2 meters since none of
the mesh models occupied a volume larger than 2 x 2 x 2 meters and we experimented

with varying values of L. For more details see Section 6.6.

6.6 Experimental Setup

We train separate models for 6 of the SHREC’17 categories and also one model for the
clothed human dataset. The categories from SHREC’17 were chosen for their shape
features and a brief summary is provided in Table 6.1.

The input to the network is a 256 x 256 normalized depth map such that the minimum
and maximum values have been re-mapped to 0 — 1. The output of interest is the
additive depth map d,4 scaled to 0 — 1 using the A value chosen in Section 6.5. We
experiment with multi-task learning for the combinations of outputs as described in
Section 6.5. Our networks were trained for 20 epoches with a batch size of 2 where
one epoch processes every sample from the generated training data once. We optimize
our network using ADAM with the default parameter values as suggested in the original
paper [73].

For the SHREC’17 dataset we follow the data split as suggested by the original authors
|132]. Since no training split was provided for the clothed human dataset, we use all 1500
mesh models to perform an 80/20 split via uniform random sampling. For both datasets,
we then generate depth maps of the mesh models for the training and validation sets
according to Section 6.5. We further augment the generated depth maps in real-time
during training by (1) introducing small random noise to the input foreground depth
values and (2) randomly zeroing portions of the input depth map. The purpose of these
augmentations are to simulate sensor noise and error as well as encouraging the learning

of more robust features. We set the probability to apply either augmentation to be 50%.
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(a) (b) (© (d) (e) (f)

Figure 6.7: Examples of training data generated from mesh models. (a) Original mesh
model, (b) front facing depth map dy, (c) back facing depth map dp, (d) the additive
depth map duq = dp — dy. For both dy and d;, darker colors has lower depth value while
for d,q blue has lower depth value. (e) normal map of d,q and (f) depth labels image of
dgq with A = 2.0 and L = 16.
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# of training samples

Categories | Shape features
(train/val)

lamp Consists of very thin structures (lamp poles 16200 / 2310
and wires) which can be hard to preserve well
volumetrically without a high enough resolu-
tion.

motorbike The engine parts exhibit complex structures 2350 / 340
which will be difficult to reconstruct.

rocket Small thin structures exist as the fins on the 3540 / 90
rockets.

vase Broadly speaking, has simple structures on 7600 / 630
the surface with some vases being a smooth
surface and others with sharp edges.

chair The legs can be completely occluded which 23060 / 3305
makes reconstruction challenging.

table Similar features to the chair. 58760 / 4190

Table 6.1: Categories of mesh models from SHREC’17 that we used in our experiments.

Each of the mesh models were rotated randomly before a training sample was generated

from one view.

6.7 Experimental Results

In this section we first describe our evaluation measures (Section 6.7.1) before examining

the effects of multi-task learning (Section 6.7.2). Using the best performing model, we

summarize our results for shape completion through depth map and volumetric evalua-

tion measures in Sections 6.7.3 and 6.7.4, respectively. In Section 6.7.5 we demonstrate

our approach on real world data without fine tuning. Lastly, Section 6.7.6 explores the

effects of combining clothed body part semantics with our best performing model for 3D

clothed human shape completion.
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6.7.1 Evaluation Measures

As we are interested in using the predicted additive depth maps in order to reconstruct a
depth map based on the input for 3D shape completion, we evaluate our approach using
depth map error and accuracy measures typically used for single color image to depth

map prediction tasks [81, 31, 91, 48|. These measures are defined as follows:

Mean relative error (rel):
1 .
— d—dl|/d 6.5
k- (65)
deT

Root mean squared error (rmse):

deT

\/%Z ld—dp (6.6)

Mean log,, error (log10):

1 A
m Z | logyg d — logy df (6.7)
deT
Threshold (6 < thr):
d; d;
% of d; s.t. max(j, dTZ) =4 < thr (6.8)

where d is the ground truth depth, d is the estimated depth and T is the set of all pixels
in the image.

We evaluate our approach using the above measures by reconstructing the back depth
map and comparing it against the ground truth. More specifically, for an input depth
map dy and its associated ground truth d;, we feed d; into our network to predict doa
which we add to d; to obtain dy. The depth map error and accuracy measures are then
applied to d;, and d,.

Since 3D shape completion using deep learning is often measured volumetrically, we
also evaluate our approach using volumetric error and accuracy measures typically found
in voxel based approaches for 3D shape completion |20, 151, 94|. These measures are
defined as follows:

Intersection over union (loU):
lvNo]/|vUd| (6.9)

Hamming distance (Ham):
hamming_distance(v,)/N® (6.10)
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Surface accuracy (Acc):

|F3@)| Z)D(m,v) (6.11)

Surface completeness (Comp):

1
D(x,0) (6.12)
|F(v)] erF;U)
where v is the ground truth voxel grid, © is the predicted voxel grid, N is the side length
of the voxel grid, F'(g) is the set of filled cells in a voxel grid g and D(z, ¢) is the minimum

L, distance from z to a filled cell in the voxel grid g.

6.7.2 Multi-Task Learning

We experimented and measured the performance of learning the following outputs com-
binations: (1) only the additive depth dug, (2) duq and d,, - the normal map of d,q4, (3)
dud, d,, and dy, - the depth labels image and (4) d,q and dy only. We trained separate
models for each of these four output combinations using the clothed human dataset with
L =128.

Since d, is essentially a "semantic labels" image often seen in semantic segmentation
tasks [95, 31|, we also train two additional models exploring the effects of using binary
cross entropy (BCE) and categorical cross entropy (CCE) as the loss functions for dy.
The reverse Huber [81] loss was applied for d,q and d,, since it has achieved state-of-the-
art performance for the task of single color image to depth map estimation.

To determine which combination performed best, we evaluated these 6 models using
the depth map error and accuracy measures as described in Section 6.7.1. Jointly learning
both d,q and d, performed best across all measures (Table 6.2). As the number of labels,
L, for the depth labels image d;, is defined at the data generation stage (Section 6.5), we
also perform experiments varying the value of L. We found a minor performance boost
when increasing the value of L from 16 to 128 (Table 6.3).

6.7.3 Depth Map Evaluation

Since our depth maps are of single objects, pixels representing the background have depth
values of zero. Thus, we exclude the background pixels when applying the depth map
error and accuracy evaluation measures. Tables 6.2 to 6.4 summarize the results of depth

map based evaluation. Figs. 6.8 and 6.9 provide visualizations of our reconstructions.
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(a)

Figure 6.8: Example meshed outputs of a male (left) and female (right) from the clothed
human dataset shown from two different views (top/bottom). The input is shown in
grey, ground truth in green and the network prediction in blue. For both examples, from
left to right, we have (a) the original mesh, (b) ground truth mesh from depth maps, (c)
prediction mesh from depth maps, (d) applied Poisson surface reconstruction to results

of (b) and (e) applied Poisson surface reconstruction to results of (c).

When evaluating depth maps predicted from single color images, most approaches
report the threshold accuracy (Eq. 6.8) using the values thr = 1.25, 1.25% and 1.25%. We
found that all of our networks could achieve the ideal accuracy value of one and thus
we used stronger thresholds values (thr = 1.01, 1.02, 1.03, 1.05 and 1.10). This is likely
because: (1) our targets are objects within the same class instead of complex indoor
scenes and (2) the desired range of the additive depth maps was within 2 meters while
other methods have depth maps with larger and more varied depth values.

Overall, the model trained on the clothed human dataset performed best with a
threshold accuracy of 0.886 with thr = 1.01 and the lowest error across all measures.
In contrast, the SHREC’17 models could only achieve a similar threshold accuracy with
thr = 1.05 suggesting that the SHREC’17 dataset is more difficult. Intuitively this makes
sense since non-human objects, such as chairs, have a wider range of possible shapes (e.g.:

chairs do not always have four legs).
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Figure 6.9: Example meshed outputs of lamp, motorbike, rocket, vase, chair and table
categories from the SHREC’17 dataset. From left to right: original mesh model, ground
truth, prediction, ground truth with Poisson surface reconstruction and prediction with
Poisson surface reconstruction. As in Fig. 6.8, the input is shown in grey, ground truth

in green and the network prediction in blue.
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Error (lower is better) Accuracy (higher is better)
Outputs dy, loss rel rmse log10 0<1.01|0<1.02|5d<1.03|d<1.05]6<1.10
daa - 1.43x1072 | 6.45x1072 | 6.28x1073 0.522 0.751 0.881 0.962 0.994
doa + dn - 501x1072 | 1.64x10°1 | 2.12x1072 | 0.023 | 0.065 | 0.129 | 0.470 | 0.990
doqa +d, +d;, | BCE 1.10x1072 | 4.97x1072 | 4.81x1073 0.607 0.885 0.945 0.978 0.996
dag+dp+d, | CCE | 7.22x107% | 3.85x1072 | 3.156x107% | 0.812 0.944 0.970 0.986 0.996
doq + dr, BCE 6.95x107% | 3.80x1072 | 3.05x1073 0.817 0.925 0.961 0.986 0.997
dog + di, CCE | 5.47x107% | 3.22x1072 | 2.39x107% | 0.886 0.961 0.977 0.989 0.997

Table 6.2: Depth map error and accuracy results of different multi-task learning output

combinations and depth label loss functions for the clothed people dataset.

Error (lower is better)

Accuracy (higher is better)

L rel rmse log10 <101 |0<1.02]|6<1.03]6<1.05|d<1.10
16 | 7.54x1073 | 3.88x1072 | 3.29x1073 | 0.799 0.932 0.964 0.984 0.996
64 | 6.83x1073 | 3.74x1072 | 2.98x1073 | 0.835 0.940 0.967 0.984 0.996
128 | 5.47x1073 | 3.22x1072 | 2.39x107% | 0.886 0.961 0.977 0.989 0.997

Table 6.3: Effects of varying L, the number of depth labels, for the clothed human

dataset.
Error (lower is better) Accuracy (higher is better)

Category rel rmse log10 0<101|d<1.02|6d<1.03|0<1.05]d<1.10
lamp 1.93x1072 | 5.67x1072 | 8.46x1073 0.514 0.714 0.805 0.896 0.972
motorbike | 2.44x1072 | 6.86x1072 | 1.07x 102 0.411 0.592 0.709 0.850 0.963
rocket, 1.24x1072 | 3.55x1072 | 5.43x1073 0.680 0.837 0.901 0.955 0.986
vase 2.51x1072 | 6.84x1072 | 1.09%x1072 0.325 0.541 0.697 0.895 0.970
chair 3.54x1072 | 1.05x1072 | 1.57x1072 0.347 0.514 0.627 0.754 0.892
table 1.60x1072 | 5.90x1072 | 7.10x1073 0.652 0.819 0.880 0.930 0.971
Average | 2.21x107 | 6.55x107 | 9.72x107 | 0488 | 0669 | 0770 | 0880 | 0.959 |

Table 6.4: Depth map error and accuracy results for models trained on different categories
from SHREC’17.

6.7.4 Volumetric Evaluation

Let dy, dj, and dy, be the depth maps as defined in Section 6.7.1 and m,,; be the original

rotated mesh model used to generate dy and d,. We first mesh the depth maps via the

image grid structure and then voxelize the result. More specifically, for the depth map

pairs (dys,dy) and (df,d,) we union each pair (see Fig. 6.4) into the meshes m,; and

Mypred, Tespectively. Furthermore, we apply the Poisson surface reconstruction [67] with
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an Octree depth of 10 and the default parameters as suggested by the original paper to
Mg and Mmy,q to obtain the water tight versions PSRy and PSR,.q for more extensive
comparisons.

In order to perform volumetric evaluation with m,,; we need a voxelization function
V(m) which takes a mesh m and outputs a voxel occupancy grid g. We use two different
voxelization functions: exact and the approach by Nooruddin and Turk [115]. The exact
approach, which we denote as V.(m), takes each triangle in ¢ € m and considers voxels
intersecting with ¢ to be occupied. Thus V.(m) only produces voxels at the surface of m
and interior voxels are not present. The approach by Nooruddin and Turk [115], which
we denote as Vy(m), uses parity counts and ray stabbing to obtain voxel grids of mesh
models with the interior voxels filled in.

We apply Vy(m) when computing the Hamming distance since it requires the inputs
to be of the same length. Thus, we cannot use just the outer voxels from V,(m) which
can vary in number from mesh to mesh. A similar argument applies to the ToU as the
measure is only meaningful if the interior voxels are considered as well. The surface
accuracy and completeness measures were designed to measure similarity between the
surfaces of meshes [61] and thus when applied to voxel grids we only consider the exterior
voxels from V,(m).

We first determine the maximum potential of using the additive depth map for shape
completion by comparing mg,; with m, and PSRy. We then compare me,; with myp,cq
and PSR,,.q to evaluate how well our method does in comparison to the ground truth.
Tables 6.5 and 6.6 summarizes our results for volumetric evaluation on the SHREC’17
subset and the clothed human datasets.

Since our networks were trained on randomly rotated mesh models from SHREC’17,
a subset of the full ShapeNet [10], a direct comparison to other approaches which make
use of the consistently aligned ModelNet [171] or their own subset of ShapeNet does
not make sense. However, since ModelNet is also a subset of Shape-Net, we can still
make comparisons in order to gauge approximate relative performance. The goal is to
determine how well our minimal 3D representation, the additive depth map, compares
with other fully 3D CNN approaches. To that end we list results for the chair category
from ShapeNet as reported in prior works. More specifically, we list the results as reported
in Stutz et al. [151] for both Dai et al. [20] and Stutz et al. [151] as it is more complete
and covers more measures than in their original paper. Although not directly related,

we also list the results from Fan et al. [36] who predict voxel grids from single view color
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images. Table 6.7 summarizes these comparisons. Figs. 6.10 and 6.11 provide a voxel

visualization of our results.

Measure | Mesh 328 | 643 | 1283 | 2563
Ham ({) Mgt 0.007 | 0.009 | 0.008 | 0.007
Mpred 0.011 | 0.010 | 0.009 | 0.009
PSR, 0.009 | 0.012 | 0.011 | 0.010
PSRy eq | 0.013 | 0.013 | 0.012 | 0.011
IoU (1) Mgy 0.753 | 0.617 | 0.579 | 0.582
Mpred 0.665 | 0.526 | 0.489 | 0.485
PSRy 0.746 | 0.608 | 0.577 | 0.587
PSRyeq | 0.646 | 0.507 | 0.469 | 0.467
Ace (1) | my 0.020 | 0.044 | 0.105 | 0.240
Mpred 0.176 | 0.397 | 0.887 | 1.925
PSR 0.250 | 0.503 | 1.024 | 2.090
PSReq | 0.359 | 0.769 | 1.627 | 3.390
Comp (1) | my 0.248 | 0.529 | 1.099 | 2.231
Mpred 0.367 | 0.763 | 1.590 | 3.274
PSR, 0.186 | 0.397 | 0.837 | 1.733
PSRpeq | 0.343 | 0.709 | 1.484 | 3.081

Table 6.5: Volumetric evaluation results for the SHREC’17 subset. The numbers repre-
sent the average of each category from Table 6.1. Per category results are listed in the

Appendix.

6.7.5 Application to Real World Data

We demonstrate our approach for the task of clothed humans shape completion from
a single depth map using real data. Five RGB-D videos of two different male subjects
in regular clothing were captured from three calibrated sensors positioned around the
target. A total of 5214 RGB-D frames per camera stream was recorded. Depth data
from one of the cameras is then used as input to our network and a back depth map
is produced for shape completion. Like in Fig. 6.4 we union the input and network
prediction before performing Poisson surface reconstruction [67] to produce a water tight

mesh.
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Figure 6.10: Voxelization results of a male (left) and female (right) from the clothed

dataset. For both subjects, the input voxels are shown in red and the reconstruction

in yellow. The top three rows visualize voxelizations of the input, ground truth and

prediction. The bottom three rows visualize post processing with Poisson surface recon-

struction prior to voxelization for the ground truth, prediction and the original mesh
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Measure | Mesh 323 | 64% | 128% | 2563
Ham ({) Mgy 0.003 | 0.002 | 0.002 | 0.002
Mpred 0.004 | 0.003 | 0.002 | 0.002
PSR, 0.003 | 0.001 | 0.001 | 0.001
PSRyeq | 0.003 | 0.002 | 0.002 | 0.002
ToU (1) Mgt 0.772 | 0.841 | 0.868 | 0.867
Mpred 0.750 | 0.810 | 0.828 | 0.827
PSRy 0.797 | 0.884 | 0.919 | 0.921
PSRpeq | 0.769 | 0.839 | 0.861 | 0.861
Ace (1) | mg 0.021 | 0.047 | 0.102 | 0.213
Mpred 0.060 | 0.127 | 0.283 | 0.640
PSRy 0.035 | 0.071 | 0.152 | 0.328
PSRyeq | 0.065 | 0.145 | 0.331 | 0.748
Comp () | my 0.083 | 0.188 | 0.411 | 0.869
Mprea | 0.111 | 0.240 | 0.530 | 1.161
PSR, 0.042 | 0.086 | 0.181 | 0.380
PSRpeq | 0.090 | 0.184 | 0.399 | 0.874

Table 6.6: Volumetric results for the clothed human dataset.

To incorporate color, we trained an encoder-decoder style network on the color portion
of the captured RGB-D videos. The inputs are then the color camera images, resized to
256 x 256, and the target is the back color image obtained via re-projection of the other
two cameras. Fig. 6.12 visualizes the structure of this network. For training, frames from
all captured videos were placed into a 70/20/10 data split via uniform random sampling.
The network was trained with ADAM [73| and the £; loss for 100k iterations using a
batch size of 20.

As the focus of this chapter is on 3D shape completion, we only use the color image
predictions to demonstrate a proof of concept showing that color information is simple
to incorporate into mesh models when working with additive depth maps. More detailed
experiments exploring possibilities with combining color and the additive depth map into
a single network is left as future work. Fig. 6.13 illustrates the results of combining color

image predictions with the additive depth map before meshing.
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Figure 6.12: Encoder-decoder network for predicting the back color images. The numbers
for each block represent the number of feature maps. Each convolution and deconvolution
is applied with a kernel size (3 x 3). The orange, blue and green blocks also use a stride

of (2 x 2) thus halving (orange, blue) and doubling (green) the image dimensions.
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Figure 6.13: Mesh visualizations of completed human shapes from captured RGB-D

Front View Right View Left View

Input Completed Input Completed

LA

video. Each row is a different frame from the video and each column presents an alter-

native view of the input and completed shape.
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Measure | Method 323 64% | 128% | 2563
Ham (1) | AD (gt) 0.009 | 0.009 | 0.008 | 0.006
AD (ours) 0.014 | 0.011 | 0.010 | 0.009
Dai et al. [20] | 0.019 | 0.016 | - i
Stutz et al. [151] | 0.033 | 0.026 | - i
oU (1) | AD (gt) 0.726 | 0.536 | 0.535 | 0.573
AD (ours) 0.600 | 0.406 | 0.391 | 0.409
Fan et al. [36] 0.544 - - -
Choy et al. [12] | 0.466 - - -
Dai et al. [20] | 0.610 | 0.548 | - -
Stutz et al. [151] | 0.414 | 0.333 | - i
Acc (1) | AD (gt) 0.023 | 0.051 | 0.115 | 0.255
AD (ours) 0.198 | 0.448 | 0.986 | 2.105
Dai et al. [20] | 0.663 | 0.470 | - i
Stutz et al. [151] | 1.088 | 0.893 | - i
Comp (1) | AD (gt) 0.381 | 0.848 | 1.772 | 3.625
AD (ours) 0.591 | 1.272 | 2.674 | 5.522
Dai et al. [20] | 0.671 | 0.530 | - -
Stutz et al. [151] | 0.785 | 0.852 | - i

Table 6.7: Comparison to state-of-the-art 3D shape completion on the chair category
only. AD denotes our additive depth map approach while "gt" represents the optimal
reconstruction using the ground truth additive depth map and "ours" is the network
prediction. As many approaches only evaluated on IoU we only listed an approach if
their original paper performed the evaluation. Bold numbers indicate the best performing

network after excluding the results from AD (gt).

6.7.6 Learning with Semantic Labels

There exists a growing amount of research on human skeleton estimation and body part
segmentation from depth maps [137, 172, 51] and more recently from just color images
[105, 104]. Thus, we examined the effects of incorporating such data into our best
performing clothed human model from Section 6.7.2. More specifically, we modified our

network as described in Section 6.4 to accommodate an additional input image where
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each pixel is a label of the background or a particular body part. Fig: 6.14 provides an
illustration of the modified network.

In order to generate body part semantic images for training, we manually labeled
the triangles of all 1500 mesh models from the clothed human dataset with the labels
as shown in Fig. 6.15. As manually labeling a mesh model using traditional tools is a
laborious task, we developed a virtual reality tool to quickly facilitate the labeling of
triangles from mesh models through hand held motion controllers. Fig. 6.15 provides a
visualization of the labeled meshes.

Note that the label boundaries on the mesh models were chosen to respect the clothing
boundaries on the mesh. For example, cyan and red labels represent the arms of most
subjects but one of them, as shown in Fig. 6.15, wears a thick shirt covering most of
their arms. Thus, for those mesh models only the hands are colored cyan or red rather

than the entire clothed arm. We choose this labeling for two reasons:

1. It will allow us to test the generality of our approach by having some data samples
provide larger hints through showing more of the arms and some which only provide

small hints with just showing the hands.

2. To introduce a new labeling of the clothed human dataset that respects the clothing
outlines. To the best of our knowledge, such a labeling does not currently exist for
the clothed human dataset.

We do not directly use the labels as shown in Fig. 6.15. Instead we combine the left
and right arms into one label and the left and right legs into another. When generating
the actual semantic images for training, we first render a "front" and "back" labels image
before combining them as shown in Fig. 6.16. When two labels images are combined, it
is possible for a pixel to have two different labels. These cases are resolved by assigning
a "priority" value to each label. For our experiments we give the highest priority to the
arms, followed by the legs, head and then the body. The intuition behind this ordering is
to provide the network with a hint of where the occluded portions will be and the arms
are the most common body part to be occluded by the body.

Using the semantically labeled training samples as shown in Fig. 6.16, we trained the
modified network (Fig: 6.14) following the same training split and procedure as described
in Section 6.6. Similar to our experiments with multi-task learning (Section 6.7.2),
we evaluated the modified network using depth map error and accuracy measures as

described in Section 6.7.1 and summarized the results in Table 6.8. Our experiments show
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Figure 6.14: Modification of the network shown in Fig. 6.5 to allow for two inputs:
the normalized depth map and the corresponding semantically labeled image. Like in
Fig. 6.5, the numbers at the top/bottom of each block indicates the number of incom-
ing/outgoing feature maps. The blue and green triangle shape connected by four black

lines represents the contraction, expansion and dense portions of the original network.
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Figure 6.15: Examples of semantically labeled mesh data. The colors of each label
represent the following body parts: clothed main body (blue), head (magenta), cyan
(left arm), red (right arm), left leg (yellow) and right leg (green).

that including a semantically labeled image as input further improves performance across
all evaluation measures. A visual comparison between the predictions and reconstructions

from a model trained with and without semantic labels as input is shown in Fig. 6.17.

Error (lower is better) Accuracy (higher is better)
Network rel rmse log10 0<101 |6<1.02|6<103]|6<1.05]6<1.10
Ny 5.47x1073 | 3.22x1072 | 2.39x107% | 0.886 0.961 0.977 0.989 0.997
Ny, 4.23x107% | 2.49x1072 | 1.84x107% | 0.923 0.974 0.986 0.994 0.999

Table 6.8: Comparison of depth map evaluation results between a network which only
takes in a depth map as input (/V;) and one which takes in both the depth map and a

semantics label image (V).

6.8 Discussion

From Figs. 6.8 to 6.11 we can observe some reconstruction characteristics of our ap-
proach. First, thin structures can be reconstructed because our network outputs depth
maps of sufficient resolution. For example, our approach can reconstruct the thin sup-
ports for the lamp as well as the motorbike handle bars and spokes from Fig. 6.9.
Additionally, the front-back nature of our reconstruction allows for stronger estimation
of normal vectors directly from the depth map image structure. Stronger normals allows
for easier post processing reconstructions. Second, smooth surfaces tend to induce a
quantization effect on the reconstructed surface. An example of this is the vase from Fig.

6.9. This quantization effect is likely influenced by the depth labels image as it partitions
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(a) (b) (c) (d) (e)

Figure 6.16: Examples of semantic images generated from the manually labeled clothed

human mesh models. (a) Input depth map, (b) ground truth additive depth map, (c)
labeling from mesh data of the front view, (d) labeling from mesh data of the back
view, (e) combined labeling of (¢) and (d) with left and right arms/legs merged into two
distinct pixel groups. Note that we place the limb labels on top of the body labels as
they tend to cross the body often.
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Figure 6.17: A visual comparison between the outputs and reconstructions from our
best performing model (denoted as "Baseline") trained with just depth as the input and
another model (denoted as "Semantics") trained with both depth and semantic labels as
input. The input depth map from the two examples has one arm completely occluded
which makes it difficult to perform reconstruction. Providing the network with a hint
through the semantic labels allows it to reconstruct hidden body parts more accurately

and completely.

the target additive depth map into L bins. Third, while our network can predict missing
structures like a chair leg (Figs. 6.9 and 6.11), it can sometimes fail to fill in internal
volumes such as the chair seat. This failure depends on the viewpoint as a front view
with no observed depth values for the seat (i.e: the chair from Fig. 6.7) will cause the
effects seen for chairs in Figs. 6.9 and 6.11. When depth values are observed for a portion
of the table top, the results are much better and reconstruction of the flat table top is
possible.

The third property from above helps explain the volumetric results seen in Table 6.7.
In particular, our chair IoU for a voxel resolution of 323 is fairly competitive with other
approaches but drops when moving to a higher resolutions of 643. From there it stabilizes
and does not change significantly when moving to even higher resolutions of 1283 and
2563. This effect can been seen visually in Fig. 6.11 where moving to from 322 to 643
opens a hole where the seat should be. The remaining reconstruction does not change
too much when moving to even higher resolutions and thus the IoU also remains stable.

Results for the clothed human dataset are much stronger when compared to the
SHREC’17 dataset. From Table 6.6 we can see that the performance for both the Ham-

ming distance and volumetric IoU increases as the resolution grows. This is because
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a person is solid without internal structures and thus increasing the resolution also in-
creases the number of internal voxels by a cubic amount which in turn increases the ToU.
This result also shows that approximating the overall shape of humans using a front and
back depth map is sufficient in most cases. A qualitative example is demonstrated in
Section 6.7.5 where we apply our network to real life data without fine-tuning.

From Fig 6.17 we can visually see the effects of incorporating semantically labeled im-
ages into the network and training pipeline for the clothed human dataset. By including
the semantic information about the body parts of a person, the network is more capable
of reconstructing occluded limbs. In particular, Fig. 6.17 shows two examples in detail
where one of the persons arms is completely occluded by their body. When the network
is given just the input depth map, it can only make a guess as to where the occluded arm
should be. This results in an "averaging" effect on the region of occlusion producing a
sub-optimal reconstruction where the occluded arm is either a short stub or is partially
blended with the main body. When the semantic labels are provided, the arms are better
formed which leads to an overall improvement in reconstruction quality. Additionally,
Fig. 6.17 also shows that our approach can reconstruct occluded limbs even when there
is little semantic information available (i.e: just the hands and not the full arm). This
result shows that the network has learned the relationship between the input semantic
labels and the effects it should have on the output additive depth map.

Overall, our approach achieves competitive volumetric results when compared to the
state-of-the-art in 3D shape completion at lower resolutions like 323 and 643. This makes
sense since the maximum amount of information contained within a 256 x 256 depth map
is about the same as a 403 volume. Finally, it also interesting to note that the optimal
performance of the additive depth map (i.e: using the ground truth back depth map for
reconstruction) beats state-of-the-art approaches in most measures at voxel resolutions
of 323 and 643,

6.9 Summary

In this chapter, we presented the additive depth map as a minimal alternative represen-
tation of volume for the task of 3D shape completion from a single view depth map. We
investigated the effects of multi-task training and found that jointly learning the addi-
tive depth map and a depth labels image produces the best results. Our experimental

evaluation shows that the additive depth map is capable of state-of-the-art 3D shape

105



completion and we demonstrated an application to real world data without fine-tuning.

Since the additive depth map is an image, traditional 2D CNNs can be used and the
result directly applied to the input depth map without first voxelizing the input. Thus,
the completed shape is relative to the input data and requires no additional re-alignment.
Another key advantage of using images is the simplicity in including color information
in the completed 3D shapes. Our experiments with real world data demonstrated this
advantage. In order to fuse color image data into completed voxel grids, it must first be
meshed and then UV unwrapped.

We also showed that semantically labeled images are simple to include in the training
pipeline by making a small modification to the network. Our experiments on the clothed
human dataset showed that incorporating semantic information allows for stronger pre-
dictions - especially for heavily occluded inputs.

Our approach is not without limitations. Our experimental results show that objects
with many or very large self-occlusions prove difficult to reconstruct completely with just
a front and back depth map. This is an inherent flaw with using just one depth map for
shape completion and it is the trade-off for using a minimal representation of volume.

In summary, the additive depth map is a data minimal representation for 3D shape
completion which can recover 3D shape with fine details. Future work could be to include
the color images as part of the input into a network for jointly predicting the 3D shape
and color of the additive depth map. Another interesting direction could be to use the

additive depth map as a way to fuse finer details to a lower resolution voxel grid.
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Chapter 7

Conclusions

The work presented in this thesis describes a general framework, and examined the
necessary components, for producing immersive virtual reality (VR) videos using a single
RGB-D sensor. First, we identified four properties of immersive VR videos and then
described the basic building blocks required in order to realize a framework which would
satisfy those properties. Next, we explored approaches for solving the first building
block, the separation of the foreground and background of video frames, in the context
of video summarization. For the next building block we examined how static background
models could be built in order to provide a viewer with a consistent and surrounding 3D
background. An application for 3D change detection was also explored as that would
provide a basis for how we might separate the foreground and background of RGB-D
videos. Using the lessons learned from the applications of the first two building blocks, we

then devised a system for producing VR videos which satisfied the first three properties of

107



immersive VR videos. To tackle the last property of immersive VR videos, we employed
a deep learning based solution in order to complete the 3D shape of single view depth

maps.

7.1 Summary

Our framework for immersive VR videos using single RGB-D sensors is composed of
several building blocks, each of which solves a particular problem before feeding the
output to the next building block. This framework addresses the limitations of current
VR videos which restrict a viewer’s range of motion. Additionally, current VR videos
are also limited in terms of interactivity since they are simply video frames. A large part
of immersion comes from the range of sensory modalities accommodated and thus the
ideal approach would produce video frames which are full 3D objects. We designed our
framework around the fact that multi-sensor solutions would most likely be priced out of
range of average consumers as well as being too complex to setup in practice, especially
for mobile environments. We then examined a method which could be used for each of
the building blocks for this framework.

In Chapter 1 we first provided an introduction to VR through the hardware which is
now available at the consumer level. We then covered the properties and anatomy of VR
head-mounted displays (HMD) which would serve as the medium from which the viewer
perceives an immersive VR video. Next, a review of existing sensors, capture methods
and their possible output formats with respect to how they might be used to produce VR
videos is explored. We found that the existing approaches relied on panoramic or wide-
angle video formats in order to surround a viewer with as much data as possible. The
usage of standard video resulted in a limited range of motion for a viewer which in turn
limits the amount of immersion they may experience. Using RGB-D video could produce
videos where each frame was a full 3D object but there was still the question of how to
handle the case of a single moving RGB-D sensor. Additionally once a viewer moved,
occlusions would exist in both the dynamic foreground objects and the static background.
These occlusions also limits the amount of immersion a viewer may experience. These
limitations served as the basis for formulating the main research objectives for this thesis.

In Chapter 2 we defined the technical components which would make a VR video
immersive by adapting an existing framework which tackled how to describe the level of

immersion when experiencing virtual environments. Since this framework was originally
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designed for HMDs, we used it as a basis and derived our own definitions for the case
of immersive VR video. Based on these definitions we then identified four properties
which must hold in order for a VR video to be considered immersive. Failure to adhere
to these properties would result in a reduced level of immersion. Then, a system for
producing immersive VR videos from single RGB-D sensors which would satisfy the
identified properties is outlined. Each of the main building blocks of this system was
covered in general along with potential methods which could be used to realize each
block.

In Chapter 3 we first provided a brief literature review of existing background sub-
traction methods and then demonstrated an application of foreground and background
separation for video summarization of surveillance cameras. The separation of the fore-
ground from the background is one of the building blocks of the system described in
Chapter 2. The video summarization application is one of the contributions of this the-
sis and the foreground/background separation approach used for video summarization
was later applied in conjunction with another method from Chapter 4 to produce some
initial results for Chapter 5. For our video summarization, we introduced a novel ap-
proach which aimed at retaining as much of the activity pixels (i.e: the pixels which
would be important to a viewer) as possible in order to provide a coherent video sum-
mary. Additionally, we proposed new evaluation criterion to quantify the quality of a
video summary in terms of the amount of activity retained in relation to summarized
video length.

In Chapter 4 we gave an overview of visual SLAM with a focus on methods which
made use RGB-D sensors. The application of RGB-D SLAM was applied to reconstruct
static 3D models which is one of the building blocks of the system described in Chapter
2. Next, an application of RGB-D SLAM involving the detection of changes from RGB-D
videos captured from patrolling robots was outlined. These detected changes are then
back-projected onto the input video so that an easy to understand video summary could
be rendered. Displaying the detected changes as a video summary can be seen as superior
to just viewing 3D data for three reasons: (1) the results can be viewed on nearly all
devices from hand-held to desktops, (2) existing video compression algorithms can be
applied to allow for easy remote viewing of the results and (3) the context of the detected
changes can be understood through the sequence of video frames. The methods used in
the change detection application were later combined with the approaches from Chapter

3 to produce some initial results for Chapter 5.
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In Chapter 5 we first briefly reviewed related works in VR scene creation that made
use of the sensor capture and output formats as described in Chapter 1 before presenting
an initial approach that made use of the concepts used in Chapters 3 and 4.

The review demonstrated that there existed approaches which could produce immer-
sive VR videos which could satisfy the properties as outlined in Chapter 2 but required
multiple sensors. While compelling, multi-view approaches utilized complex camera se-
tups and thus are not practical in a mobile environment. In contrast, the single sensor
approaches for VR scene reconstruction have either focused on building dynamic objects
through precise tracking of the target while ignoring the background (a key property of
immersive VR videos as defined in Chapter 2), or focused on producing static models
without dynamic objects.

An initial approach was devised using the concepts from Chapter 3 and 4. The result
were VR videos which technically addressed the first three properties of immersive VR
videos from Chapter 2 but did not feel very dynamic due to the fact that the interesting
foreground objects must enter and leave the field of view of a fixed camera pose. A freely
moving camera would allow for more interesting and dynamic scenes as the actors may
move around the environment rather than be restricted to a specific region. A contri-
bution of this thesis, which addressed the case of a moving camera, is then presented
which could produce VR scenes that satisfied the first three properties of immersive VR
videos and allow for a moving camera. The approach relied on a combination of human
pose recognition and visual object tracking to segment humans from the background of
input RGB-D videos. The background only frames could then be fed into a RGB-D
SLAM system to produce a static background and the dynamic objects could be super-
imposed back into the scene. We evaluated the approach based on the performance of
the foreground /background separator as poor segmentation would result in the dynamic
foreground objects being fused into the background which was undesirable for VR videos.

In Chapter 6 we presented a method for performing 3D shape completion of single
view depth maps in order to address the forth property of immersive VR videos from
Chapter 2. As the approach utilized convolutional neural networks (CNNs), an overview
of artificial neural networks in general was covered before focusing on CNNs. Next,
a survey of related works on 3D shape completion was provided and we found that
most existing works either used a known database in order to match and retrieve 3D
models from the input partial 3D shapes, or they utilized 3D CNNs to learn the shape
of 3D models in the form of voxel grids. A large drawback of utilizing 3D CNNs is
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the cubic increase in memory requirements which limited the output models to coarse
resolutions. A contribution of this thesis is then presented which addressed this limitation
by examining 3D shape completion from the perspective 2D CNNs and depth maps. This
contribution would complete the last building block of the system described in Chapter
2 and combined with the approach from Chapter 5 would produce immersive VR videos
in which the dynamic foreground objects were as complete as possible.

In order to perform 3D shape completion using depth maps we introduced the concept
of an additive depth map. The additive depth map represents the amount of depth
needed to transform the input into the "back" depth map taken with a sensor exactly
opposite of the input camera. A union of the input and back depth map is then the
completed 3D shape. We generated a dataset of input depth maps, and the corresponding
additive depth maps, by rendering the mesh models from SHREC’17 and clothed humans
datasets. A residual encoder-decoder CNN was then devised to predict the additive
depth map. A thorough evaluation was performed using depth map and volumetric error
metrics and we found that our approach was comparable to the state-of-the-art 3D CNN
approaches at low voxel resolutions (32% and 64?%) while also being capable of producing
high resolution outputs which could capture finer details. We then demonstrated our
approach by applying it to real world data captured with commodity depth sensors
without fine-tuning the network. We further show that semantic information about the
target objects, specifically humans, could be incorporated into the training pipeline to
produce even stronger results. To incorporate semantic information, we produced a new
dataset by labeling all 1500 of the clothed human mesh models so that semantically

labeled images could be rendered.

7.2 Review of Research Questions

In Chapter 1 we presented five research questions in relation to this thesis. We now

provide some partial answers based on the work presented in this thesis.

(1) What properties does an immersive VR video have and how
can it be displayed?

In Chapter 2 we identified and provided a list of four properties which should hold for
a VR video to be considered immersive. These properties were derived by following the

spirit of an existing framework by Slater and Wilbur [144] which was originally designed
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to describe immersive VR displays in terms of their technological components. Thus
our identified properties described the technological components which should exist in
immersive VR videos. These properties then served as a basis for the design of an overall
system which displayed captured videos as a combination of static and dynamic fully 3D
structures.

Our identified properties focused mainly on the visual components and did not expand
on the other five senses. To be completely immersive, all five senses should be engaged.
This is the main limitation of our current properties for immersive VR videos. While
existing technological limitations do not allow for strong capture and reproduction of
smell and taste, especially for consumer hardware, there does exist technology for allowing
touch and hearing. In particular, current consumer VR HMDs are often also sold with
motion controllers allowing users a degree of interaction with the 3D environments that
they are viewing. Such interactions would need rules and properties defined for the case

of immersive VR videos.

(2) How can we remove the background and capture all moving

foreground objects from a single RGB-D video stream?

Two approaches for background removal and capturing moving foreground objects were
investigated throughout this thesis. We began with the simplest case in Chapter 3 - the
static camera and using only RGB video. When these approaches were applied to VR
scene creation in Chapter 5, we found that the results lacked dynamism as viewers were
forced into a frontal view only. This lead us to examine the case of a moving RGB-D
sensor to capture a larger portion of the environment relative to the sensors field of view
and the rest of Chapter 5 details this approach.

In both cases, the static RGB and the moving RGB-D caemra, we have presented
one potential approach and measured its performance against a manually labeled ground
truth in terms of the portion of foreground object pixels that we have accurately captured.
For the static RGB camera we used a combination of background subtraction, dense
optical flow and pixel clustering to produce foreground object trajectories. A limitation of
this approach is that we often also capture a large portion of the surrounding background
pixels and can sometimes capture data which is not of interest (i.e: illumination changes).
In the case of the moving RGB-D camera we relied on a human pose estimator and
visual object tracking for foreground object tracking. A limitation of this approach is

the fact that this method only works well with people. If we wanted to capture other
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interesting objects, such as animals, we could only rely on the visual object tracker
which requires some user assistance. Additionally, using flood fill on the depth map for
object segmentation can sometimes include the background when the target is too close
to it. The limitations for both approaches presented in this thesis could potentially be
alleviated by augmenting them with a deep learning based approach for object detection

and segmentation.

(3) How do we model and display the static portions of the input
RGB-D video?

We can model the static portions of the input RGB-D video by first removing all of the
dynamic elements and feeding the background only frames into existing RGB-D SLAM
systems. The result is both a static 3D background and a set of camera trajectories. The
background can be displayed as a point cloud if we just accumulate all of the projected
RGB-D video frames or we can accumulate a truncated signed distance field (T'SDF) and
use marching cubes to extract a mesh from the volume. The former is ideal for resource
limited systems while the latter can be used provided the system has enough memory to
store the TSDF.

(4) How can we merge the results of (2) and (3) coherently into

one dynamic scene?

Chapter 5 answers this question and describes a specific implementation. In summary,
we simply re-use the camera poses which were computed during the static background
building phase to transform the extracted foreground frames into the frame of reference
of the static background model. This allows for both the dynamic foreground objects
and the static background model to be displayed coherently together.

(5) Is it possible to "fill in" the occluded portions of the moving

foreground objects?
Chapter 6 details a deep learning based approach for shape completion which allows
one to fill in the occluded portions of objects within single view depth maps. The

proposed method in this thesis assumes that the moving foreground objects have already

been extracted and properly segmented - that is no background data is attached to the
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foreground mask. As we explored an approach which is data minimal in order to use
traditional 2D convolutional neural networks (CNNs) to train on higher resolution depth
maps, objects which have large self occlusions proved difficult to completely reconstruct.
A 3D CNN based approach could be used to perform shape completion at the cost of a

lower resolution and coarser output.

7.3 Future Work

For future work, it would be interesting to apply the general framework proposed in
this thesis to other sensors. For example, there exist deep learning based solutions
for converting color images to depth maps. These approaches could replace the RGB-
D sensors and thus allow for regular cameras to apply our framework. Additionally,
producing depth maps from panoramic sensors, such as those used to produce 360° video
could also be explored as they would be able to capture a larger range of the environment
which in turn would allow for more complete VR videos. The RGB-D sensor used in this
thesis has a limited FoV which means that a large amount of movement is required in
order to capture enough of the background. Adapting the individual building blocks of
the framework to operate on panoramic depth maps could be an interesting direction for
future work as well.

Our implementation of the framework produces a static 3D background model and it
also made use of human pose estimation but we have not explored direct manipulation
of the 3D background model nor the estimated skeletons. Approaches for providing
realistic or interesting feedback when the viewer interacts with the reconstructed humans
or environment could be explored as well. This would allow for a more encompassing
accommodation of the "touch" sensory modality which would further improve immersion.
Furthermore, semantic segmentation of the input RGB-D video could extract objects,
such as chairs, from the background model and create interactive elements. Precisely
how this can be accomplished as well as how to establish the rules of interaction could
be a potential direction for future work.

Finally, our framework has not accounted for lighting of the scene and objects. That
is, the light is baked into the VR video when capturing the scene and dynamic objects.
An in depth look at delighting and relighting the input RGB-D video could provide more
realistic results as well as the possibility for custom lighting in the output VR video (ie:

increase /decrease darkness, use different colored lights).
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