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Concepts:

Active depth sensing
Camera calibration
Camera distribution line
Confidence map

Depth camera

Depth estimation

Depth map

Distance map

Intensity image
Inter-view consistency

Multi-camera system

Linear multi-camera system

Multi-view video sequence
Rectification

Structured lighting

Time-of-Flight

View

Virtual view

A distance/depth acquisitemhhique based on a form of active illumination
of the scene followed by its observation by a senso

A process in which the intrinsixtrinsic or both sets of parameters of a
camera are estimated.

A line in 3D space thasges through the optical centres of all cameras of
linear multi-camera system

A 2D array, provided by a depth ¢amia which each sample represents
confidence of a distance measurement.

A camera capable of registering distguossibly with additional information
such as confidence and/or monochromatic image.

A process of computation of a ldepap using information from two or more
video cameras and possibly additional data.

A 2D array in which every sample represenlistance measured along the
camera optical axis.

A 2D array, provided by a depth capierahich each sample represents a
physical distance to its corresponding point ofsbene.

An image, provided by a ToF camfmamed by reflected light wave
amplitude measurements.

A feature of multiple deptlaps that indicates consistency of a 3D scene
representation between them.

A system that consists of mldtvideo and/or depth cameras.

A multi-camera systemtiinch video cameras are arranged on a straight lin
and are oriented toward the same direction.

A video sequence recomtidg a multi-camera system. It consists of a
number of individual video sequences captured oy eamera.

A process of geometrical transformatof views of a multi-view sequence
that virtually modifies camera rotation and tratisia

An active depth sensing methoahich a pattern is projected onto the scene.
The pattern is observed by one or more camerashentepth is inferred from
its distortions.

An active depth sending techniquenimich a light emitter sends a modulated
light wave. The light wave reflects from the scbiaek to the camera's image
sensor. The depth is derived from phase differ@fitke modulating signal
measured between the transmitted and reflectetiigtie.

A colour image acquired from a camera, whigh part of a multi-camera
system.

An artificially generated image thapresents a 3D scene seen from a
different point of view than any of the cameras.
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Abbreviations:

AVC
DERS
DIBR
DLT
FPGA
HEVC
LiDAR
LED
SVvD
MVC
MV-HEVC
PSNR
SAD
SSD
SSIM
ToF
VSRS

Advanced Video Coding

Depth Estimation Reference Software
Depth Image Based Rendering

Direct Linear Transformation

Field Programmable Gate Array

High Efficiency Video Coding

Light Detection and Ranging

Light Emitting Diode

Singular Value Decomposition
Multi-View Video Coding

Multi-View High Efficiency Video Coding
Peak Signal to Noise Ratio

Sum of Absolute Differences

Sum of Squared Differences
Structural Similarity

Time-of-Flight

View Synthesis Reference Software

Mathematical nomenclature:

matrix A

element i,j of matrix A
vector v

component x of vector v
scalars k and K

an element with time index t
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This dissertation addresses problems related toisitgn of depth, fusion of video and depth

data, and to the compression of multi-view plustidefdeo sequences.

A depth map can be computed using visual informaffom a stereo camera pair or from a
multi-camera system. The process is known as degstimation. It is based on finding
correspondences between two or more images froghibpeiring cameras. These correspondences, in

conjunction with the camera parameters, are usebitain the distance information.

A different method of obtaining depth informatiandirect distance measurement using active
sensing techniques such as e.g. Structured Lighfzel g 01][Scharstein_02] or Time-of-Flight
(ToF) [Horaud_01]. Structured Lighting depth acdgios techniques are based on the projection of a
light pattern which varies in space and/or times@tations of distortions of the pattern are used t
infer about the distance. One of a widely usediagiibn of structured lighting depth acquisition is
digitization of cultural heritage artefacts [Sitnikl]. On the other hand, Time-of-Flight technigaes

based on measurements of light wave travel time.

Distance measurement approach based on Time-ditFhgs its application in e.g. Light
Detection and Ranging (LIDAR) devices [Liu_01] afhdF cameras [Horaud_01]. A LIDAR device
consists of one or multiple lased distance meaguuimits which are based on the ToF principle.
Usually either a rotating mirror is used or the ¥hbiDAR device is rotating continuously to extend
its field of view. LIDARs find its applications mtg in autonomous vehicle navigation

[Gargoum_01] and geodetic measurements [Glennie_01]

In this dissertationthe author focuses on Time-of-Flight (ToF) depth cmeras A ToF
camera uses a light emitter to illuminate the sceitie an amplitude modulated light wave [SR4000].
The camera provides two types of information detiiem the reflected light: modulating signal
amplitude and the modulating signal phase. Ampéitddta can be treated as an intensity image that
corresponds to the operating wavelength of the cmm&he signal modulation phase carries
information about the distance. The distance isvddrfrom phase difference measured between the
transmitted and reflected light wave. A ToF cameaa also provide a third kind of information,
namely confidence, which is derived from the aropl@ data. It provides information about how
certain a particular distance measurement is. @enéie information is useful as it allows to idgntif

uncertain measurements.

Both the depth estimation and depth acquisitiorhoethave major drawbacks. The estimated
depth maps are often inaccurate due to insufficenount of reliable image features that can be

matched [Mieloch_01][Sterp_01]. Also the processdepth estimation requires large amounts of
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memory and computing power. Therefore depth esitimat very slow and cannot be performed
during video sequence acquisition — it has to beedafterwards. The depth maps, acquired using
Structured Lighting methods, are accurate but ttguigition process is too slow to be used for
acquiring video sequences. Moreover, it requireftiphe images to be captured. On the other hand
depth maps, acquired using a Time-of-Flight camgedd low spatial resolution and usually contain a

significant amount of noise.

In this dissertation the author proposes a mettioddeo and acquired depth data fusionn
order to obtairhigher quality depth mapsthat can be achieved using either the estimatioth@r
acquisition technique. Higher quality means thadepth map is more accurate in terms of
conformance of the distance it represents withattteal physical distance in 3D space. Moreover, the
author focuses also on improvements to algorithetasted to multi-camera system calibration and

video and depth data processing.

A multi-camera system is required in order to rdcomwulti-view plus depth sequences. The
system must operate synchronously, i.e. each canmgres a frame at precisely the same time
instant. Different types of cameras require diffetypes of external synchronisation signal; thenef
a synchronisation signal conversion is requirece @tithor proposes method of synchronisation-

signal conversionwhich allows to synchronistoF depth cameras with video cameras

The author also addresses problems related to egrasmeter estimation of multi-camera
systems with video and depth cameragn this dissertation the author focuses on limealti-camera
systems only. Accurate camera parameters are tifocithe depth estimation process and for video
and depth data fusion; therefore the author prapesset of improvements to the state-of-the-art

camera parameter estimation parameters and touhieview rectification algorithms.

Another major issue that is addressed in this desen is multi-view plus depth video
compression State-of-the-art multi-view compression techngjseich as MVC [AVC_02], MV-
HEVC [HEVC_02] and 3D-HEVC [HEVC_03] strongly rebn inter-view similarities of input video
and depth data. Inter-view similarities are presemulti-view video sequences as they represent th
same scene. This creates a redundancy which isiegpby a multi-view codec. Unfortunately, depth
data usually exhibit low inter-view similarity (aonsistency) because each depth map is estimated
independently by using a different subset of abdélaviews. In this dissertation the author introgkic
anew method of improvement of depth map inter-view ansistencyfor multi-view plus depth map
sequences. The method is aimed at improving midtirvcompression of depth information by

exchanging information between the depth maps ighbeuring cameras.
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The primary goal of this dissertation was to depedanethod ofusion of video and acquired
depth data. The fusion will allow to obtain a higher qualitygth map that can be estimated using

stereo correspondence information or acquired usitgpth acquisition technique only.

There are also other goals of the dissertation dddtess issues related to the preparation of
depth and video data for the fusion process. Thssees includesynchronisation of different types
of cameras video camera parameter estimationdepth camera parameter estimation, image

rectification andnoise reduction in ToF depth data

Improvement of multi-view compression of depth mapss another goal of this dissertation.
Multi-view oriented compression algorithms rely gimilarities in neighbouring views; unfortunately,
estimated depth maps usually do not exhibit saficisimilarities. The author will address this
problem by proposing an algorithm that will improthe inter-view consistency of existing depth

maps.
There are two theses considered in this dissemtatio

"Relatively simple design of a system for hybrigptteacquisition with the use of time-of-
flight depth cameras and video cameras allows t@imbhigher quality depth maps as

compared to systems based on either time-of-flighteras or video analysis only."

"Improvement of inter-view depth map consistencgttincreases depth map quality and
increases the compression efficiency of compressigorithms which exploit inter-view

relations of depth maps."
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Proving the theses of the dissertation requiredtiaddl effort regarding construction of a
multi-camera system with ToF cameras, making visleguence recordings and processing acquired
data. All the experiments took place in years 2012012. The state-of-the-art data processing
algorithms regarding camera parameter estimatinage rectification and ToF camera calibration at
that time were not suitable for the kind of progegsequired by the author. Therefore the authar ha

to propose additional modifications to them which iacluded in this dissertation as secondary goals

All of the proposed modifications were investigabgdthe author but not thoroughly enough to
consider investigation conclusions as exhaustihe. 8xperiments made were constrained by available
equipment and other technical means (e.g. avathabii only one type of ToF camera). The author is
aware that more work is required to fully investeyall the proposed modifications. Nevertheless,

detailed experiment descriptions and results falld\wwy conclusions are presented in this dissentatio

1.3.1 Chapter 2
In chapter 2, the author presents his origingdifications to state-of-the-art camera
parameter estimation and image rectification algothms for linear multi-camera systems

constructed using video and ToF depth cameras.

The methods that are presented in chapter 2 arth@ohain goal of this dissertation; however,
they are necessary for correct data preparationvideo and depth map fusion. Thus these
modifications were not as thoroughly investigatgdhe author as the data fusion process itself. The
results presented here confirm the ideas of thegz®d improvements but may not be enough to state

that the proposed methods are general.

An ideal linear multi-camera system has all optathtres of the cameras equally spaced on a
straight line. Their optical axes are parallel twe another and perpendicular to that line. It soal
often assumed that all of the cameras are ider(tieate identical parameters). These hard consdraint
are almost impossible to meet when constructingh sacsystem, thus the goal of the image
rectification process is to create a multi-view gmaset as it would have been captured by an ideal

linear multi-camera system by using images capthyeah existing, non-ideal one.

For a real linear multi-camera system it is esaemdi estimate the camera distribution line so
that it passes as close to all of the optical esntf the cameras as possible. The author suggssts
a 3D linear regression for this problem. Becauserdsulting line will not pass through the camera
positions directly, an appropriate image rectifimatprocedure is suggested that uses image feature
points. If all optical axes of the cameras are perpendicular to the camera distribution line, then
during the rectification process some of the imaaia will be shifted out of the image frame. Inerd
to prevent this, the author proposes a technigatentiodifies the distribution line direction so tlitais

perpendicular to the mean optical axis direction.
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Different types of cameras require different apphes to their parameter estimation. ToF
cameras exhibit very low resolution which makes gendeatures more difficult to be precisely
localised. Depth cameras provide additional infdiama namely the depth map, which the author
suggests to use for their parameter estimatiorkridyving the 3D coordinates of points in the scéne i
is possible to estimate relative extrinsic paranseteetween two or more depth cameras directly

instead of using optimisation algorithms that usly @D image correspondences.

1.3.2 Chapter 3

Chapter 3 is devoted to ToF camédepth data preprocessingThe author addresses problems
related to distance measurement calibration andrdie measurement correction based on the fact that
a depth camera measures the distance along a ligfleictvave propagation path while a depth map
represents distances measured along the camecalaptis. The proposed preprocessing methods also

include noise parameter estimation used in theanativare depth map noise reduction algorithm.

The author proposes a methoddidftance measurement compensation for ToF cameraghe
method allows to compensate for systematic errgothetically introduced by a ToF camera. The
approach is based on distance measurements obtairegl both ToF and image of a 2D calibration

pattern of a known structure and dimensions.

Depth maps from ToF cameras cannot be used diréatlynulti-view processing as their
representation differs from the commonly known espentation of a depth map. A ToF camera
measures the distance between its sensor and @&ct adpng the shortest path of light wave
propagation; however, a depth map represents tloidEan distance measured along the camera
optical axis. The author proposes a method of latina between these two representations that is

based on the camera’s intrinsic parameters.

A depth map provided by a ToF camera is noisy, @afpe for low reflective objects. The
author introduces aefficient noise reduction algorithm that consists of two independent filtration
procedures. The first step uses a motion-aware deghfilter that derives motion information from
amplitude information using estimated camera ngiaeameters. The second step incorporates a

spatial, edge-adaptive bilateral filter that opesatn distance and amplitude data.

1.3.3 Chapter 4

Chapter 4 is dedicated to the problensyfichronisation in multi-camera systemsnd related
issues. The author introduces a method of syncsation between television video cameras that use a
Genlock signal for synchronisation and industreneras (such as ToF depth cameras) which require

a single electrical trigger pulse per frame.

The author provides a detailed description of ks constructed hardware device that provides

the means for conversion from a Genlock input digmahe trigger signal. The described device was
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used by the author to capture multi-view video piiepth test sequences that were used for an

evaluation of the proposed algorithms for video degth data fusion.

1.3.4 Chapter 5
In chapter 5the author presents his most important achievementwhich is depth map

estimation via fusion of video data from video canmr@s and depth data from ToF depth cameras.

The author proposes to modify the state-of-thedepth estimation algorithm that is based on
energy minimisation via global optimisation algbnits such as Belief Propagation or Graph Cuts. The
author introduces a modification to the global dosiction so that not only information from stereo
correspondence is used but also additional deph friom the depth cameras. Moreover, the author
also proposes another modification that allowsat@tadvantage of video camera image edges. The
use of image edges allows to estimate depth mashtve very sharp edges on object boundaries,

which is a much desired feature.

1.3.5 Chapter 6

In chapter 6 the author addressadgti-view video plus depth compressionVideo plus depth
compression algorithms, such as the state-of-theHa¥C-3D [HEVC_03] and 3D-AVC [AVC_04]
algorithms, use inter-view video and depth int@awisimilarities. The compression ratio is highly
dependent on inter-view video and depth consistdnegges from video cameras are consistent as the
scene looks very similar from different points téw that are close to one another; however, theesam
cannot be said about depth maps, which are estimatiependently by using information from

different video cameras — and this is the souraaaafnsistencies between the views.

The author proposes an innovatiepth map inter-view consistency improvement
algorithm that allows to improve consistency without havitogre-estimate them. The proposed
algorithm is based on an iterative inter-view imfiation exchange between all depth maps of a multi-
view sequence. The results have proven the poditifieence of the algorithm on the multi-view
compression ratio without any quality degradati@sdal on a representative set of multi-view plus

depth sequences.

1.3.6 Chapter 7

Chapter 7 summarises the dissertation by indicatihgf the author’s original achievements

along with possible future research paths.
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In order to perform a depth estimation process amuli-view video sequence, the parameters
of a multi-camera system used for their acquisiiamst be known. The camera parameters can be
divided into two groupsintrinsic parameters andextrinsic parameters Theintrinsic parameters
define the characteristics of each camera itselOn the other hand, tlextrinsic parameters define
the camera’s placement with relation to the other ameras in a common global coordinate
system Both the intrinsic and extrinsic parameters nhestknown for each camera in order to fully

characterise a multi-camera system.

In this dissertation, the author focuses on linmailti-camera systems with video and depth
cameras. Such systems consist of a number of wdeeras which are spaced evenly on a straight
line. Each video camera has its optical axis pefjpeiar to the line. Video camera orientations are
identical. On the other hand, depth cameras netetbrme placed on the same line as video cameras.
The can be placed anywhere provided that theudief view overlap with field of views of the video

cameras.

The author is going to consider depth estimatigor@hms that require multi-view sequences
with rectified and lens distortion free images. Tgual of the multi-view rectification process is to
simplify stereo correspondence search by perforrgammetrical transformations of all the images. In
a rectified multi-view sequence, the stereo cowedpnce search can be limited to horizontal
direction only. This, in turn, allows to reduce mieé computational complexity of the depth

estimation process.

The accuracy of camera parameter estimation isiarémr the depth estimation algorithms.
Inaccurate camera parameters will cause depth &stimalgorithms to perform stereo matching on
non-corresponding regions of the images. Thisuin,twill lead to incorrect depth maps; therefore,
the author focused on improvement of camera pagrmstimation and image rectification algorithms

in order to increase estimated parameters accuracy.

The proposed improvements of a multi-camera systalibration includes estimation of the
camera distribution line direction, correction betline direction and rectification of a multi-view

video sequence using camera calibration pattetarieg@oints.

The author paid special attention to the estimatiodepth camera parameters. Depth cameras
differ in their characteristics from video camerdsually, their image resolution is much lower than
the resolution of a video camera. The depth canmen@gde distance information which can be used

to estimate their extrinsic parameters. In thisptéyathe author proposes a method which allows to
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estimate the relative extrinsic parameters of twmore depth cameras using the distance information
they provide.

2.2.1 Intrinsic parameters

The projective camera model was used to model déimeeca in 3D space. The model is also
known as thePinhole Camera Model It provides a base to formulate most of the ietet in a
modelled multi-camera system. It is well known frtime literature and widely used for stereoscopic
and multi-camera systems [Hartley 02][Cyganek_OBf\y 01][Zhang_01].

The model assumes that all light rays passesitgiegoint in 3D space known as the principal
point. This corresponds to a camera which has famtely small aperture instead of a lens. The niode
is correct also for cameras with lenses provided & visible objects are much more distant thaen t
focal length of the lens. Figure 2.2.1 illustragéasodel of a thin lens [Hecht_01].

Figure 2.2.1 — lllustration of the thin lens moftéécht 01].

The thin lens formula is given by the Equation 2.2.

- - - (2.2.1)

wherez denotes distance from image sensor to the igrdgnotes distance from an object to the lens

andf denotes the focal length. Once it is assumed zpxatf, the term— can be neglected which

allows to conclude that=f. This means that images of all objects are foreegttly on the camera
sensor.
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Figure 2.2.2 shows the idea of the pinhole camerdem

Principal point

Image plane 3D object
Figure 2.2.2 — Illustration of the pinhole cameradel.

The transformation between a point in 3D spaceaatmiresponding point on the image plane is

given by the equation:

(2.2.2)

wherex,, Y, Zy are the coordinates of a point in the 3D spacgare its projection coordinates on the
image plane and is a scaling factor. The matrk in Equation 2.2.1 is called thetrinsic matrix .
The parameter§, f, define thefocal length for projection in each dimension aegd ¢, define the
principal point position within the image. Focal lengtlis f, are expressed in multiples of the
horizontal and vertical spatial sampling periodstle image sensor, respectively. These two focal
lengths may not be equal for an image sensor withaeyual horizontal and vertical sampling periods.
The difference may also be caused by a non-sph€ea@a anamorphic or cylindrical) camera lens
[Maxwell_01].

An extension of the pinhole camera model islémes distortion model which defines the non-
linear geometric image transformation that reflébesdistortion caused by the camera lens or the le

system [Brown_01]. It is defined by the followinguations:
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andr is given by:

oL #F (2.2.5)

Variablesx, andy, denote undistorted pixel coordinates,andyy denote lens-distorted pixel
coordinates. The lens distortion model can be ciariaed by coefficient&; to ks and p; to p..
Coefficientsk; to ks define the T, 2" and ¥ order radial distortion, while coefficienps to p, define
the tangential distortion. Depending on the regqumeodel complexity, some of them may be set to

zero, thus indicating that a particular type otalison is not present.

The lens distortion model is independent from camgarameters such as focal length and
principal point position. Equations 2.2.3 and 2.@efine solely radial and tangential lens distertio
effects. It must be noted, that the lens distortrmdel does not affect the scaling factoft remains

the same after lens distortion removal.

The lens-distorted pixel coordinates andy, are defined in normalised image space. The
normalised image coordinate system assumes thafrith@pal point is located at position (0, 0) and
the image extends from (-1,-1) to (+1,+1). The pecsive projection from 3D world coordinates to

2D normalised image coordinates is given by thiefhg equation [Hartley 02] :

! . (2.2.6)

Equation 2.2.6 defines a perspective projectiorh winit focal length and principal point at
position (0,0). In order to de-normalise the pigebrdinates after application of the lens distartio

model, equation 2.2.7 needs to be applied:

‘. (2.2.7)

In the Equation 2.2.7 the actual intrinsic mattixhe camera is used [Hartley 01], [Cyganek 01]
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2.2.2 Extrinsic parameters
The extrinsic parameters of a camera are not fireelated with the pinhole camera model.
The extrinsic parameter matrix defines the relaietween the global coordinate system and the local

coordinate system of a camera. The relation isxddfby the following equation [Hartley 01]:

(2.2.7)
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wherexg, Yy, Z; are coordinates in the global coordinate systeny., z, are coordinates in the camera
coordinate systent; are therotation-related coefficients and; are thetranslation coefficients. The

matrix in equation 2.2.7 is known as #adrinsic matrix.

All parameters of the camera model correspondegttysical dimensions and placement of the
camera. The simplest way to estimate the cameraInpadameters is to directly measure all of them;
however, due to finite manufacturing precision atifficulties in accessing some elements of the
camera, the measured parameters might exhibitdaoalccuracy to be used. Thus, it is better to
estimate the camera parameters using informationedefrom the spatial structure of a calibration

object with known dimensions and its image formgdHhe camera.

Numerous techniques of estimation of the cameraeinpdrameters are known from the
literature. Most of them incorporate the use ofedicated calibration pattern that is shown to the
camera. The calibration pattern provides a seeafufre points which can be easily detected on the
image. The feature points locations on the paiteaonjunction with their corresponding locations o
the image are then used to estimate the camerangtms [Zhang_01][Tsai_01]. Different kinds of
techniques make use of the sole scene featuresrfiRa@ath 01][Xu_01][Liu_01] by using well-
known feature point detectors such as SIFT [Low¢ @1SURF [Bay 01]. Unfortunately these
methods are sensitive to errors due to possibldgaities during scene features identification. The
technique that incorporates a calibration patterardh [Zhang 01] proves to be the most useful for
multi-camera systems, thus it is going to be usedhfe mixed video plus depth multi-camera system

as proposed by the author.
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The pattern-based parameter estimation techniqoetiynuse a planar pattern which defines an

M-by-N grid of feature points. The author has used twesyof planar calibration patterns:

- Checkerboard pattern — A rectangular grid of aliéng black and white squares. Feature points

are defined by corners of adjacent squares.

- Circle grid pattern — A rectangular grid with blackcles on white background. Features are

defined by centres of the black circles.

Figure 2.3.1 shows photographs of the calibratiatigons that were used by the author. The

table 2.3.1 summarises parameters of those patterns

R @
®
[
[ ]
[

Figure 2.3.1 — Checkerboard calibration patterft)(d a circle grid pattern (right) used by thehmor.

Table 2.3.1 — Parameters of calibration patteres by the author

Pattern name
Checkerboard pattern Circle grid pattern
Parameter
Number of features 13 by 8 1l1by7
Feature spacing 75 mm 100 mm
Board dimensions 1.1 m x 0.84 m (AO paper sheet)

As the relations between the positions of the catiibn pattern features and their locations on
an image are known, it is possible to estimate bahntrinsic and extrinsic parameters of the aame
Unfortunately, a single image is not enough to eottie mathematical problem of parameter
estimation; therefore, multiple images are needisth image must represent the same calibration
pattern but rotated by a different angle, i.e. tba@ynot be co-planar [Zhang_01].

An image of a calibration pattern must represewittt a high enough spatial resolution in order
for the features of the pattern to be accuratedptied. The accuracy of the locations of these featu
is crucial for the accuracy of further camera patemestimation, i.e. the higher the resolutioe, th
more accurate the camera parameters. The authgé&rience shows, that for a high-resolution
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camera, it is better to use a checkerboard pattégh image resolution allows precise localisatidn
the checkerboard corners’ positions. For a lowdtggm camera (such as for a modern ToF depth
camera), it is better to use a circle grid patt€mn.a low-resolution image, accurate localisatibthe
centres of the coloured circles can be done wittebaccuracy than localisation of the checkerboard
corners. Therefore, the author proposes to useitble grid pattern for low-resolution cameras and

the checkerboard for high-resolution cameras.

The camera parameters are estimated with accupattythe scaling factor because the distance
between the camera and the pattern is not knownvi®ying a 2D calibration pattern, it is not
possible to determine whether it is small and ledatlose to the camera, or whether it is large and
located far away from the camera. The knowledgardkgg the physical dimensions of the calibration
pattern allows to connect the estimated parametens as focal length and camera translation te thei

physical counterparts in the real world.

The extrinsic parameters are estimated by findigdamera position with respect to the local
coordinate system of the calibration pattern. Witesn same calibration pattern is seen by several
cameras it is possible to determine their relatra@slations and rotations, which together form the
relative extrinsic parameters. The relative exidnsarameters of a camera pair can be found by
knowing the relation between each camera coordisggtem and the coordinate system of the

calibration pattern.

The goal of the image rectification is to transfdmages captured by all of the video cameras
to look as if they were captured by an ideal mediinera system [Cyganek 01]. These

transformations include:
- lens distortion correction,
- camera rotation correction,
- camera translation correction.

The rectification process ensures that correspgngdoints are placed on the same horizontal
line of each image. Then the correspondence séagcistereo matching algorithm can be constrained
to the horizontal direction only. The multi-viewddo system rectification process itself is a set of

geometrical image transformations.

An ideal linear multi-camera system has all cameraiformly spaced on a line (namely the
camera distribution line) with their optical axeserpendicular to this line. Moreover, intrinsic

parameters of all the cameras (focal length anttjpal point position) are meant to be equal.
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Due to unavoidable misalignments during the prddacof individual cameras and their
arrangement in the system, it is extremely diffidol have a set of cameras whose positions and
parameters meet these constraints. This situagi@mawn in Figure 2.4.1. The left figure shows the
situation for an ideal multi-camera system while tight one shows the situation for a real multi-

camera system.

Optical axis

Video camera

\

Ideal linear multi-camera system Real linear multi-camera system

Figure 2.4.1 — Camera positions in a linear mudtinera system. On the left is an ideal system; emight is a

real one.

The data provided by the depth cameras do notneegectification as the images are not used
for stereo correspondence search. Depth camerag@rtheir own depth maps. The only required
image transformation process is lens distortionov@ahin order to make the registered depth map

compliant with the pinhole camera model.

There are multiple known techniques of image rieetifon, yet most of them are meant for a
stereo camera pair rather than for a multi-camgséem [Huihuang_01][Lin_01]. These techniques
are based on epipolar geometry which describesgdwmetrical relation of a pair of cameras
[Hartley_01][Liansheng_01]. Unfortunately, nonetlodbse methods can be applied directly to a multi-
view system because the rectification has to be d@onmore than two cameras. Nozick presented his
method of multi-view rectification [Nozick_01]; hawer, the described algorithm does modify the
focal length of the camera model, which makes #wmera parameters them non-conformant to an
ideal linear multi-camera system that assumesfdhieofocal lengths are equal. A similar method was
presented by Kang with an identical drawback [Kd&1ig.

In his work Perek et. al. describes an algorithiat #ilows to rectify a stereoscopic pair of
images without knowing the camera parameters [P8k The algorithm takes advantage of local
image features. Both images are divided into a divoensionalm by n mesh grid, then vertical
disparities for each vertex of the are found. Hynabth images are transformed geometrically irhsuc

a way that after the rectification, vertical didpaes of the grid vertices are equal to zero.
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Unfortunately, the described rectification methahrot be used by the author as it operates on a

stereoscopic image pairs only.

The algorithm described by Igbal et. al. also oferan stereoscopic pairs and uses image
features [Igbal_01]. The features are estimatedhey SURF algorithm [Bay_01]. The algorithm
estimates camera parameters by finding the fundi@ineatrix of the stereoscopic pair using the eight
point algorithm [Hartley_02]. Once the fundamemteltrix is known it is decomposed to intrinsic and
extrinsic camera parameters. Those are then usiudt@ geometrical transformation of images that
allows to rectify them. The method introduced bydhet. al. is meant for a stereoscopic pair of
cameras. Therefore the author cannot use it fouli-oamera system, especially with depth cameras

alongside video cameras.

A method that allows rectifying images from a mughimera system was introduced by
Stankowski et.al. in his work [Stankowski_01]. Tihethod was used to postprocess multi-view video
sequences acquired at Poznan University of Techgolbhose video sequences were later submitted
as a response to call for contribution by the MREQUp [MPEG2008/N9468] and became a part of
standardised multi-view test video sequences defi’e common test conditions for multi-view

compression evaluation provided by the MPEG gra&ipd].

The multi-view rectification algorithm introduced Istankowski et. al. is based on estimation
of intrinsic and extrinsic camera parameters ughgng's algorithm [Zhang_01]. Estimated camera
parameters are then used for finding a geomettiaakformation of all the images which leads to
their rectification. The author has taken a simdpproach to [Stankowski_01] in his work followed

by modification of the original algorithm.

The author proposes several modifications to the imageectification algorithms known
from the literature. The proposed modifications ammed at preserving the connection between
camera parameters and the physical world. This exdion is necessary in order to be able to re-
project the depth map captured by the depth camtrghe video camera image space that is required

for video and depth data fusion.

The author proposes the following modifications angrovements to algorithms known from

the literature:

- A new method for estimation of camera distributlore to be used in algorithm described in
[Stankowski_01] and [Kang_01].

- A new method of correction of previously estimatdidtribution line direction in order to
compensate for systematic misalignment of videoeramotations. To be used in conjunction
with algorithms described in [Stankowski_01] andftg_01].
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- A modified method for compensation of video camétanslation misalignment based on

calibration pattern features, also to be used afatigalgorithm described in [Stankowski_01].

Moreover, the author proposes a new method of esbm of depth camera relative extrinsic

parameters using video plus depth information wiwels not previously mentioned in literature.

" H

2.5.1 Computation of the camera distribution line ba linear multi-camera system

The image rectification procedure requires thatathera positions and rotations are defined in
a common global coordinate system. Because thd-oautiera system is assumed to be linear, it is
convenient to define one axis of the coordinatéesysas the direction of the camera distributioe.lin
The line should pass as close to all optical cemfethe cameras as possible. The reason forghis i
that in an ideal linear multi-camera system all tpical centres are located directly on that line.
Image rectification corrects their misplacementalpplying a geometric transformation to the views.
The smaller the distance between the actual optératre position and the camera distribution lthe,

less image correction is required.

Because it is impossible to draw a straight limeulgh more than two points in 3D space, the
distribution line needs to be approximated. Rezdifon algorithms, as known from the literature,
require certain assumptions about the directiathefdistribution. In their work, Kang et al. sugges
estimate the camera distribution line directiorabglysing each camera local coordinate systexis
direction expressed in a common global coordingstesn [Kang_01]. The directions of tkeaxes of
each camera coordinate system are iteratively gedraAfter each iteration, those directions for
which one or more component values do not fall etpecified interval are rejected. At the end, the
distribution line direction is assumed to be eduoahe direction closest to the average. The dralwba
of the algorithm by Kang et al. is that it assurtiest the camera distribution line direction is elde

the direction of the axis of each camera of the system. This assumgioat true in general.

The author proposes a different approach based onhé use of 3D linear regression
directly. The proposed method uses the least mean-squargchisgition of distance between each
camera position and the camera distribution lingudfion 2.5.1 shows the error function to be

minimised:

E 1= @ @ -@= B
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whereE is the error function. Each term being summechadquation 2.5.1 corresponds to squared
distance between a point and a line in 3D spacdlgfae_01]. The point is defined by the
coordinatesg, y;, z and corresponds to the position of tb camera optical centre. Coefficielkts

ko, k. andky define the line in general form.

The line, computed using 3D linear regression, wilt pass exactly through all the optical
centres of the cameras. This condition, howeveredsiired by the definition of an ideal linear nwlt
camera system. This implies the need for correctbriranslation vector of each camera. The

correction is aimed at cancelling the offset betwesmera optical centre and the distribution line.

The problem is that the appropriate image transiition that would reflect this correction
cannot be done without knowing theoordinates of pixels forming the image. Theoordinates can
be derived from the depth map, which has not betimated yet. Because the rectification process is
performed prior to the depth estimation, it is irsgible to rectify the images in a general situation
Fortunately, translation compensation can be ajpmated when the distance between the camera
system and the scene is much greater than the llowgth of each camera. For such a case it can be
assumed that all image pixels have an unknowndaiitical depth value. The image transformation
may then be approximated by an affine transformaitistead of a full DIBR view synthesis process
[DIBR].

Because depth cameras are not subjected to thdiceditin process, the distribution line
direction is estimated using the video camerasitipos only. However, the line defines a new global
coordinate system, so the depth camera extrinsianpgters need to be transformed to the new
coordinate system accordingly in order to main@onsistency within the rest of the multi-camera

system.

2.5.2 Correction of the camera distribution line diection

In this chapter the author proposes to modify thmera distribution line direction. A linear
multi-camera system is expected to have all of theneras oriented perpendicularly to their
distribution line; therefore a part of the imagetifecation process is the camen@tation correction.
The goal of correction of the cameras’ relativations is tanake the cameras oriented in the same

direction, perpendicular to the line.

If there is a systematic camera orientation misatignt with respect to the desired optical axis
direction, image rectification will lead to a los$ information. The image transformation that is
intended to correct the camera rotation will movagmificant part of the image pixels outside af th

image frame.

The situation is shown in Figures 2.5.1 and 2.5t figures show the cameras as seen from

above for better clarity. The grey area indicahesitnage data of an un-rectified image.
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Images

Figure 2.5.1- Camera positions and optical axections with corresponding images before rotatmmection.

Scene |

Image frame Image data

Figure 2.5.2 — Camera positions and optical axextions with the corresponding images after rotati

correction. A part of the image data was movedidatthe image frame.

The direction vectorti; denotes estimated direction of the camera digtdbuline. The
direction vectorlj corresponds to mean optical axis direction forvaleo cameras. Depth cameras
are not taken into account as they are not sulgjdctehe rectification as described in chapter 2.4.
Finally, the direction vector corresponds to the Z axis in the coordinate sysifter the image

rectification.

The author proposes a solution which is intendesodify the line direction itselfin order for
it to be perpendicular to the average camera @tiem, as is shown in Figure 2.5.3.

Modified camera Scene .
distribution line /

Original

camera distribution line

Figure 2.5.3 — Derivation of a new line accordiodhe optical axes directions of the cameras.
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The direction vecto6 indicates direction of the new camera distributioe. By changing the
distribution line direction so that it is perpendgr to the average orientation of the camera Byste
only the relative rotations of the cameras havee@ompensated for. The procedure proposed by the
author is to do a calculation of the mean optisa direction vector, i.e. the orientation of thestem,

and then make it orthogonal to the line directiester according to formula 2.5.2:

€kt o (2.5.2)

where6is the new distribution line direction vectd, is the original distribution line direction vector
andllj is the mean optical axis direction vector computecall of the video cameras (but not for the

depth cameras).

The proposed camera distribution line modificatiechnique leads to the elimination of image
data loss caused by rotation correction; howewer change in the distribution line direction froi i
optimal direction causes the cameras to be positidarther away from it. This, in turn, implies the
need for 3D translation correction which cannotpeeformed without a depth map. This state is

shown in Figure 2.5.4.

Scene

Modified camera

distribution line Iy 4
Original " e .-
camera distribution [In& [ S
, } Z translation I €
/
New camera /V ~~~~~~~~~~~~~ /
position ) /

Figure 2.5.4 — lllustration of the translation @mtion problem when the direction of the camergibigtion line

is changed.

For small translation corrections (measured inimétres) related to the distance between the
camera and the objects (measured in meters) isdéee, the correction can be approximated by a
geometric image transformation instead of theUBR view synthesis [DIBR]. The DIBR algorithm
cannot be used because the depth map is not y&tnkdaring image rectification. The author
proposes his method for geometrical image transftaom, which is based on location of camera

calibration pattern features. The technique isriesd in detail in chapter 2.5.4.
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2.5.3 Experiments related to the proposed method
The proposed modification of the camera distributime direction allows to fit more pixels
from the original image into the rectified imageys preventing loss of data. The author conduated a

experiment to observe the scale of this effect.

The experiment consisted of two setups of a full &dnera stereo pair. In the first setup the
cameras were oriented perpendicularly to the systistribution line (90 degree angle), while in the
second setup their optical axes formed an apprdgign@5 degree angle with the line, as is shown in
Figure 2.5.5.

Calibration pattern
L A A A

~
~

tt Camera ¢ #90° it
———————— == === [ Tdstibutenine; /") [*>7°

Figure 2.5.5 — Two experimental setups of the camedn the left, the optical axes are perpenditalére

distribution line; on the right, they form a spéciingle with the line.

The 95 degree angle was chosen because it isisticease of camera misalignment. Choice of
an angle closer to 90 degrees would not allow toafestrate advantages of the proposed method. On
the other hand angle smaller than 95 degrees woel@and unrealistic example. Despite that the

proposed method is not limited to the angle chosen.

The cameras were oriented toward the same cabbratittern. The checkerboard pattern was
used with parameters summarised in table 2.3.lerfes of three test sequences were captured for
each setup. Each sequence represents the calibpatitern placed at a different position with respe
to the camera system. Its images were used to a@stithe extrinsic parameters of the cameras. The
relative extrinsic parameters of the cameras wetanated for each calibration pattern position
independently and then averaged in order to rertftvenfluence of noise. The intrinsic parameters of

both cameras were assumed to be known (they wenea¢sd independently before the experiment).

In the experiment, two rectification transformasowere computed for both of the camera
setups. The first transformation was based on &mason of the camera system distribution line
direction that uses only the camera positions giirentheir extrinsic parameters. The second
transformation incorporated the same distributioe lestimation method followed by its direction

modification as proposed by the author. For theosécrectification method, camera translation
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corrections were necessary as the modified lines do¢ pass through the camera positions directly.
New camera positions were found by projecting tloeiginal translation vectors onto the new line.
The translation correction was performed using uieatpositions taken from calibration pattern
images. A detailed description of the proceduigiven in chapter 2.5.4.

Figures 2.5.6 and 2.5.7 show the example rectifinatesults of the experiment, where the
optical axis angle was equal to 95 degrees. Figure 2.5.6 shows tttdication result using the
original, unmodified camera distribution line, whilFigure 2.5.7 shows the result when the
distribution line was modified using the algoritipmoposed by the author.

Figure 2.5.6 — Rectification result using an or&jrunmodified camera distribution line.

Figure 2.5.7 — Rectification result using the miifcamera distribution line according to the adthproposal.

The rectified images, shown in Figure 2.5.6, exhéblarge area near their right edges where
there is no image data. Some parts of the images lest as the pixels near the left edges of the
original images were projected outside of the imfigme. The images, rectified using the proposed

algorithm, do not exhibit such data loss.

In order to measure the number of pixels lost dutire rectification transformation, the author
suggests to use an objective measure. The measdedined as a percentage of the image frame that
was not filled with image data after the rectifioat The measure is defined according to equation
25.3:
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where"yop denotes the percentage of image frame not fillgld wsable datal is the set of pixels
not assigned to any actual colour valueT, denotes the cardinality of s€twhile N represents the

number of pixels in the image.
Table 2.5.1 summarises the measure value for eatlkdse of the experiment.

Table 2.5.1 — Percentage of the image frame thatnwafilled with data after the rectification.

Angle of optical axes of the Value ofrempyfor the original Value ofrempyfor the modified
cameras and their distribution line distribution linett, distribution linet
Right camera: | 1.2% Right camera: | 1.2%
=90° Left camera: 3.0% Left camera: 0.9%
Average: 2.1% Average: 1.3%
Right camera: | 20.2% Right camera: | 1.9%
=95° Left camera: 17.3% Left camera: 0.3%
Average: 18.7% Average: 1.1%

According to the experimental results, the algonitiproposed by the author allows to
significantly reduce data loss during the rotattmmrection stage of the image rectification process
The average value oty ranged about 1%, which is much less than for fieation without the
proposed modification. The 5 degree systematia efrthe camera orientation alignment was chosen

purely to prove the proposed algorithm’s abilityptoperly rectify images in such cases.

The amount of data loss depends mostly on the igmsaént of the optical axes of the camera

system. Results of the experiment show that foasmed 90 degree angle the optical axes were not

perfectly perpendicular to the distribution line they supposed to be. This yielded in about 2% of
empty area of the image frame according to the q@egr.m,,, metric. The proposed algorithm

allowed to reduce the empty space in that casbdotd % which shows its potential.

The number of pixels that lies outside the imagent will never reach zero, as the rectification
process needs to perform a geometrical correctidhenimage, which implies that the transformed
image will not be rectangular. The correction efdalistortion also introduces data loss that cahaot

counteracted when using the proposed method.

Although the results presented in table 2.5.1 imgie that the proposed algorithm allows to

reduce number of lost pixels (as measured using:thgmetric) , the single experiment is not enough
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to consider those results to be general. The aushaware that the proposed method requires more

thorough investigation which would reach beyonddbape of the dissertation.

2.5.4 Correction of camera translation with respecto the modified distribution line

Camera translation vector describes its positiothénglobal coordinate system in 3D space. It
is one of the camera extrinsic parameters. Oncanalation vector of a camera is found, it requaes
correction so that it describes position of theiggptcentre of the camera on the camera distributio

line.

As it was stated in chapter 2.5.1 it is generadly possible to draw a straight line through more
than two points in 3D space. Therefore optical menof all the cameras will not be positioned diyec
on the camera distribution line. This implies achém a translation correction. Moreover the method
proposed by the author deliberately changes dimeaif the camera distribution line pushing it even
further from optical centres of the camerhlsthis chapter author proposes his own approactho

the camera translation correctionbased on techniques known from the literature.

The assumptions about an ideal multi-camera systade in this dissertation states that all the
cameras must have equal focal lengths. Fulfiimdnthis assumption is not possible in practise.
Thereforethe algorithm proposed by the author in this chapte allows correcting not only

camera translations but also non-equal focal length

During rectification, the translation is performég computing an adequate 2D geometric
transformation of an image that reflects camenastedion correction in 3D space. The translatioa of
camera in 3D space causesclaange of the point of view In order to transform the image
accordingly, adepth map is required The depth map defines the distance between tinereaand
each observed point of the scene, measured alengptiical axis of the camera. Because some parts
of the observed scene are located closer to thereatian others, translations of their counterpgarts
a 2D image plane will be different. This is the malea of the DIBR view synthesis algorithm
[DIBR]. Without knowing the depth map it is impasi& to define the translation for each point, hence

it is impossible to transform the image.

Fortunately, if the distance between the camerathadscene is much greater than the focal
length of the camera, the change to the point@ivs insignificant. It is assumed then that alhge

pixels have the same depth. The method proposgelguthor is based on that assumption.

There are several technigues known from the litegathat are aimed at rectification of multi-
view images. For example Kang et. al. describesethod of rectification of multi-camera system
images which corrects for vertical image misalignimky modifying intrinsic parameters of each
camera [Kang_01]. The modification changes priricipaint positions. The author did not take

advantage of the described method as during thi#ficetion. In his proposed approach intrinsic
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parameters of all the cameras should remain icrdind the images are to be transformed to become

conformant with those parameters.

Stankowski et. al. introduce an image rectificatialgorithm that operates in two steps
[Stankowski_01]. During the first step the geonwetiriimage transformation, necessary for the
rectification, is computed using estimated extdnsarameters of a camera. Then, during the second
step, a 2D perspective transformation of the imag®mmputed. Parameters of the transformation are
estimated using four feature points of the calibrapattern that was used to find extrinsic paramset

of the camera.

Unfortunately, none of the methods found in therdéiture takes advantage of the major
assumption of the linear multi-camera system - theneras are uniformly spaced along their
distribution line. Therefore the author proposesintcorporate this assumption into his proposed

rectification method.
The goal of the image transformation is to:
- have all the vertical coordinates of all the featpoints equal for all views and
- have horizontal positions compliant with the camecations along the distribution line.

The transformation, which meets these requiremevitsalso correct uneven focal lengths of

all the cameras implicitly.
The author proposes a three-step correction proeeuuich consists of:
- estimation of vertical image shift based on catibrapattern features,

- estimation of horizontal image shift based on catibn pattern features and assumption about

uniform spacing of the cameras along their distrdwuline,

- computation and application of a 2D homographiagfarmation to the image which does the

actual rectification.

An important assumption of the proposed methothas the multi-camera system is linear and
that all of the cameras are equally spaced onittee The proposed method is not suitable for a

general case of camera arrangement.

Correction of vertical image shift

According to the method proposed by the authornthe vertical coordinatg of each feature
point can be computed as an average of its vertigsitions from all views according to the formula
2.5.4:
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5 X (2.5.4)
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wherey; is the vertical coordinate of a feature point baitth camera image and is the number of
cameras. Figure 2.5.8 illustrates the method ofection of a vertical image shift;y denotes the

necessary vertical correction of the vertical posibf a feature point.

Figure 2.5.8 — lllustration of the proposed metbbdorrection of a vertical image shift. The “X"rapol

indicates an observed position of a feature pohitenthe "O" symbol denotes its desired position.

Correction of horizontal image shift

When the cameras are uniformly spaced on the ligioh line and the distribution line
direction is parallel to the axis, the relative position of a feature pointhaiiéspect to each camera in
3D space differs only in the coordinate while the other coordinates remaintidah Assuming that
all of the cameras are positioned exactly on trstridution line and their intrinsic parameters are
equal, we can write the following formula for thejection of thei-th feature point. The formula is
derived from the pinhole camera model (equatior2®.2

— " K (2.5.5)

wherex; is the horizontal coordinate of projection of atfge point for thé-th camera, , and
are its 3D coordinates,; is the translation of theth camera along the distribution line in 3D space
taken from its extrinsic parameters. The variahles the horizontal coordinate of the optical centre

location on the image plane.
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Let us assume that the camera with index O isigfennost one, i.e. it has the lowest valud;of
among all the cameras. Similarly, theth camera is the leftmost one, i.e. the valueofs the
greatest. Because all variables exceptifare constant, the relation becomes linear. Thizsnsi¢hat
if the cameras are equally spaced betweerDitieand theN-th one, projections of a feature point
should also be uniformly spread between@ké and theN-th view. This observation is the basis of
the desired horizontal coordinate estimation fer fbature points. For each feature point, its lefiim
and rightmost position is found among all the vieween for the rest of the views its value is

interpolated linearly according to the followingiiaula:

t2e K2 24 (2.5.6)
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wherety; is the translation along the distribution linetloéi-th camera andll is the number of cameras

in the system. Figure 2.5.9 illustrates the pritecigf the proposed method.
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Figure 2.5.9 — lllustration of the proposed metbbtiorizontal image shift correction. The “X” synibindicates

an observed position of a feature point while 8 Symbol denotes its desired position.

Geometric image transformation

Once the relations between the detected featurdspddcations and their desired locations are
known, the image transform can be computed usimg dinect linear transform (DLT) method
[Hartley 02]. The image transformation has the fasma 2D homographic transformation. It is

defined by the equation:

S WA W
\% \%#
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where x, y are the spatial coordinates of an un-rectified gengixel andx’, y’ are the desired
coordinates of a rectified image pixel amds a scaling factor. Coefficienks form a 2D homographic

transformation matrix.

Unfortunately, the DLT algorithm is very sensititeethe presence of outliers in the input data
set (point correspondences that do not comply thighothers). A solution to this problem as proposed
by the author is the use of the Random Sample @snsg RANSAC) algorithm which is based on a

random selection of the exact number of correspaoceeneeded for the DLT solution [Fischler_01].

The method proposed by the author has an impodadvéntage over those known from the
literature. It allows correcting for horizontal ralggnment of the cameras. The author has verified t
method on a linear multi-camera system with unifeamera spacing. The proposed method can also
be extended to a case, when the cameras are fhatnigi spaced along the distribution line, provided

that their assumed positions with respect to tfimtist and rightmost camera are known.

$ %

2.6.1 Introduction

Zhang's algorithm can be used to estimate extripaiameters of a video multi-camera system
[Zzhang_01]. However, the algorithm only takes adaga of 2D coordinates the calibration pattern
features. A depth camera can provide additionghdce feature. The distance information can be used
to either enhance Zhang's algorithm or to develapwa oneln this chapter the author proposes a
method of estimation of extrinsic parameters for two depth cameras by using depth information

they provide.

The Zhang's algorithm requires a single calibrapattern which is visible by all the cameras.
Images of the pattern allow estimating transfororeibetween coordinate system of the pattern and

each coordinate system of each camera. Those tisexparameters of the cameras.

It is convenient to have one camera as a referdncgauch a case extrinsic parameters of all
other cameras will define a transformation betwimenreference camera coordinate system and their

local coordinate systems. Such parameters arelfiive extrinsic parameters.

Relative extrinsic parameters are computed in dhleviing way. Extrinsic parameters of the
th camera are given by its rotati®{i) matrix and translation vect@tY,. The translation vector is
defined in local coordinate system of the camerd'sLassume that the reference camera is the 0-th
one. Then, the relative rotation matrix and trainsfavector for the-th camera with respect to the 0-th

camera are given by equations 2.6.1 and 2.6.2 k8¢aski_01]:

O, 0+, 09,4 (2.6.1)
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2, Opa®, 24, K2+, (2.6.2)

The process of finding relative extrinsic parameieiidentical for video and depth cameras.

2.6.2 Solutions known from the literature
There are several techniques, known from the tileea that are dedicated to the estimation of

depth camera parameters:

Fuchs et al. introduced a method that provides ansy@f calibrating distance measurements
combined with extrinsic parameter estimation [Fu€iig. Their experimental setup consisted of a
ToF camera that was mounted on a robotic arm arfeeekerboard calibration pattern. Unfortunately,
the authors of the publication focused mostly cstasice measurement calibration, and the topic of

extrinsic camera parameter estimation was genematiglealt with.

Jiyoung et al. suggested using a special calibratitern for depth cameras that do not provide
intensity information [Jiyoung_01]. The pattern libe form of a flat board with holes. These holes
can easily be detected on a depth map. Their incagedinates were used in Zhang's algorithm
[Zzhang_01] for the estimation of parameters of ¢hmera. The method did not differ from the one

used for video cameras, and only the calibratidgtepawas different.

Ningbo et al. propose to use a 2D calibration patie order to find extrinsic parameters of a
depth camera and photo camera [Ningbo 01]. Thethadeuses Harris corner detector [Harris_01]

for checkerboard feature extraction on low resolufioF amplitude image.

There are also camera calibration algorithms, kntrarm the literature, which are based on 3D
calibration patterns. Heikkila suggests using tvanar calibration patterns that form a 90 degree
angle [Heikkila_01]. Although the pattern was tho¥mensional, only its 2D projection was used for

the camera parameter estimation. The proposed oheitionot require depth information.

Herrera et al. describe a method of calibratiotwaf colour cameras (different resolutions) and
one depth camera [Herrera_01]. Their method is b#sed on the Zhang's algorithm and does not
take advantage of both intensity and depth infolonat-eature points of the calibration pattern are
needed to be marked manually on the acquired depfh Also a situation with more than one depth

camera is not addressed.

Matusiak et al. propose a technique for matchirduies, that can be extracted from an image
with depth map [Matusiak_01]. The technique is dame modified SIFT algorithm [Lowe_01] which
takes advantage of depth information. The featuatching algorithm is also based on SIFT keypoint
descriptors. It is not concluded in the publicatitiat the method can be used to match together

multiple ToF images (as monochromatic intensitygmavith ToF depth data) but such application is
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possible. Nevertheless the author has proposetbdtimique which uses a calibration marker instead

of features detected in the scene image.

A method of extrinsic parameter estimation for I@solution ToF camera and high resolution
video camera is presented by Pertile et al. [fef@il]. The publication focuses on enhancement to
calibration pattern feature localisation — in tmse a checkerboard corners. However, the author
proposes a different approach by using a diffecaibration pattern for low resolution ToF camera

which does not require the solution proposed byilPat al.

The use of a checkerboard pattern is also suggést@&btezatu et al. [Botezatu_01]. In their
systems Botezatu el al. use a stereo camera togeitte a depth camera capable of registering
intensity image in infrared light. Unfortunatelet calibration procedure described in the publicati

does not relate to taking advantage of depth cresded by the depth camera used.

A very similar approach, to the one proposed by dbthor, was introduced by Fukushima
[Fukushima_01]. In the publication, a use of tleeative closest point (ICP) method is proposed. The
ICP method allows to iteratively match together tsed of points in 3D space. However, the author
found that for his ToF sensor such method wouldifeliable due to presence of noise; hence the

author proposed a different approach describetapter 2.6.3

2.6.3 A solution proposed by the author

The author proposes to estimate extrinsic parasefevo depth cameras lepmputing a 3D
rigid transformation. A rigid transformation is a concatenation of 3Datain and 3D translation.
The transformation connects two feature point seits, each one defined in the coordinate system of
a different camera. In order to fully characterse3D rigid transformation, at least four 3D
correspondences are required. By knowing how twsfoam a point set from one coordinate system to
another, the transformation between the coordimgtstems themselves can be found. The

transformation will then define the relative exsimparameters of those two cameras.

The 3D coordinates provided by a depth cameraeifiead! in the coordinate system of a depth
map. An inverse projection needs to be appliedrateioto derive their 3D positions in the local
coordinate system of the camera. The 3D coordinaftesach sample of a depth map are given by
equation 2.6.3. The author assumes no lens dimtooti that the lens distortion was removed prior to

the extrinsic parameter estimation.

4 (2.6.3)
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wherex, y are the sample coordinates on the depth mipits corresponding distance as measured by
the depth camer& is the intrinsic matrix of the camera axg y.,,Z,are the point coordinates in the

3D space. As each point is defined in the localrdioate system of the respective camera, a
transformation between the corresponding pointanfraovo depth cameras also defines the

transformation between their coordinate systems.

The rigid transformation can then be used to complé relative extrinsic parameters for a

selected camera pair [Besl_01]. The 3D rigid tramsftion is given by the equation:
)

_ 0) z (2.6.4)
)

where) is a point in one ToF camera space arigla point in the other ToF camera space. Theixnatr
R defines the rotation part of the rigid transforimatwhile the vecto defines the translation in the

reference camera coordinate system.

For a system with more than two depth camerasexiwnsic parameters of each camera are

defined as a transformation between its coordispdéem and the reference camera coordinate system.

Given a two point sets, each originating from difg depth cameras, the translation vector can

be computed as a difference between positionsedf ¢tkentroids according to the equation:
z K HE (2.6.5)

wherellbandll, are centroid positions of two point sets. It miistnoted that a translation computed

in this manner is defined in the reference camex@dinate system; however, an extrinsic camera
matrix must contain the translation defined in to®rdinate system of that camera. Therefore, the
translation needs to be transformed according tmtean 2.6.6 prior to the extrinsic camera matrix

construction:

Y. KO B, (2.6.6)
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where ll. is the translation vector in the local coordinatestem of a camerdlllllh is the

translation vector in a global (or reference) camte system an® is the rotation matrix of the

camera.

The optimal rotation transformation can be computdtiough the Singular Value
Decomposition (SVD) of the coordinate covariancerixaof the two point sets. The covariance

matrix is given by the equation:

b <F Lb K ULN LBl K LN (2.6.7)

whereH is the covariance matriXlband!ll, are the centroid positions atigand ¥, are individual

point positions in 3D space.

The rotation matriR can be computed by SVD decomposition of the camag matrixd. The

SVD decomposition of the covariance matrix is gibgrthe equation 2.6.8 [Arun_01]:

b ghif (2.6.8)

where matricet), SandV are result of the SVD decomposition.

The rotation matribR can be computed according to the equation 2.6.9:

0 i gf. (2.6.9)

Estimation of a rigid transform requires at leasturf point correspondences. The point
correspondence sets, obtained using a depth camewaglly contain many thousands of
correspondences, and incorporating all of the spordences into the rigid transform estimation via
the least mean square (LMS) minimisation algorithehds poor results. This is due to the fact that t
LMS solution is prone to outliers, thus the autpooposes to use the RANSAC algorithm instead
[Fischler_01].

The Random Sample Consensus algorithm choosesaiodom point correspondences from the
whole set, which yield the most accurate transféionaA new 3D rigid transformation is computed
during each iteration of the RANSAC algorithm. Tjpa@nt set from the first depth camera remains
unchanged, while the other one is modified usirag ttansformation. For an accurate transformation,

these two point sets should overlap. The authopgwes to measure the accuracy by taking the
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Euclidean distance between two corresponding pdiots both sets which are positioned the farthest

apart. The algorithm allows finding the most actaiteansformation effectively.

Because only depth cameras provide depth informatii@ method cannot be used to determine
the relative positions of a video and depth camé&he video camera does not provide the required
depth data, thus Zhang’s algorithm and a calibngpi@ttern must be used in this case.

A set of multiple point correspondences in 3D spiaceequired for estimation of a 3D rigid
transformation. In order to precisely localise a@npan 3D space, the author proposes to use a
calibration marker. The proposed marker providesfeature point, i.e. it must be constructed irhsuc
a way that the feature point position can be pedgidetermined on a low-resolution intensity. Ae th
depth distance measurement quality highly dependhe reflectivity of an object, the marker must

exhibit high reflectivity so that the distance ¢emeasured with very high confidence.

The author proposes to use a marker pattern thatthea form of a black ring on a white
background. The centre of the ring can be founddigulating the centroid position over pixels that
form the interior of the ring. The distance canrbeasured accurately due to its high reflectivity.

Figure 2.6.1 shows an image of the marker as peapbyg the author.

Figure 2.6.1 — Proposed marker used by the autinatefpth camera extrinsic parameter estimation.

The detection of marker features requires fusiorthef intensity image and the depth map
provided by the depth camera. The intensity imageiges the means of feature point location while

the depth map allows estimating its distance.

Experimental results

The author conducted an experiment to prove thatptioposed extrinsic calibration method
yields better accuracy than solutions that incaforthe 2D calibration patterns known from the
literature [Zhang_01], [Jiyoung_01].
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The experimental setup consisted of two ToF can@ea®d in arbitrary locations. The cameras
were oriented in roughly the same direction andr thelds of view mostly overlapped. The setup is

illustrated in figure 2.6.2.

Scene

ToF cameras

Figure 2.6.2 — ToF cameras’ positions for the paepof the experiment.

The ToF cameras used were the Mesalmaging SR4MMO[®]. Parameters of those cameras

are summarised in the table 2.6.1.

Table 2.6.1 — Summary of relevant parameters 05fR4000 ToF camera.

Parameter name Parameter value
Resolution 176 x 144 pixels
Pixel pitch 40 pm x 40 um
Field of view 69° horizontal, 56° vertical
Frame rate Up to 50 Hz (depending on settings)
Frame acquisition time 0.3 ms to 25.8 ms
Measurement range 0.8 mto 10.0 m (depending osechmodulation frequency)
Calibrated range 0.8 m to 8.0m (depending on chosatulation frequency)
Accuracy +/- 10 mm
Modulation frequency 14.5.0/15.0/15.5/293D/0 / 31.0 MHz (selectable)
lllumination wavelength 850 nm
Phase data bit depth 15-bit
Amplitude data bit depth 14-bit
External synchronization Trigger signal input

A total of four test sequences were recorded. €sedequences were divided into two groups.

The first group contained sequences of a 2D cdidrgattern board placed about 2 m apart from the
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cameras. Each one represented the pattern seenafidifferent location. A total of three different
views of the board were recorded. Multiple viewsraveised to estimate the relative extrinsic
parameters between the camera pair. They wereabheraged to increase accuracy and reduce the
influence of the noise. In the experiment, a 2xuar grid pattern was used. Parameters of the

calibration pattern are summarised in table 2.3.1.

The second group contained sequences with the manigosed by the author. The marker was
placed at roughly the same distance from the casrasdhe calibration pattern. Each sequence shows
the marker placed in a different location in the Siace. The marker defines a single reference point
in the 3D space which is used for extrinsic par@mestimation using the method proposed by the
author.

Figure 2.6.3 shows the intensity and distance im#gethe first case, i.e. where the calibration
pattern board is used. Figure 2.6.4 shows the &dorethe second case when the proposed marker is
used.
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Figure 2.6.3 — Intensity image and distance maphfeleft and right ToF camera, respectively, ef 2D

calibration pattern.
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Figure 2.6.4 — Intensity image and distance maphfeleft and right ToF camera, respectively, ef tharker
proposed by the author.

For sequences with the calibration pattern, theiresit parameters were estimated using
Zhang's algorithm [Zhang_01] followed by computatiof the relative extrinsic parameters, which,
obtained for each board placement, were averagaupmve their accuracy and reduce noise. The
second set of extrinsic parameters was estimaiad 8® point sets obtained from the images of the
marker and distance measurements according to éfteoch proposed by the author. For each marker
placement, its position on the image was estimatigldl sub-pixel precision using a semi-automatic
pattern matching technique; the details of thikibégue are beyond the topic of this dissertatidre T
distance was taken by sampling the depth map, gedvby the ToF camera, at the coordinates of the

feature point using a bi-linear interpolation filte

In order to assess the quality of the estimated exbsic parameters objectively, an
additional test sequence was recordedsing the SR4000 ToF camera with parameters suisedar
in table 2.6.1. Those sequences contain a viemetalibration pattern (as described in table 2.3.1
placed about 2 m from the ToF camera. The sequanostded independent sets of points which were
not used for the parameter estimation. The 3D doatels of each point were computed using
equation 2.6.1. A set of points was assembleddoh & oF camera. All of the point sets were used for

quality measurement of extrinsic parameters.

The point set from the first camera was left ungeah the point set from the second camera

was transformed to the coordinate system of the filoF camera. For perfectly accurate relative
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extrinsic parameters, these two point sets shouddtlap. The higher the parameter inaccuracy, the

farther away the corresponding points are located.

The author proposes to assess the quality of sitriparameter estimation by computing the
root mean squared error (RMSE) over the Euclidaatamces between the points in corresponding
point pairs. Along with the RMSE, the maximum Edelan distance (MAX) was also computed.
Table 2.6.1 summarises the root mean squared ERWISE) and the maximum error (MAX)

expressed in millimetres.

Table 2.6.1- RMS error and maximum error of theéuieapoint transformation using estimated ToF camer

extrinsic parameters.

Zhang’'s method [Zhang 01] The proposed method
RMSE: 52.8 mm RMSE: 21.2 mm
MAX: 72.9 mm MAX: 55.5 mm

According to the data presented in Table 2.6.1 pttogposed algorithm allows to estimate the
depth camera extrinsic parameters more precisaly tihe method used by Zhang [Zhang_01], which
is confirmed by the numbers. The RMS error of pegtttransformation was reduced from 52.8mm to
21.2mm, while the maximum distance between two tgoihat should overlap was reduced from
72.9mm to 55.5mm.

The proposed method allows estimating the extriggicameters of a depth camera more
accurately than the algorithms based on 2D calrgbatterns. The proposed algorithm requires a
minimum of four 3D point correspondences in ordeestimate the relative positions of the two depth
cameras. When more than four point correspondeareeavailable, the use of the RANSAC algorithm
[Fischler_01] allows choosing those that yield best parameter accuracy. The least mean squares
solution (LMS) of the problem is also possible; le»er, the LMS solution is more susceptible to the

influence of outlier correspondences [Fischler_01].

Unfortunately, the proposed method is applicably tmdepth cameras, i.e. it is not possible to
estimate the relative extrinsic parameters of awidnd depth camera since the video camera does not
provide depth information. In this case the methath a 2D calibration pattern must be used (eg.
Zhang'’s algorithm [Zhang_01]); however, when thisrenore than one depth camera in the system it
is possible to increase its accuracy by estimatiegelative positions of the video camera andaghe
depth camera. Then the relative position betweerwidieo camera and the reference depth camera can
be found. Once multiple sets of the relative egidrparameters of these two cameras are known they

can be averaged. Averaging the relative extrinaifameters allows improving their accuracy.
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The author has thoroughly investigated the statthefart camera parameter estimation
algorithms and managed to incorporate many innegatodifications to them. These modifications

allow for accurate parameter estimation of deptheras as well as of video cameras.

The camera parameter estimation technique whidabrpacates a 2D calibration pattern proved
to be sufficiently accurate for a linear multi-camaystem; however, different pattern types shbeld
used for high-resolution video cameras and lowiggm depth cameras. Modifications to the image
rectification algorithms as proposed by the autiilmw rectifying the multi-view sequence with bette
accuracy than by using the state-of-the-art teclesgThe distance measurements provided by depth
cameras can be used for their extrinsic paramstenation, which yields better parameter accuracy

than that obtained by using methods with a 2D catlibn pattern.

The experiment has proven that the proposed methods to estimate extrinsic parameters of
multiple ToF cameras more accurately than when gudime Zhang's algorithm [Zhang 01].
Unfortunately these results are not enough to priha the improvement can be observed in general.
The author knows that this topic requires furthesearch and investigation. Unfortunately lack of
availability of different ToF camera models and stoaints regarding scope of the dissertation

prevented the author from further experiments.
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3. Time-of-Flight depth camera measurement correctin

The raw data that comes from a ToF camera dodsavet sufficient quality to be used in multi-
view systems directly since a significant amountnaise is present. Furthermore, the distance

measurements exhibit large systematic errors #ed to be corrected.

In this chapter the author proposes algorithms diatecorrecting ToF camera measurements.

The proposed algorithms are:
- geometrical correction of distance measurements
- calibration of ToF measurements
- noise reduction for distance data.

The geometrical correction of the distance measen¢roonsists of transformation of the raw
measurements from a ToF camera into a depth repedss that is commonly used. A depth map
represents distance measured parallel to the bjgtics of the camera. Unfortunately, ToF cameras
measure the distance directly along the light wavepagation path; therefore, a geometrical
transformation is required to convert the distammasurement from one representation to another.
Usually a ToF camera has a built-in algorithm thatforms the correction; however, the algorithm
itself and the camera parameters that are usedoa@vailable to the user. The lack of availabibty
these parameters prevents the camera to be usadnulti-camera system. Therefore, the author

proposes to do the correction independently, usimgera parameters estimated on his own.

The proposed method of ToF camera calibration risedi at correcting systematic errors of
distance measurements. A ToF camera provides aiteonversion from phase of the light wave
modulating signal to an actual physical distancgwelver, due to incorrect calibration parameters, th
conversion may not be accurate; therefore, theoaytfoposes to use Zhang's algorithm [Zhang_01]
to estimate the relative camera position with respe a calibration board. The relative positionl wi

then be used as a reference for ToF distance naasnot calibration.

The proposed noise reduction algorithm providegféective way of reducing the spatial and
temporal noise of the acquired depth map. The #ifgporuses a motion-adaptive temporal IIR filter
together with a spatial bilateral FIR filter. Tolet, these two filtrations provide an effective meaf
temporal and spatial noise removal. The methodtsdestructive to important depth map features

such as smooth surfaces and sharp edges, whichuaiel for accurate representation of objects.
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A ToF camera measures modulating signal phasereiiffe of a light wave that originates in
the light source of the camera, reflects from dfsjéc the scene and returns through the lens to the
image sensor [Hansard_01]. The measured phaseetifie represents the distance between each pixel
of the sensor and a point in the scene that thel giarresponds to; however, a different distance
representation is used for a depth map. A depth reyaresents the distance measured parallel to the

optical axis of the camera. This is illustratedrigure 3.2.1.
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Figure 3.2.1 — ToF camera distance measurement.

The illustration above shows the projection in ¥hdimension only for better clarity, but the
presented situation is identical for thelimension. The model assumes no lens distorticthatrthe

lens distortion is fully corrected.

The measured distance valgeis equal to the distance between the lens angdhe in scene
Z, plus the distance between the lens and the comdsmppixel on image sensarhencez, = (z, +
z). However, the depth map is a representation ofvéthee of . In order to derive the value of, z
from the measured distan@g, a geometrical correction is required. The geoicatrcorrection
method is not aimed at correcting the distance meaent itself but rather the path of the

measurement.

There are several methods known from the literatumétend to correct distance measurements
themselves [Belhedi_O1][Falie_01][Falie_02][Chialmta_01], but none of them is related directly to
correction of the representation of distance mesmsant. This issue is rarely mentioned in the
literature. For most depth cameras the manufactupeovide their own measurement correction
procedures [Mesalmaging][SR4000]. Unfortunatelyesth procedures are not documented. The
intrinsic parameters are usually embedded in terdhms and are also not available to the user.
Without knowing how intrinsic parameters were uded the correction it is not possible to use

identical parameters for video and depth fusiomrdfore,the author proposes to perform the
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necessary corrections by using the intrinsic paranters estimated using the method proposed by
him [Kurc_02].

Knowing the intrinsic parameters of a ToF camer&eandt possible to determine the relation
betweerz, andz, according to the pinhole camera model. As triasfpemed by the,, X, z, andf,
X, zline segments are geometrically similar, we caitenan equation, which defines the relation

betweerg, andz,"

— - (3.2.1)

[—

By solving the equation foz, using known geometric relations in a triangle glavith the

Pythagorean Theorem, the final correctional fornateerges:

K k. (3.2.2)

The first term represents a multiplicative correctiof the measured distance. It provides a
transformation between the ToF distance that issomeal and its corresponding value when
measuring along the optical axis of the camera.Sdwond ternfi corrects for the additional distance
that the light wave has to travel. It is the dis@between the lens and the image sensor of theraam
The value off needs to be expressed in distance units (the aantiee value of,). As the pinhole
model of a camera defines the focal length in mplgs of the spatial sampling period, the valud' of

can be computed according to the following formula:

¥ | andusually *m (3.2.3)

where s is the spatial sampling period. For a projection tivo dimensions, the correction
transformation as described by formula 3.2.2 ndedse performed for each dimension separately.
formula 3.2.2 will then contain an additional mplicative correction factor (for the second

dimension) and a modified additive correction térm
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Kkl

(3.2.4)

wheref, andf, represent focal lengths in tkendy dimension respectively.

In order to estimate the focal length vafiethe author proposes to average both of the focal
lengths obtained by combining model paramefgrand f, with the camera spatial horizontal and
vertical sampling periods, ands, according to formula 3.2.5. The author assumesstkigalens of a
ToF camera is spherical. Only for a spherical lbath of the pinhole model parametdysandf,

represent the same physical distance between isersend the lens.

W (3.2.5)

Experimental results
The author conducted an experiment to assess Hiityqof the proposed geometrical distance
measurement correction method. The experimentpacated a ToF camera and a flat surface used as

a reference.

Each ToF depth map of the reference planar sudhcald represent a perfectly flat plane after
application of the geometrical correction algoritasproposed by the author. The surface should be
planar regardless of the angle between the refersaddface and the optical axis of the camera. The
author proposes to measure the geometrical cavreqtiiality by calculating the RMS error of the
plane model fitting into data from the correctegpttiemap. The lower the RMS error, the more

accurate the correction is.

The camera used for the experiment was the MesaihgaSR4000 [SR4000]. For its
parameters please refer to table 2.6dr. purpose of the experiment the camera was platatout
2.5 - 3 meters from reference flat surface. A sidhitly large flat wall was used as the referefite
optical axis of the camera and the wall formed d@hgle . Multiple combinations of distance and
angle values were tested in order to determine pitogposed correction method accuracy under
different circumstances. Figure 3.2.2 illustrates schematic of the experimental setup (as viewed

from above).
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Figure 3.2.2 — Experimental setup of the ToF carfasiang a flat surface.

The value ofz, defines the distance between the wall and the anvkile the value of
defines angle between the camera optical axis landvall sufrace. A total of 16 measurements were
taken, each one consisting of 50 frames of the depth map. The frames were averaged in order to

remove temporal noise.

The distance correction method requires that thengic parameters and lens distortion
parameters of the ToF camera to be known. Botlnthiasic and the lens distortion parameters were
estimated using Zhang's algorithm [Zhang_02]. Tdléoation pattern with a regular black circle grid
(Figure 2.3.1) was used. The geometrical lens distts needed to be removed from the captured
depth maps prior to the proposed distance measuternerection. According to the manufacturer's
datasheet [SR4000], the spatial sampling periothe@fSR4000 camera sensor is #0by 40 m. The

value was used in Equation 3.2.5.

The following Figures 3.2.3 and 3.2.4 show two-disienal and three-dimensional
visualisations of the measured distance for the edsen the camera was facing the reference surface
with 0° angle. The left-hand image shows a raw ldemap (without correction). As was expected, the
distance is greater in the depth map corners thdne centre. The right-hand image shows the same
data set after performing the geometrical correctide corrected depth map now represents a planar

surface.
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Figure 3.2.4 — Thredimensional visuisation of theToF measurement before and after correc

In order to assess tlygiality of the proposed methi the author tooladvantage of the availak

groundtruth information. It states that the surface segithe ToF camera is plai; therefore, it can

be approximated by model ol a 2D plane in a 3D space. The modeltlaf plane is defined by

formula 3.2.6:

proQrt €

(3.2.6)

The value ofz,.ndX, y) represent thedistance along the optical axis of the car, x andy are

the coordinates of each sample the captured depth map aa¢g b and c are the plane equat

coefficients.



The fitting error function of the plane model t@thoF data is defined by the equation:

8+ ,  r10prgor K Ofvp I'- (3.2.7)

The value of error is expressed in meters. For eask the RMS error and the maximum error
of the plane model fitting was computed. These éwor measures are defined according to equations
3.2.8 and 3.2.9:

<)z,wx <\ijx t+ 0
Bys T (3.2.8)
80o { L8+ A (3.2.9)

whereM is the width of the ToF image aitis the height of the ToF image.

The diagrams in Figures 3.2.5 and 3.2.6 show clafutise RMS error K, and the maximum
error Emay for all test cases. The chart on the left-hag shows the error values before correction

while the chart on the right-hand side shows therexfter correction.

Figure 3.2.5 — RMS erroE(,y according to the equation 3.2.8 before and afterection using the proposed

algorithm.
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Figure 3.2.5 — Maximum erroE{,,,) according to the equation 3.2.9 before and afterection using the

proposed algorithm.

The proposed geometrical correction algorithm afldevchange the representation of the depth
map, which makes it usable for DIBR rendering [D]B&dd for video and depth data fusion. The
proposed algorithm requires only the intrinsic pagters of the ToF camera. It does not depend on
any internal calibration algorithm provided by aFToamera manufacturer. The procedure is very

simple and requires no time consuming calculations.

As it was mentioned above, the manufacturer otébted ToF camera provided own correction
procedure; however, the intrinsic parameters usedhfe correction are not available to the user.
Therefore the author was unable to do a compangaone proposed method and the one used by the
manufacturer. The lack of availability of intrinsgarameters used by the camera manufacturer
disqualifies using of the corrected distance datarideo and depth data fusion.

The method proposed by the author is general asl¢#faeemerges from fundamental geometry.
Unfortunately the experiment using only one typeacfoF camera is not enough to prove that the
improvement can be attained in every case. Theorighaware of this drawback and knows that the

topic requires further research and experimentation

' ()

The distance measurements of a ToF camera showdduz to the physical distances between
the camera and the measured objects. Unfortunately measurements of modulating signal phase
difference do not correspond to the physical distardirectly. Modern ToF cameras provide a built-in
conversion algorithm that translates phase dataistance data. Unfortunately, due to possible
incorrect internal calibration of the ToF camela tlistance measurements may also be incorrect and

may exhibit a systematic error.
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The author proposes a method to calibrate ToF measints by finding a relation between the
distances provided by the ToF camera and the pdiydistances that can be measured using a distance

measurement device of another kind. The authorsiEEon distance measurements only.

Several methods of ToF distance calibration arecrds=d in the literature. Lindner et al.
recommended to take a series of ToF distance nerasuts of a flat, semi-reflective panel along with
the reference distance measurements [Lindner_(H¢y Tused a B-spline curve to represent the
relation between the ToF measurements and the gahydistance. The distance measurement error
was highly non-linear and exhibited periodicityweyer, in the publication a reference was made to
an old ToF device that did not provide built-in ree@ment correction. The drawback of this
calibration method is that it requires a set oérefice measurements made by an independent distance

measuring device.

A similar method that was used by Kahlmann etradoiporates a calibration pattern made of
infra-red LED diodes [Kahlmann_01]. The infra-reiddk pattern can be easily detected on a ToF
intensity image and the depth map as the lighttérgidiodes interfere with the camera operation. In
the publication, the proposed ToF calibration systensisted of a ToF camera mounted on a moving
trolley, which was coupled with a distance meas@mnunit based on an interferometer. It was used
to provide reference distance measurements witttivelaccuracy up to a few microns. Kahlmann et
al. proposed to construct a look-up table (LUThggieference measurements and ToF measurements.
No distortion model was proposed. The method desdrin the literature is very accurate but it

requires expensive equipment and a set of veryed@fisrence measurements.

Both methods as described in the literature recuivery sophisticated mechanical setup and a
reference distance measuring device. The methqubped by the author of this dissertation requires

only a camera calibration board and a calibratiatepn.

The proposed method

The principle of the method proposed here is basethe relation between the distance values
computed using the camera model and the actuandistmeasurements. When using a calibration
pattern, the transformation between the coordiagséem of the pattern and the coordinate system of
the camera can be computed. The intrinsic paramefdhe camera must be known. The method uses
the same algorithm as for the extrinsic camerampeater estimation [Zhang_01], but in this case only
the relation between the pattern and the cameradresting. By knowing the transformation and the
pattern structure it is possible to compute thetjpmsof each feature point of the pattern in thenera
coordinate space. The computedtoordinates of the points define their distancesnfrthe ToF
camera. These distances can be used as a refeaadcthere is no need to use any external distance

measuring device.
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The author proposes to use the following linear @héat the distortion correction:

o C (3.3.1)

wherez; is the corrected distance valug,is the measured distance amdndb are the model

parameters.

The reason for choosing the linear model is thetfaat modern ToF cameras are compensated
internally. The internal compensation accountsdibrnon-linear phenomena that are a part of the
demodulation of the reflected light wave signal. aV/imay not be correctly compensated is the
modulation frequency of the carrier light wave. §fiequency is required for conversion from a phase
difference to an actual distance. The conversiomfphase to frequency is a linear multiplicative

operation.

The experiment setup

The author conducted an experiment which goal veaserify his proposed method of
correction of ToF distance measurement. As theltre$uhe experiment parameters of the assumed
distortion model were estimated for a particulaF tamera. The Mesa Imaging SR4000 ToF camera

was used [SR4000]. Please refer to the table ®o6the camera parameters.

The experimental setup consisted of a ToF camataantanar calibration pattern mounted on a
movable rig. The pattern used consisted of rectangircle grid. Its dimensions are specified ie th
table 2.3.1.

A total of three calibration sequences were reabrdeéach sequence contains a view of a
stationary planar calibration pattern placed aifeerént distance from the ToF camera. The board
with the calibration pattern was tilted with resptecthe optical axis of the camera. When a cdiibna
board is tilted, the distance between the camedaeanh feature point of the pattern is differeftisT

allows to obtain more different distance measurdésigom a single calibration pattern view.

In order to remove noise, all frames of each secpi@rere averaged. The resulting three images

were used to estimate the distance measuremeaoitidist

Figure 3.3.1 shows the intensity images of thebcation pattern and Figure 3.3.2 shows the

corresponding distance maps.
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Figure 3.3.1 — Intensity images from the three segfuences of the calibration pattern.

Figure 3.3.2 — Sample distance maps from the tiestesequences of the calibration pattern.

For each of the images, the distance to each fegiomt of the calibration pattern was

computed according to Zhang’s algorithm [Zhang_01].

The corresponding measured distance values weeentieaed by sampling the depth map as
provided by the ToF camera. Unfortunately blackles, which are the feature points, exhibit very
low reflectivity. The reflectivity was low enough tause distance measurements to be very uncertain.
Therefore instead of sampling the distance magtlijrehe samples came from a model of a 3D plane

fitted into the measured distance data.

The plane model was build according to equation63.Rarametera,b andc of the equation
were computed using least mean square minimizadibrdistance between the plane and 3D
coordinates of all points (according to equatidh . that constitute for the calibration patterratuh
not just to the feature points. This allowed toetaklvantage of more accurate distance measurements,

taken from between the pattern features, wherbedhed reflectivity is significantly higher.

61



The experiment results
The relation between distances measured by thechokera and those computed using the

pinhole camera model is shown in Figure 3.3.3.

Relation between measured and computed distance

Distance (camera model) [m]

Distance (measured) [m]

Figure 3.3.3 — Relation between the distance meddwy the ToF camera and that computed from itsenod

There are three groups of points in the figure ab&ach one corresponds to one calibration
image. The calibration pattern board was tiltedchy 45 degrees with respect to the camera optical
axis, so that the distance to each point of thémedion pattern is different. As was expected, the
relation is almost perfectly linear; the non-lingamithin the point group marked in blue may be
explained by inaccuracy of estimation of the pattlrature points or by an unwanted bend of the

calibration pattern board.

The distance correspondences were used to contpaiteatameters of the distance distortion
model according to Equation 3.3.1. The LMS criterwsas used. The resulting model parameters for
the SR4000 ToF camera ael.011andb=-0.008 In an ideal case the paramedevould be equal to
1.0 while the parametérequal to 0.0.

The results of the experiment show that a particlitsF camera provides the correct distance
measurements even without the calibration. Theiphightive factora is very close to 1.0 (an ideal
case), which indicates a direct one-to-one relatiwhile the additive parametds indicates a

systematic offset of 8 mm.

The method proposed by the author allows to cotrerdiscrepancy between the actual ToF
distance measurements and the distances computagl the pinhole camera model. This greatly

increases the accuracy of the acquired depth nkapthermore, the method can be used to translate
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directly between the phase difference of the ligbtulating signal and the distance without knowing
the ToF modulation frequency. The modulation freguyecan be computed from the parameters of the
distance distortion model. This makes the propdsetinique a universal tool for calibrating ToF

measurements for applications in multi-camera syste

The proposed method was verified using only one tgpa ToF depth camera. This is not
sufficient to consider the method general and tackhale that it is suitable for any ToF camera. The
author is aware of that fact. The lack of avaiifpibf multiple types of ToF cameras prevented him

for further investigation of this topic. Neverthgte in the future such investigation shall be cotehl
! *

Measured distance data provided by a ToF camerwi®y. Modern ToF cameras provide
distance measurements with a significant amourspatial and temporal noise. The amount of noise
depends mostly on the reflectivity of objects’ swds. The lower the reflectivity, the higher thésao
level as the camera is unable to reliably estimatese of modulation signal of a reflected light evav

when its amplitude is low.

A depth map spatial noise impairs the smooth sarfaw object edges representation, which is
the key feature of a depth map. When performingwidnd depth data fusion, a change to the depth of

a pixel will cause a misalignment; therefore, iingportant to have noise-free depth data.

Because the noise is mostly exposed when the Wgke amplitude is low and the integration
time of the camera is short, an increase in thegiation time seems to be the simplest solution;
however, this increase has its limitation. The wehoulti-camera system operates with a certain frame
rate and the integration time cannot be longer tharduration of a single frame. The increase @ th

integration time will also cause a motion blur tbah be observed on moving objects.

The author thus proposes to deal with the noiseidigzg a dedicated distance data filtration
algorithm. A spatialbilateral filter along with a motion-adaptive temporal filter was thus
incorporated in the proposed algorithm. Their pegis toreduce the noise while preserving sharp

edges of objects

The depth noise reduction results, as describéldeiditerature, show a significant reduction of
the noise level; however, the described methodly by to static scenes, as no temporal filtrati®n

taken into account.

As an example, Ma et al. [Ma_01] proposed to penfar triangulation [Porikli_01] of the

measured data points prior to the application spatial bilateral filter to the mesh vertices.

Huhle et al. [Huhle_01] proposed the use of a mmall means filter [Buades_01] for distance
data filtration. The non-local means filter is aigtion of a bilateral filter. In this filter, theveights are

based on similarity measure(s) between small neigiibg patches of the filtered image rather than
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on individual pixels. The described filter alsodngorates intensity information as an additionad.cu

Unfortunately, the method does not incorporatetamyporal filtration.

Georgiev et al. [Georgiev_01] proposed a spatigoma non-local means filter that
incorporates data from multiple depth frames. Tilerfprovides a joint spatio-temporal filtration,
although it is not motion-adaptive. The filtratiahgorithm was supposed to operate in real time,
which suggests its low complexity; however, thelgsia of the algorithm leads one to the conclusion

that it might not preserve the object edges as agelhe algorithm proposed by the author.

A solution for ToF depth data denoising, for sitoa$ when the ToF camera must operate under
low power conditions, is also proposed by Georgéwal. [Georgiev_02] [Georgiev_03]. The low
power conditions are defined in the publicationsoaspower scene illumination and short integration
time. Georgiev et al. propose to first project Tod data to the 3D space and to perform the dempisi
of the 3D mesh afterwards [Georgiev_02]. In thetad publications a non-local denoising approach
working in complex domain is proposed [Georgiev.O3djere is also a suggestion about estimation

and removal of fixed pattern noise. However, thih@uhasrCt observed such a phenomenon on the

ToF equipment that he worked with.

There is also a convolutional neural network (CNigproach of ToF camera noise modelling
proposed by Bolsee et al. [Bolsee_01]. A numbearagtaded convolutional neural networks is trained
using artificially generated noisy ToF data — bathplitude and distance. As a result the neural
network allows to estimate noise characteristiceeat ToF data and also provide a denoised version
of it.

The distance data filtration algorithm as proposgdhe author consists of two filtrations. The
first filtration is meant to remove temporal noisg using amotion-adaptive IR temporal filter .
The motion adaptation is based on independentpigef- motion detection. Pixels, which are
considered as moving, are not subjected to temfitiration. The second filter is spatial bilateral
filter [Porikli_01]. The goal of spatial filtration is tcemove noise from smooth surfaces while
keeping the object edges intact. Sharp object edgeshe key element of a depth map. The block
diagram of the proposed algorithm is shown in Feggid. 1.

ToF Distance Motion-adaptive Spatial, bilateral, Filtered
data temporal lIR filter FIR filter distance data
A

\ 4

ToFlIntensity I \iotion detection

data

Figure 3.4.1- Block diagram of the distance ddteafion algorithm proposed by the author.
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Motion detection is performed on intensity datangstemporal frame difference instead of
background estimation [Stauffer_01] and [Kim_01]n Antensity image carries some texture
information which is meaningful for motion detectidl he distance data does not contain any texture

information, hence object motion cannot be reliatdyected.

3.4.1 Motion-adaptive temporal IIR filter

The motion-adaptive IIR filter is the first stagetlee filtration procedure. The filter operates on
each sample of the distance map independently eTérer as many filters as samples in the distance
map. When no motion is present, the proposed fiédraves like a first-order low-pass IIR filter.€Th

transfer function of the filter is described by Faoita 3.4.1:

4 (3.4.1)

wherek is the control parameter that controls the passiwdrihe filter [Mayer-Baese 01] ardis a
complex argument.. Parameteranges from 0 to 1. The higher the valuekpthe narrower the

passband of the filter is.

When a motion is detected, the delay element isddiately loaded with the distance from the
current measurement. This breaks the IIR filtedbeek loop and causes the input distance value to b
present at the output of the filter immediately.eTimomentary bypass of the temporal filter loop
ensures that moving objects do not get blurrechbyfittration, while noise in stationary regionstbé

scene is properly reduced.

The author has chosen the first order IR filteustiure due to its simplicity and robustness. His

experiments show that first order filtration isfatiént for temporal noise removal.
Figure 3.4.2 shows a detailed block diagram ofptftoposed temporal filter.

Motion presence
information

Measured Filtered distance

distance v » e B _ ©—»— Delay element '
o

=
A

Figure 3.4.2 — Block diagram of the motion-adaptporal filter proposed by the author for a sngdjistance

map sample.
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It is very important to reliably detect motion metdepth map for the temporal filtration to work
as expected. Failure to do so will either causeingpgbjects to get blurred or the stationary olgjéot
exhibit temporal noise. Reliable motion detectisrdifficult because the depth map does not provide
any colour information; therefore, the author pregmto use an intensity image for motion detection.
The intensity image represents scene luminanckeinnfra-red wavelength range. Most textures that
are visible to the naked eye are also visible nkarinfra-red band; therefore, object motion can

reliably be detected using texture information fritva intensity image.

Motion detection in the proposed motion-adaptive fliter is based on an analysis of the
difference computed over consecutive intensity #anThe author chose this technique because of its
simplicity and robustness. There are other motietection techniques known from the literature, e.qg.
Stauffer et al. and Kim et al. described a techmigoased on background estimation
[Stauffer_01][Kim_01]. The estimated background gmas then subtracted from each analysed frame.
Then the difference is analysed and a decisionaidenwhether a pixel belongs to an object or to the
background. These techniques do not consider cametian or panning, so the camera needs to be

stationary. The method proposed by the authorisfdissertation does not require this.

The proposed motion detection algorithm works devis: for each sample of the intensity
image the difference is computed between its iitiefiom the current and the previous frame. The
absolute value of the difference is then threstbldgamples where the absolute difference value
exceeds the threshold are considered as belongiagrioving object while others are considered as

the stationary background. The decision-making isilbustrated by formula 3.4.2:

re Ko 4r€2
~ 3.4.2
J 2\ "ZVYI, ( )

wheres ands 4 are the intensities for a samplg,aposition for a current and previous frame and
th is the threshold parametéy! is a binary mask, where the non-zero value ind&#te presence of

motion. The method has low computation complexitg,avhat is more important, it uses a short
observation time window (only two consecutive fraineA short time window is desired because it

detects the beginning of object movement withoyttane delay.

The chosen threshold parametBrmust have a value low enough in order not to caniy
possible motion. On the other hand, its value rbagtigh enough in order not to consider an intgnsit
change, caused by the temporal noise, as an iifaticat motion. For the purpose of estimating the
threshold, the author has used #uklitive Gaussian noise modedf the temporal noise [Boyat 01]
[Rakhshanfar_01].
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According to the model, the intensity of each pizah be described by a sum of two variables:
the actual intensity of a pixé&J, that cannot be observed directly, and a randamhla with Gaussian

distribution of variance® The model is defined by the equation 3.4.3.

oo W LF (3.4.3)

wherel is the observed pixel intensity and#t .#, denotes a random variable of normal
distribution with parametersand ? (here it is assumed that= 0) The unknown actual intensity of a
pixel I, can be approximated by the arithmetic meammputed over a number of consecutive video
frames. The variance’ informs us about the spread of observed intensityes. Unfortunately, the
value of noise variance is unknown and difficulptedict, as the noise is caused by a combinafion o
many physical processes that take place duringénaagjuisition. What is more, the variance may
depend on the pixel coordinates and on the obsenesth intensity . This complicates the problem
of choosing the correct threshold paraméteThereforethe author introduces an extended noise

model in which noise variance depends on the obsed mean intensity of a pixel

. e WL LFHE N (3.4.4)

Both values of and ? can be estimated by using a series of captureddésand assuming a
static background, which can easily be done in tm@c The author proposes to determine the

particular ToF camera noise variance and its degpaelof observed pixel intensity.

The author chose to set the threshbldo be equal t@ , which will cause a rejection of most

false motion detections (statistically) [Kazmeir].01

Estimation of temporal noise variance

There are methods, known from literature, regardistimation of camera noise parameters. For
example Rakhshanfar et al. propose estimation ofieca noise parameters independently for
homogenous regions of an image [Rakhshanfar_0H.rdise model proposed by Rakhshanfar et al.
is, however, very complex and incorporates nonalineanage processing effects which are not

applicable in ToF cameras.

Jin-chao et al. propose much simpler camera noiedemwhich assume only one noise
parameter [Jin-chao_01]. The parameter is indepgnfilem observed signal intensity and spatial
pixel location within image. However, the authostabserved that such a dependency on intensity

exists therefore the model proposed by Jin-chab & not suitable for the ToF camera used by him.
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The author conducted an experiment to determinerdfetion between an average pixel
intensity and its corresponding Gaussian noiseamad. The goal wat determine the relation
between the average intensity of each pixel and itsorresponding intensity variance. The
knowledge about this relation will allow to performore accurate motion detection. That, in turnl, wil

allow to remove more temporal noise while preseyvitoving objects shapes.

The estimation method used by the author is basedapturing a number of ToF intensity
images of a static scene. As the scene is staicpohly cause for a pixel intensity change is the
temporal noise. Statistical analysis of multiplen®ecutive intensity images will allow to determine

relation between and 2.

The author used the Mesa Imaging SR4000 ToF cafp®R4000] which parameters are
summarised in the table 2.6.1. The ToF camera Ve&eg in front of a scene setup which contained a
variety of objects that exhibited different refigitly. This wide variety of objects’ reflectivityllawed
to capture a sequence in which many different sitgmevels were present. This allowed to determine
the variance for a largest span of possible avemgpmsity values. Figure 3.4.3 shows a single

intensity frame used for noise parameter estimation

L

Figure 3.4.3 —Intensity image of the experimenteh& setup captured by the ToF camera.

For each pixel, the average intensitgnd the intensity variancé was computed by taking the
intensity measurements from the whole video sequeBpatial pixel coordinates were not taken into
account. Each pair { ?) defines a relation between these two parameégardless of which pixel
they come from. The ToF camera provides the intgrdata with 14-bit resolution. For detailed
SR4000 camera parameters please refer to the2dble The scatter plot of each (?) pair is shown
in Figure 3.4.4. Figure 3.4.5 shows the density pfathe occurrence of particular,( ?) pairs. The

occurrence is shown in a logarithmic scale.

68



Variance vs. Intensity
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Figure 3.4.4 -Scatter plot cthe relation between average pixel intenaity its intensity varianc
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Figure 3.4.5 -Occurrence density plot the relative average pixel intensignd variane pairs.

After an analysis of the experimental ¢, the author has proposed a modelthe relation
between the average intensity and its corresporbigg varianc. The proposed model has a forrr
a polynomial curveThe degree of the polynomial wahosen to be 1, 2 or 3he experiments hay
shown that increasing the polynomial order abode&s not influence significantly the approximat

accuracyThe proposed model of variance is describeequation 3.4.5:

L A H (3.4.5)
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where , is noise variancd, corresponds to the infrared image intensity amihibesa, to as

are the coefficients of the approximation polyndmia

The parameters of each model were estimated usinigast mean square (LMS) criterion using
the same data set. Data points which exhibit threian value lesser than tripled standard deviation
were rejected; such data points might indicate that intensity can be negative. Table 3.4.1
summarises the estimated polynomial coefficientsefch polynomial degree along with their RMS
fitting errors. The presented results are correcttie Mesa Imaging SR4000 ToF camera [SR4000]
and should not be generalized.

Table 3.4.1 — Regression polynomial coefficientsglwith the RMS error of fit for the SR4000 ToFeaa.

Coefficients
& & & & RMSE
Degree
1 2.16e-2 8.04e+1 18.87
2 2.85e-7 1.91e-2 8.37e+1 18.79
3 2.85e-10 -3.58e-6 3.30e-2 7.30e+1 18.32

The modelling curve with the lowest RMS error (amail of the tested curves) is the third-
degree polynomial; however, the linear and quadnatddels do not exhibit a significantly larger
fitting error. As the RMSE informs us about the rage difference between the curve and each data
point, there may be areas where the local erronish greater than the average. The plot of theethre

modelling curves overlaid on the occurrence dergityis shown in Figure 3.4.6.
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Figure 3.4.6 — Occurrence density plot with overlairves of the regression polynomials: 1st defpet), 2nd

degree(green) and 3rd degree (yellow).
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As it was expected, thé“@legree polynomial (yellow) fits into the data seth the largest
accuracy. However, due to the large spread of plesgariance values for a particular mean intensity
the other two models perform almost equally wellriBg the author's experiments it was proven that

the linear model is sufficient to model the relatto be used for motion detection.

It must be noted that the method allows to detegntime general relation between mean
intensity and its variance caused by noise whisuing that all pixels of the sensor have identical
characteristics. Each pixel of the camera may lihafferent noise characteristics than the others. In
order to determine the and ? relation for each pixel independently, each psteduld be observed
for every possible average intensity. The taskificdlt in practice as the ToF camera does not
provide any intensity regulation of the light emittso a large number of uniformly reflective scene

setups is required. Therefore the author has askthraeall pixels have equal noise characteristics.

Moreover, the author is aware that the presentadteeare true for the SR4000 ToF camera and
that they may be different for a different cameradel. The topic of camera noise and especially ToF
camera noise which operates differently than aovidamera requires more research and extends
beyond the scope of this dissertation. Therefoeeréisults of this experiment shall not be considlere

as general.

3.4.2 Spatial bilateral FIR filter

The distance data is subjected to the spatial fteer the motion-adaptive temporal filtration.
The spatial filtration algorithm as proposed by thehor incorporates a spatial bilateral FIR filter
[Tomasi_01][Paris_01]. The proposed filter operatasmeasured distances instead of depths. This
allows for more control over the filtration than evhusing depth or disparity values. It is possible
set the filtration parameters according to the maydeatures of the scene. The proposed filter is

defined by the equation:

r E
st o, X X yet KY KT, ZLys KDY KON (3.4.6)
FH FH

wherez,4 denotes input distance mag, is the output filtered distance map,is the filter weight
mask that depends on input dateandy are sample spatial coordinates andandN are the filter

mask dimensions.

The filter weights are adapted according to loesdtdires of the distance map gradient. The
weight adaptation procedure is designed in suclayase that the filter can distinguish between weak
and strong edges. The weak edges are usually chysgghtial noise while the strong edges are most

likely to be the actual object edges.
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The author proposes to use local gradient featuresther than the image patches used in the
non-local means filter [Buades_01] [Huhle_01]. Thason is that the depth map does not contain any
texture information and the object texture featunethe intensity image do not always correspond to

the actual object boundaries in the scene.

The filter uses a square mask of a fixed sige= N). The size of the mask is a control
parameter, which defines the spatial filtrationesgth of the filter. An individual filter mask is
computed for each sample of the input distance fap.goal is to find such a mask that in the cédise o
the presence of a strong edge the samples lyintgeosame side of the edge as the currently filtered

sample are assigned greater weights than samhgsdy the opposite side of that edge.

For each point of the mask the shortest discrdte lpetween its location and the location of the
central point is chosen. The path represents thetkat the filtration algorithm needs to traveree t
"reach" the corresponding sample. If such a pablssas a strong edge, the weight assigned to that
sample should be low, otherwise it should be higdth point is assigned a weight which corresponds

to the maximum edge strength along the path.

The author proposed the edge strength to be mehasréhe absolute difference between the
distance values of neighbouring points along thin.p@hese differences reflect the local gradient
amplitude of the distance map. An illustration loé ffilter mask construction procedure is shown in
Figure 3.4.7.

X A point of the
—
filter's mask
v E:“/ Distance map
| edge
P, « |

P
Central point of the lﬁ,

filter's mask

Figure 3.4.7 — Example illustration of computatifra filter mask weight for a specified polit while

performing filtration for poinifka
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The maximum gradient amplitude value along the ,paghshown in Figure 3.4.7, is computed

according to formula 3.4.7

Soo 1 { o LWINK LM r LHENK LVIEN ¢ LHIEN K LIBNrs (3.4.7)

where pointsill to Wk are points along the path and), is a measured distance at pojntA
threshold parameter is defined in order to diffeede between weak and strong edges. The threshold
defines a value of the physical distance differestoeve which an edge is considered to be a physical
object boundary. The filter mask weights are comgutsing formula 3.4.8, which incorporates a
sigmoid function. The sigmoid function is often dsghen there is a need to make soft decisions.

Here it provides a soft decision whether an edgaisbject boundary or not:

Z  K——mwmma (3.4.8)

where §Ina4 IS the maximum distance gradient value alongth, pais the corresponding mask weight
value andbh is the distance difference threshold. In orderthar filter to have unity gain, each filter

mask is normalised prior to filtration, so that gwem of magnitudes of all weights is equal to one.

Figure 3.4.8 shows two examples of computed fittessks along with the underlying distance
map which was used to compute them. In this exanmgdilter mask has a size of 7x7 samples. A
brighter colour represents a closer point in thetagice map and a higher weight value in the filter
mask. All weight values are non-negative by ddfinit The sample in the centre represents a cuyrentl

filtered distance map sample.
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Figure 3.4.8 — Two examples of a distance map patiad bilateral filter mask weights.

Despite the adaptation of the filter mask to trelagradient features of the distance map, sharp
edges may still get blurred. As a result of theegixpents, the author proposes to vary the filter
strength according to the local gradient featufesagh pixel. The proposed method includes a linear

interpolation between the original and filteredtaicce map according to equation 3.4.9:

Z ve *+KZ, (3.4.9)

wherez is the resulting distance valug; is the value computed using the filteg, is the original

distance anav is the interpolation factor.

Parameterw is computed using a local gradient feature acogrdb equation 3.4.8. The
equation is identical as for weights in the fillmask but with one important exception, i.e. the
threshold value is different. Setting the threshioldthe interpolation to a higher value than foe t
filter mask weights allows to reduce the filtratimirength at the sharp edges. The author's
experiments have proved that the method providdsrbgharp edge preservation but is not required

for acceptable noise reduction results.
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3.4.3 Experimental results

Figures 3.4.9 and 3.4.10 show a single frame frotesavideo sequence recorded by a ToF
camera. The left image represents the intensityéméhe right image represents the distance map.
Brighter values indicate closer objects. The distamap in Figure 3.4.9 was not filtered. The distan
map in Figure 3.4.10 was filtered by the algorithmaposed by the author.

Figure 3.4.9 — Example intensity image and ravadis¢ map.

Figure 3.4.10 — Example intensity image and filtetléstance map.

The noise in the distance map is very noticeablegare 3.4.9.A significant amount of noise is
present on all smooth surfaces, such as the fledraom’s walls. What cannot be shown in Figure
3.4.9 is the fact that the noise is different facte captured frame and it changes in time.

The filtered distance map in Figure 3.4.10 contaimsch less spatial noise. The objects’
surfaces are smooth while their edges are shagpsdéne background is also stationary in time.

Figures 3.4.11 and 3.4.12 show re-projections @fvaand a filtered distance map into the 3D
space, respectively. The re-projection was donerdotg to the pinhole camera model with the use of
intrinsic parameters of the ToF camera. Ehaxis direction is determined by the optical axighs

camera.
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Figure 3.4.11- 3D scatter plot of a reconstructathe using a raw captured depth map.
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Figure 3.4.12 — 3D scatter plot of a partially nestoucted scene using the filtered depth map.

The reconstructed scene in Figure 3.4.11 exhibisrge amount of noise. Surfaces that are
supposed to be flat are extremely irregular. Itifficult to determine the room’s shape from the
reconstructed data. On the other hand, the amdunotise in the scene as reconstructed using the
filtered data is significantly reduced while theagh object edges are well preserved. Noise reductio

can be observed especially on flat surfaces.
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Raw data from a ToF camera cannot be used dirfntlyideo and depth fusion. A depth map
obtained by a ToF camera contains a large amouspafial and temporal noise. It also needs a

geometrical correction and distance measuremeibtragbn.
The author has proposed three major pre-procestepg:
- Geometrical correction
- Distance calibration
- Noise reduction

A raw depth map needsgeometrical correctionwhich transforms the distance measured by
the camera to the representation commonly useddpth maps. The necessary correction procedure
is usually provided by the camera’s manufactureweler, the parameters used are embedded in the
correction algorithm. Details of the algorithm aleo usually unknown to the end user. This poses a
difficulty as the camera parameters are requiredfdcther data processing; therefore, the author
proposed to perform the correction externally bingisndependently estimated intrinsic parameters.

This way the parameters are known and the corr@ztcan be used for fusion with video data.

Another important issue is distance measuremeitiratibn. Modern ToF cameras are usually
calibrated internally so there is no need for addittonal calibration; however, in cases when a
camera is not calibrated or it is not calibrated #o particular modulation frequency, external
calibration is required. The author proposedistance measurement calibratiorntechnique which
does not require any other reference distance miegsdevice than the ToF camera itself. The
proposed method assumes a linear relation betweemdF measured distance and the distance that
can be computed using Zhang's algorithm [Zhang_Dljequires a calibration pattern and known
intrinsic parameters of the camera. The methodbeaunsed to calibrate distance measurements or for

verification of a ToF camera calibration.

Data provided by a ToF camera exhibits a large amotinoise. The noise has a destructive
effect on virtual view synthesis that is going ® fperformed after depth and video data fusion. The
depth map noise will affect pixel positions duritig view synthesis which, in turn, will lead to a
distorted image. The author proposedosse reduction algorithm that allows to significantly reduce
the amount of noise while preserving key depth feagures such as sharp edges and smooth surfaces.
The proposed algorithm is based on a motion-adapémporal IIR filter and a spatial bilateral FIR
filter. In order to accurately detect motion, tiéensity image is used instead of the depth map. Th
intensity image provides necessary texture featilnasare not present in a depth map. The proposed
method allows to reduce noise in depth maps wtekeplkng sharp edges intact and introducing no

motion blur effects.
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4. Synchronisation of video cameras and depth camas
!

In a multi-camera system, synchronisation betwedin cameras is mandatory. This
synchronisation is responsible for maintaining astant and equal frame rate among all of the
cameras. It is also crucial that image acquisit@ake place at the same time instant in all of the

cameras.

Incorrect camera synchronisation leads to erronelepth map estimation, and causes moving
objects to appear in different parts of the imdgegach camera. Changes in the objects’ posiaoas
wrongfully interpreted as disparity which, in tugguses errors in depth estimation. Moreover, camer
synchronisation is also very important in a mu#tireera system with video and depth cameras. In
order to conduct correct fusion of video and defata, both the video and depth sequences need to be

synchronised.

In this chapter the author will address camera lsprisation-related issues in multi-camera
systems. The multi-camera systems that are takdarwonsideration consist of video cameras and
depth cameras. Both types of cameras may requiifesent synchronisation signal but need to be
synchronised using the same, reference clock solitee author addresses the problems regarding
conversion between synchronisation signals of diffent types in order to make synchronisation
between video and depth cameras possible. Furtmerntbe author describes his design of a
hardware synchronization signal conversion modulaevhich realises the concepts described in the

following chapter. The detailed description of thevice design is in annex A.

Different types of cameras require different method external synchronisation. The author
considers professional TV production cameras thatused in TV studios along with ToF depth

cameras.

Television video cameras use a synchronisationakigiich has the form of a blank video
frame transmitted according to a particular viddandard (e.g. according to SMPTE 274M
[SMPTE274M]). This type of synchronisation sigratalled dGenlock" signal (an abbreviation for
"generator locking”) [Kovacs_01]. The Genlock sigearries information about complete video
frame timing. The information includes video linelichiters and video frame and/or field delimiters.
A video camera synchronises its internal clock gatoe to the incoming Genlock signal. A field or
frame is delimited by a vertical blanking intervalhich is a period of time during which no active

video data is transmitted.

On the other hand, industrial cameras (such a¥dRedepth cameras considered here) require a

trigger pulse to begin the frame acquisition prec@heTrigger signal has the form of a short pulse
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that occurs once per video frame. The Trigger sigluees not carry precise video frame timing
information. The occurrence of a trigger pulserunds the camera only to capture a frame. A trigger
synchronised camera does not synchronise its mitesiock to the signal; it operates using its

independent clock source.

Cameras that do not provide the means for extesgathronisation cannot be used in a

synchronous multi-camera system. These types oéi@soperate using only their internal clocks.

The major difference between the Genlock and Trigggnal lies in the meaning of the timing
information they carry. The Genlock signal carrfgecise timing information for a whole video
frame, i.e. it contains video line timing informati The Genlock signal is continuous; it is used to
synchronise the internal clock of a camera whiohturn, is used to synchronise all internal video

signal processing along with the data stream output

On the other hand, the Trigger signal does notigeowany frame timing details. A single
Trigger pulse is only an instruction for a camearastart frame capture. A sequence of trigger pulses
does not need to be continuous nor does it haweed frequency. This allows a camera to capture
frames with irregular intervals. A Trigger-synchiged camera cannot derive its internal clock

frequency from it; therefore, the camera operasasguits internal clock generator.

The difference between operation of a Genlocksomised camera and a Trigger-

synchronised camera is shown in Figure 4.2.1:
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Figure 4.2.1 — Comparison of typical Genlock an@jder synchronisation signal timing.

It must be noted that a Genlock-synchronised camperéorms the frame acquisition and data
transmission tasks simultaneously. The camerarigmslata from a previous frame during the current
frame exposition. This is not true for an industdgamera as the data transmission interface is not
synchronised with a Genlock signal. The exampléntynas shown in Figure 4.2.1, describes a camera

which operates sequentially, i.e. data is senttljrafter the sensor exposition interval.
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In this chapter the author will focus on the inflae of camera synchronisation on depth
estimation in multi-camera systems. The author prilvide a mathematical description of disparity
estimation for a moving point in 3D space. Thisadiggion will allow to assess how the motion of a
point influences its disparity estimate when thdtruamera system is synchronous and when it is
not. Moreover, the author conducted an experimenbrder to prove the significance of camera

synchronisation for depth estimation.

During the depth map estimation process, the digpbetween corresponding points in two
images is estimated. In a linear multi-camera systiee disparity value is directly related to the
distance between a point and the camera set inp8Des For a synchronous multi-view sequence,
each multi-view frame represents the scene at éimeesmoment in time but seen from different
positions in 3D space by each camera. When theesequis not synchronous, each view may
represent the scene at an arbitrary time instam. l&ick of synchronisation does not manifest itself
when the scene is stationary; however, for movibjgais a problem emerges. Disparities, estimated
by a depth estimation algorithm, do not necessanform to actual object distances, i.e. they are a

combination of object distance and its motion iafiae.

Let _ be a moving point in 3D space whose motion is rilesd by a constant 3D motion vector

. The position of the point in 3D space at timeganst is denoted aﬂ' . An image of the point is
sampled by a parallel stereoscopic camera systemcameras are placed next to each other along the
x axis of the global coordinate system. Their opticas are both parallel to tkexis. The situation is

shown in Figure 4.3.1.

Baseline

camera "1" camera "0"
Figure 4.3.1 — lllustration of the stereo camerstesy under consideration.

The projection of point at a time instant onto thei-th camera image can be described by
equation 4.3.1:

) 01 (4.3.1)
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wherey”‘ is the position of the projection of poﬂ , Kj is thei-th camera intrinsic matrix arfé and

T, are the rotation matrix and translation vector fioe i-th camera. For a parallel multi-camera
system, the translation vectors contain only thezbatal translation component along thexis as
the cameras are placed next to each other. Moreagethe optical axes are parallel, the rotation
matrices are equal to the 3x3 identity matrix. Asslg that the cameras are identical, their intdnsi

matricesK; are also equal. The projection equation can thesirbplified to:

) T (4.3.2)

After substituting the corresponding matrices am@hfpcoordinates, the equation takes the

following form:

~—
N)Y
I

|y - . - (4.3.3)

where_ , _ , _ are the coordinates of pointin a 3D spacefx andfy are the focal lengths of
projections defined by the pinhole camera modehndc, are the principal point coordinates with
respect to the image framg, is the horizontal translation of theth camera,) , ) are the
coordinates of projection of pointands' is a scaling factor for thieth camera. The scaling factor
corresponds to the distance betweerni{thecamera and the observed point. As the cameegslaced
on thexy plane and oriented toward thexis direction, the scaling factet is equal to the observed

pointz coordinate, hencg' = _ .

In a stereoscopic camera system the cameras aredpéde-by-side horizontally. In that case
disparity is defined as the difference of the hamial coordinates of projections of pobnto each
image plane of a camera. Assuming that the cansmsabelled “0” and “1”, the disparity can be

written as:

J ) K) (4.3.4)
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whered is the disparity expressed in spatial samplingogerand) ; and)y arex coordinates of
projections of point on camera “0” and “1”, respectively. The dispansiue can be either positive
or negative, depending on the ordering of the cameFhex coordinate of each projection can be

derived from Equation 4.3.3:

) — 4z, . (4.3.5)

Finally, for the synchronous stereoscopic systegrdibparity can be expressed as follows:

J — e K_, 4Kz ) (4.3.6)

The disparity value is reciprocal to the distanedwieen the point and the camera set. An
additional factor is the relative translation ot tbameras, i.e. the baseline. Other point cooretnat

thanz do not influence the disparity.

If the system is not synchronous, Equation 4.3.6onger applies as the observed position of
the moving point_is different for each camera. Let us assume taeca 0 samples the scene image
at time instant, while camera 1 does so at time instantEquation 4.3.6 now takes the following

form:

K= . (4.3.7)

Assuming that the motion of pointis constant and described by a vectpwe can substitute

_H —Jor _ and_"H —Jor _ . This results in the following Equation:
TR S
J o (4.3.8)

where t is the time difference between frame acquisitibthe two unsynchronised video cameras.

According to equation 4.3.8, the relation betwemspalityd and the distance of the observed point
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is no longer reciprocal. The disparity value iosgly affected by the motion of the point and no

longer represents the distance to an object.

In the following tables, several numerical exampée shown of camera synchronisation
influence on depth estimation. Table 4.3.1 presér@parameters of an example stereoscopic system.
Table 4.3.2 shows the disparity values estimatedifterent objects moving with different speeds fo
a synchronous and a non-synchronous system. $sigm@ed that the delay between frame acquisitions
of two cameras in the non-synchronous system maghZ0ms which is half of the frame period for

a 25 fps camera.

Table 4.3.1 — Parameters of an example stereossggliem.

Parameter: Value:
Camera resolution [px] 1920x1080
Image sensor size [mm] 5.76 mm x 3.24 mm (3.0 patigipsampling period)
Lens focal length [mm] 6 mm
System baseline [m] 0.25m

Table 4.3.2 — Disparities estimated for a movinggobfor a synchronous and non-synchronous steopasc

system.
Lateral Disparity [pX] Disparity [pX] Disparity
Object Distance (synchronous (non-synchronous | estimation error
speed
system) system) [pX]

A walking man 10m 5.0 km/h 50.00 55.50 5.5
A cyclist 10m 15.0 km/h 50.00 66.60 16.6
A moving car 10m 30.0 km/h 50.00 83.3 33.3

It should be noted that the disparity is not aidcby a vertical motion of the object, provided
that there is also no motion in thalirection. However, as the object position onithage changes,
the depth estimation algorithm may not be ablértd the correct correspondence between appropriate

points of the object, as the search is usuallytéichto the horizontal direction only.

Experimental results

In order to test the influence of camera synchaiiws on the state-of-the-art depth map
estimation, the author conducted an experimentgusive “Poznan Street” reference multi-view
sequence [CFP]. The original sequence containeWsyidepth maps are available for cameras 3,4 and
5. For the considered multi-view sequence, two ldepaps were estimated for camera 4 using a
camera pair formed by cameras 3 and 4. The softused for depth map estimation was DERS 5.1

reference software [DERS] with a configuration file specified in the original publication for the
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sequence with some minor changes [Domanski_15].s€n@-automatic depth estimation mode was
changed to a fully automatic mode. In order toneste depth using only two views, the centre camera
was set to camera “4” while the left and right cemsevere both set to camera “3”.

The following set of images, as shown in Figure.Z,.presents depth maps estimated for a
synchronous and simulated non-synchronous verdigheosequence. The depth map shown on the
left was estimated for the synchronous sequence.depth map on the right was estimated using an
identical parameter set, but the colour data fonera “4” was shifted one frame backward in time

with respect to the camera “3”.

Figure 4.3.2 — Depth maps for camera “4” of theZ®an Street” sequence as estimated for a synalsono

system (left image) and for a simulated non-synebus system (right image).

Depth maps obtained for the non-synchronous capeiraexhibit false disparities on moving
objects (the car), while the background remaingfaogd. This phenomenon is visible on the moving
car as it changes its horizontal position in tinmithin the image frame. Depth values in that regibn

the image are different than they are on the codepth map for the synchronous system.

There is very little information available in thgerature regarding conversion between different
camera synchronisation signals. There are soureakngd with general issues regarding frequency
conversion, e.g. Calbaza et al. proposed the imgi¢ation of a digital phase locked loop (PLL) for
application in Genlock-synchronised systems [Calb@4]. Unfortunately, the solution proposed by
Calbaza et al. does not address the problem ofecsion between different synchronisation signals.

The author did not find any literature directly dead to this matter.

4.3.1 Conversion from a trigger signal to a Genlockignal
The method requires the derivation of a high freqyereference clock signal (used later for
Genlock signal generation) from a trigger signalohtas the form of periodic pulses [Calbaza_01].

Unfortunately, this approach is very sensitivertput signal jitter. The term "jitter" relates to a

phenomenon that can be observed as short-termdpesmnal frequency deviation from its desired
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long-term frequency. The problem with jitter istthdhen the frequency of a signal is being multighlie

its jitter is also being multiplied by the samettac Typically, trigger pulses occur once per video
frame (a frequency of tens of Hz), and the Genkigkal requires a reference clock of a frequency of
tens of MHz. The apparent range of the requiredipiigiation factor makes the reference clock very

sensitive to any jitter present in the trigger sign

Jitter present in the Genlock signal is very munbasired since a synchronised camera uses it
to derive its own internal clock frequency. As aulg the camera may not be able to lock its iratkern

clock source to the Genlock signal correctly.

4.3.2 Conversion from a Genlock signal to a triggesignal

The approach based on the derivation of a trigggrasfrom a Genlock signal is less prone to
jitter than the previous method. There is no rexugnt regarding frequency multiplication. The
frequency of pulses in a trigger signal is equaht frame rate, which is significantly lower thidue
clock frequency embedded in a Genlock signal. Fergy division reduces the jitter, hence the

frequency of the derived trigger signal is mordokgtan time.

A trigger pulse occurs once per frame. The congarsiom a Genlock to a trigger signal
requires proper detection of frame/field delimiterdshe Genlock signal. In a progressive scan gyste
there is a single vertical blanking period for anfie. In an interlaced system there are two vertical
blanking periods for each field. Figures 4.3.1 dr2l2 summarise the structures of a video franmee in

progressive and interlaced scan system.

-
- T T T Vertical blanking
interval
. Active video
Lines .
lines
Vertical blanking
R . interval
\\
Frame boundary
A " A
Horizontal Active video Horizontal
blanking interval pixels blanking interval

Figure 4.3.1 — Structure of a progressive videm&a
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Figure 4.3.2. — Structure of an interlaced videorfe.

A trigger pulse should be issued for every vertldahking period which is a frame (not field)

boundary.

4.3.3 Proposed solution
The author proposes tierive the trigger signal from the Genlock signal This method is less
prone to clock jitter and provides more flexibilég the output trigger signal does not need to tpmp

with any strict timing constraints required by atjgalar video standard [SMPTE274M].

The conversion method, as proposed by the authdrased on issuing a single trigger pulse
after the frame delimiting vertical blanking peritigat is present in the Genlock signal. The progose
method allows to introduce a fixed delay betweenftame delimiter and the trigger pulse. The delay
is required to compensate for the difference betwibe actual image capture time instants in the
Genlock and trigger-synchronised cameras. The delalso needed to compensate for the trigger

reaction time of a trigger-synchronised camera.

The proposed method can operate for both progesspan systems and interlaced scan

systems. Figure 4.3.3 illustrates the principle@ération of the proposed conversion method.
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Figure 4.3.3 — Timing relation for a trigger sigdalrived from a Genlock signal used in the propcs#dtion.

The proposed method can provide a periodic trigigamal with a very stable frequency as no

clock frequency multiplication occurs.

Derivation of the trigger pulses from a Genlocknsilgalso provides the means of triggering the
frame capture only at particular frames and fogrneaved triggering of multiple cameras. Interlehve
triggering is important when a camera (especiallijo& depth camera) has a longer exposure time
than the frame rate period. Multiple ToF camerag bwtriggered sequentially, and each of them will
then provide a depth sequence with a lower frante tlaan video cameras. All of these depth
sequences may be combined via the video and deyionf method that is described in this
dissertation. This will allow to obtain a high gigldepth sequence for a video camera while taking
advantage of the longer exposure time of each it ToF camera. This is not possible in the
opposite approach, as the Genlock signal must bencmus and comply with the appropriate video

standard which, in turn, enforces a particular fixet frame rate.

The conversion between a Genlock signal and adrigignal requires a hardware device
dedicated to this task. The device must be ableotoectly decode an input Genlock signal and to
generate output trigger pulses according to theélabla synchronisation informatiorthe author
proposes a design of such a synchronisation transilan device.The proposed design is based on a
field programmable gate array (FPGA) chip whiclsustable for high frequency signal processing.
The block diagram of the architecture of the pregodevice is shown in Figure 4.3.4.
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Figure 4.3.4 — Block diagram of the synchronisas@mnal conversion device proposed by the author.

The device consists of an FPGA chip with additioimgdut and output signal buffers and
communication interfaces. All of the synchronisatioformation processing takes place inside the

FPGA chip. The device can perform the followingdtions:
- conversion from a Genlock signal to a trigger signa
- programmable delay between the Genlock verticailkita interval and output trigger pulse
- independent triggering of up to four cameras

- programmable triggering of cameras only for sekbctleo frames according to the input

timecode signal.

The two input analog comparators are required epgnly decode the tri-level synchronisation
pulse which is present in the Genlock signal fdfull-HD video [SMPTE274M]. The third analog
comparator is used for the timecode signal inpute Togic level converters provide signal

conditioning for the output trigger pulses.

Detailed information about the proposed designlbmafound in annex A.

Synchronisation in a multi-camera acquisition systs crucial for any processing which
incorporates inter-view image relations. Lack ohdyonisation in a multi-view video sequence
causes improper depth estimation as disparitiesdsgt neighbouring views are caused not only by
different camera positions but are also a resudtbjéct motion. This leads to an estimation of lidva

depth maps that does not reflect the distance legtitvee camera and the scene.

A synchronisation converter is a dedicated devib&kis able to translate the synchronisation
information between different synchronisation slgnsuch as the Genlock signal and the trigger

signal. The device is required for a multi-cameystem that consists of different types of cameras
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using different synchronisation mechanisms (vidame&ras and ToF cameras). The synchronisation
converter must be aware of the time delay betwikersynchronisation information delivered to each
camera and its actual sensor exposure time in dadgroperly synchronise these time periods.
However, the author has found that for some cantbmdelay can have a random value and therefore
is unpredictable, which makes accurate synchraoisamnpossible to achieve. Fortunately, when the
range of delay is relatively small as comparedhi dverall sensor exposure time and video frame

rate, the unwanted effects are negligible and ystemn may be considered as fully synchronous.

In this chapter the author proposed a method af/atewn of a trigger synchronisation signal
from an input Genlock signal. The proposed methtmiva to synchronise sensor exposure timing

between different types of cameras.

Moreover, the author proposed the architecture syrechronisation signal conversion device
based on an FPGA chip. The details of the designbeafound in Annex A. The author managed to
manufacture such a device himself. The device wead in all of the multi-camera system acquisition-

related experiments performed by the author.
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In this chaptethe author preser the method he proposes for thesion of video and dept

data The proposed method candivided into two major steps:

- transformation of depth data into a video camerae followed by aggregation of depth d:

from multiple depth camer,
- fusion of video and depth d.

In the first step, data from one or more depth cases transformed to a video camera spac
This step $ necessary as both cameras cannot be positioni isame point a 3D space. The

transformation compensates the difference in their view points and directions.

During the second stefhe transformed depth data is fused with the vida@. The fusion i
done via an augmented depth estimation algorithnclwaccept additional depth cues provided
the depth camera(s). This allo to takeadvantage of both stereo matching and deptasurement.
The algorithm uses depth confidence data in olergkea decision whether to use captured dept

stereo correspondence.
A block diagram of the algorithm proposed by théhauis shown in Figure 5.1.

Depth data Depth confidence
Video data (multiple cameras multiple cameras)

WUV N Y

Depth & confidence data transformation

TFansformed Fansformed
depth data depth confidence

Wy by

Depth & confidence data aggregation

! v

Video data for Aggregated Aggregated Video data for
left side view depth data depth confidence  right side view

Ny v v

Video & depth data fusion

!

High resolution
depth map

Figure 5.1.1. — Bck diagram of the proposed video and depth fuaigorithm
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The confidence data is derived from measured anadidata. It provides information about a
particular distance measurement certainty. Theidente is required by the fusion process as it

allows to make the decision whether to use ToF areasent or stereo correspondence information.

Because the proposed fusion algorithm takes adyarté stereo correspondence, more than
one video view is required. The left and right sidews are necessary to provide these
correspondences. These views are videos captureddional video cameras located left and right

of the centre camera for which the depth is beusgd.

It is physically impossible to place video and thepameras exactly at the same location in 3D
space. There are systems that use a mirror rigrnolae such a condition [Simanek_01], but despite
all efforts it is impossible to align them accuhatenough that their images will perfectly overlap.
Therefore,a transformation is required in order to transform depth data into a video camera
space For such a transformation, both the intrinsic arttinsic parameters of both cameras need to
be known. What is more important is that depthnmiation for the source camera image is required.
Since depth cameras provide depth information by thature, the depth data that they provide can be

transformed to a video camera space without thd faeeprior depth estimation.

5.3.1 Transformation of depth data

Problem statement

Depth data from a depth camera needs to be transtbto a video camera space. An obvious
method would be to project all of the depth pixate the 3D space and then project them back onto
the video camera space according to the DIBR tecien[DIBR]. However, the large discrepancy
between the resolutions of both cameras poses khlepno When low-resolution depth data is
transformed into a high-resolution image, the iteisuh sparse depth map. Sparse depth map samples
cannot be used for interpolation of a dense map.réason for this is the occlusion effect. Duehto t
change in view point and its direction, depth sasphat define objects with different distances may
be interleaved in the target image space. This makect interpolation of the transformed sparse
depth data impossible as there is no way to défisecorrect depth value in such areas. Figure 5.3.1

illustrates the problem.
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Figure 5.3.1 — lllustration of the low-resolutioapth map transformation into a high-resolution imapgace.

Solutions known from the literature

There are several solutions known from the litgeatthat address the problem. Lee et al.
presented a method of depth and image data fusimg & direct per pixel transformation of depth
samples into a high-resolution image [Lee_02]. Arage segmentation technique was introduced
which incorporated colour features and is basethermean-shift algorithm [Comaniciu_01]. In the
described method, each segment is assigned aal defpth value which corresponds to a transformed
depth sample. As a result, an initial depth mapresated. The initial depth map is then processed
further. To overcome the occlusion problem, asrilesd in this chapter, each segment is assigned not
one but multiple initial depth values. Every possiitial value is taken into account during the

processing.

A similar technique was used by Kang et al. [Karg], &ho proposed to directly transform
low-resolution depth data into a high-resolutiogreented image. The image is segmented using
colour features. Each image segment is assignetipieudepth candidates. The depth of a candidate is
computed by averaging the transformed depth sangles a local neighbourhood. The size of the
local neighbourhood is chosen adaptively accortirtpe size of the disocclusions present aftertdept
data transformation. The final depth value for eaeiment is calculated by weighting all of the

candidates according to their distance from théroihof a segment.

Eichhardt et al. propose an algorithm for depth mppampling which takes advantage of a
color “guide image” [Eichhardt_01]. Unfortunatetipe author cannot incorporate this approach as in
his work as the algorithm introduced by Eichhardtle does not provide means for occlusion and

disocclusion handling which is critical for the laot's approach.
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Plank et al. introduce a depth and video data fusiethod which also incorporates depth map
upsampling using a color guide image [Plank _01]e Tdepth map is upsampled after being
transformed to the video camera space. Howeveaheim approach Plank et al. use ToF and colour
sensor which are very close together. The autherumable to place cameras that he used that close

together hence the method is not suitable forysges.

All of the techniques as described in the literatare based on depth transformation followed
by depth up-sampling. This inevitably leads to eemus depth in disoccluded areas. The depth
samples in the disoccluded areas should be markathlknown instead of having an interpolated
depth value. Because the transformed depth maarses, there is no way to reliably determine which

areas are actually disoccluded nor to determinie shape.

Proposed solution

The author proposes a different approach based@wganstruction of a triangular mesh
using 3D coordinates of the captured depth map sangs projected onto the 3D spacelhe 3D
mesh can then be projected back onto an image .pldugeprojected mesh will maintain its structure,
thus allowing interpolation of depth, data assedatvith its vertices, with full occlusion and

disocclusion handling.

The input data for the mesh construction is a §@omts in 3D space. These points form the
vertices of the mesh. Each vertex can be assigdddianal attributes, such as confidence of the

distance measurement.

A basic primitive of a 3D mesh is a triangle fornm®dthree vertices. The most widely known
technique for the construction of triangular mesisethe Delaunay triangulation algorithm [Su_01].
The algorithm allows to create a triangular mesimfian unstructured point set. Unfortunately, there
are several reasons why the author chose not tat.ub@st, the result of Delaunay triangulation
depends on point coordinates and on the order inhathe points are added to the mesh. That would
lead to completely different triangulations for senutive temporal frames of depth map sequence.
The second reason is that the point set is stemtturhich allows to use much simpler, less

computational expensive approach.

Due to the rectangular structure of the input dejatia structure (2D array), the author proposes
to construct a mesh using quadrilaterals insteadasfgles. Each quadrilateral of the mesh is farme
by four neighbouring points of a depth map. Asihot possible in general to have four co-planar 3D
points, each quadrilateral must be composed ofrémmim of two triangles. The author proposes to

construct quadrilaterals using four triangles adicay to Figure 5.3.2.
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Figure 5.3.2 — lllustration of the quadrilaterahstruction scheme proposed by the author.

A quad is described by four corner vertidestl,, ti, . and the centre vertdk. The centre

vertex parameters (coordinates, colour, etc.) ar@varage taken from among all the other vertices.

In order to transform depth data into a video cansgace, the triangular mesh is projected onto
the camera image plane. The projected mesh mainigénstructure, which allows to perform

interpolation of the destination pixels using thraipbrdinates and depths.

The interpolation is done independently for eadmngle of a quadrilateral in the 2D space of
the destination depth map. For each destinatiorl pits barycentric coordinates [Coxeter_01] are
computed within the triangle that the pixel belotgsThe barycentric coordinates of a pgif¥inside

a triangle with vertices, &and ™re computed according to the following equati@xeter 01]:

LE K N+ K , L KENL K N
< - — (5.3.1)
IE K N4 K , L KE&NLS K N\
1§ KEN4) K , 48K , L) K N
< . —— (5.3.2)
LEK N+ K , L KENLSE K N

Z K> K (5.3.3)

whereu, v andw are the barycentric coordinates of pgitMPoint)™actually belongs to the triangle

when all the barycentric coordinates belong toth®, 1.0> interval and are dimensionless.

The barycentric coordinates are then used as veefghtinterpolation of the depth data using

known values associated with triangle vertices. ifiterpolation formula is given by equation 5.3.4:
JH, > J4§, JL&N Z J+, (5.3.4)
whereJH™is the interpolated depth at po)ft

Figure 5.3.3 shows an example depth map capturedTgF camera after preprocessing along
with its projection onto a Full-HD video camera geaspace using the technique proposed by the

author. The source ToF camera is located on ti oigthe target video camera at the same height.
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Figure 5.3.3 — lllustration of thdepth map transformation using the proposed tecienifhe left image sho
anoriginal depth map while the rigimage shows th#ansformed depth map. The blecolour on the

transformed depth map indicafan unknown depth value.

The transformed depth data does not cover the whwge area. This is due the different
field of views of both cameras in conjunction wilteir relative positions in space. Areas where tt
is no depth data available are markean unknown depth.

As the mesh represents a continuous su, a problem arises in tltksoccluded are, i.e. parts
of the scene that are visible by the target vidawera and ar@ot visible by the source ToF came
In such areas the rendered surface should not inagous. The author proposes to handle n

surface discontinuities by removing quadrilatethi fulfil certain conditions.

The author proposed to rove quadrilaterals which extent along thaxis is greater than

threshold valugh. Thez axis extent of a quadrilateral wiverticestl , til,, il 1l is defined by the

equation 5.3.5:

onng LT T Ty TgMK{yult 1, 1, tg M (5.3.5)

whereZqntiS the range occupied by the quadrilatereZ dimension. The author proposes to rem
guadrilaterals for which th&.e, value exceeds the threshold param#ieThe method is illustrate
in Figure 5.3.4.
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Figure 5.3.4 Hlustration of disocclusion halling in the mesh constructic

The value ofZgn for the quadrilateral marked in redxceeds the thresholhence it is
removed from the mesh. Figure 5.3.5 shows a tramsfd depth map using the proposed techni

The disoccluded areas are ndiscontinuou: as they are supposed to be.

Figure 5.3.5 — lllustration of thendered mesh @ 3D scene with digzlusion handling. The blaccolour

indicates an unknown depth value.

The choice of the threshold parameth is arbitrary howevelts value should not be lower th
the distance measurement resolution of the ToF @niasing on parameters of Mesa ling
SR4000 ToF camera used by the author (which arensuised in table 2.6.1) [SR4000] the aut
proposes to set the valuetbfto 10cm

Conclusions

A depth map transformation using mesh constructiahpaojection provides an accurate me
of depth ifformation transfer betweeow-resolution ToF cameras and higésolution video camers
There are no ambiguities during interpolatio thedepth samples are not transformed independ

(as is done in the DIBR technique) but within austure that keeps their mutual relations. 1
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ensures that the depth samples which representltjects at different distances will not be scattere

over the same area of the destination depth map.

The proposed method does not depend on coloumiafiton as the other various techniques
described in the literature do. Because the streab the mesh is known there is no need for any
further decision to make as to which area of th&idation image is to be assigned with a particular

depth value.

5.3.2 Aggregation of data from multiple depth cameas

Problem statement

When a multi-camera system has more than one daptiera,data from all the depth
cameras can be aggregatedvhich yields a wider field of view (more sceneverage) and better
depth measurement accuracy. However, the most tamtdoenefit of multiple depth cameras is the
ability to create a full and disocclusion-free 3Eese representation; therefore, in this chapter the

author presents his method of aggregation of data multiple depth cameras.

Disocclusion occurs when a part of the scene ibleidy a target video camera and is not
visible by a source depth camera. This situatialustrated in Figure 5.3.6. Lest us suppose tiherte
are two depth cameras oriented toward the sametidinewith a video camera between them. The
scene contains a single object located in frona dfat background. Each individual depth camera
cannot see the part of the scene behind the objeich is visible to the video camera. As a result,

each depth camera provides an incomplete 3D sepnesentation.

Reconstructed Reconstructed
o surface N\ l surface S
\ Field of view™. .~ ~._ - Field of view ;
\ boundaries > _><_ boundaries /
Depth Video Depth Depth Video Depth
camera camera camera camera camera camera
Surface seen by the left depth camera Surface seen by the right depth camera
(the black line) (the black line)

Figure 5.3.6 — lllustration of scene fragments #ratvisible by each depth camera (black thick)limde Figure

shows the scene and the camera setup as viewedbove.

Fortunately, in the specific camera positions aswhin Figure 5.3.6 there are no parts of the

scene that are covered by the field of view of\tltkieo camera and are not covered by the field of

98



view of any depth camera. This is illustrated igUfe 5.3.7. In such a situation a complete depth ma
of the scene can be generated for the video cambearepresentation will still not fully resembleet

scene as there are still areas that are not vibyplany of the depth cameras. However, this is not
important since for correct video and depth datofu only parts of the scene seen by the video

camera are required to have known depth information

Reconstructed

Y “.surface ~

" Field of view,

" "~._boundaries /
Depth Video Depth
camera camera camera

Surface that can be reconstructed using
data from both depth cameras

Figure 5.3.7 — lllustration of scene fragments ttaat be reconstructed using data from both deptiecas
(black thick line).

The question arises as how to aggregate depthiatarn in areas that are visible to more than
one depth camera. From the theoretical point off ¥fee measured distance values should be identical;
however, due to various factors such as light cafles, inaccurate camera parameters or depth

camera calibration these values may differ.

Proposed solution

The author proposes to aggregate data from muldigieh cameras by taking the farthest depth
among all the available depth maps at every spatiation. In areas where there is only a singl&lva

measurement, its value should be taken directly.

Taking the farthest depth allows to resolve prolslemith disocclusions. When a disocclusion
happens, a part of the unknown background thatomasred by an object should be revealed. The
background is always farther than the object anlitalways be farther than the depth that can be
interpolated using data at the disocclusion areanttaries. By taking the farthest depth during
aggregation the known background data from theratépth camera will always take precedence over

the interpolated depth data.
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A block diagam of the data flow is presented in Figure 5.31& first stage transformation
of a depth map into aideo camera space according to the algorithm destrin chapter 5.3.1.

During the second stage afi the transformed depth maps are aggregated aiccptd Equation 5.3.1.

T,
_, "

Figure 5.3.&- Block diagram of ToF depth map aggregatio

Measured distance values are used for aggregatsteaid of depth valueThe value of each

sample in the aggregated depth map is computeddiagdo the following quation

{ + s g (5.3.6)

wherez is thedistance value (the depth sample for theth transformed input depth map &

zis the aggregated distance valN is the number of input depth maps.

The illustration in Figure 5.3.8 showransformed depth magesr the video camera using d:
from thedepth cameras. The cams are placed in thepace according to Figure 5.3The depth
maps were obtained using the mesh rendering tesdas described inhapter5.3.1. The left-hand
image shows aepth map obtained using only data from the lefitlleamer, while the right-hand
image shows aimilar situation for the right depth camera. Btigixels indicate close objects wh

dark pixels indicate faobjects.The black areas indicatenknown depth values. The disocclus

effect manifests itself as tfishadow” cast b the foreground objects onto thackground object

Figure 5.3.8. -Depth maps obtained using a single depth camefairhage— thedepth camel was located to

the left of the video cameradght image— the depth camera was locatedHe right of the video came



Figure 5.3.9 shows a depth mafter aggregation accard) to the method proposed by f
author.A large number of areas where the depth value wiBsawn due to the use of a single de
camera werdilled with data from the othecamera. Alsothe fused depth map data cced a larger
area of the image as itiple depth cameras provita much wider joint field of view. The remainit
areas with arunknown depth value indicate parts of the scenetwhre not visible by any deg

camera.

Figure 5.3.9. — Aggregatatépth map which is the result of joining 1 depth maps that were obtained fr

individual depth cameras.

Conclusions

The proposed method of depth diaggregation allows to merggata from multiple dept
cameras without much computational overhead. Thiaaodes pixe-based andloes not make u of
the scene structure whosmalysis requires complex algorithms. Moreover, itiiethod proves it
reliability even when disoccluded areas were noperly identified during transformation of dej
data to a video camera spatrethis case taking the farthedistance measurement allows to prop
reconstruct thenissing information. When interpolating a surfaseroa disoccluded area using d
from one depth camera, the resulting surface Wilhgs belocated closer to thedeo camer than the

invisible disoccluded backgrou.

n ! )
During the fusion of video and depth data stepiridesformed low spatial resolution depth ¢

is merged with high resolution video data. Literatprovides several approaches to tiroblem.

Evangelidis et al. propose a method based on blécal maximum a posteriori optimizati
[Evangelidis_01]. In the approach, the fusion idaoted by solving a series of local ene
minimization hierarchically, by growing sparse igitdisparties obtained from the depth data. ~
idea is similar to proposal of the author of thissdrtation (described in this chapter), howew

incorporates only local optimizatic

Plank et al. [Plank_01] propose an algorithm whigffiectively describes aolution to

transformation of data from a depth sensor to ao/ichmera space. The transformation is followe
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image guided up-sampling of the depth data. Plam@k elaim that their method is suitable for sesso
with resolution of 288x256 for depth and 640x4860 yaeo. Unfortunately, the author uses sensors

that exhibit much larger discrepancy in resolutitverefore more elaborate technique is required.

In order to fuse ToF depth data with video camerage datathe author proposes to modify
the DERS depth map estimation algorithmbased on global energy minimisation [DERS]. The
incorporation of ToF is performed via modificatioof the cost model so that both stereo

correspondences and ToF measurements are used.

5.4.1 DERS depth map estimation algorithm

The DERS depth map estimation algorithm is based global energy minimisation which is
performed using the Graph Cuts algorithm [Boyko\. 0he global energy minimisation is preceded
by initial cost estimation using stereo matchinge &lgorithm requires three images (left, centig an
right) instead of two. This allows to handle ocabas that are inevitable for a stereo camera setup.
The depth map is estimated for the central viewgistereo correspondence of the centre to left and

centre to right image.

The DERS algorithm can operate in a fully automatade (video analysis only) or in a semi-
automatic mode. The semi-automatic mode allowsdaually provide additional depth cues that can

be used by the global optimisation algorithm.

The algorithm is developed and maintained by theEMRyroup. It is implemented with all of
its variations in the DERS (Depth Estimation RefieeeSoftware) [DERS].

The algorithm operates on a rectangular grid oélgixThe resolution of the grid is equal to the
resolution of the estimated depth map. A globalrgnécost) function is defined for each spatial

position of the depth map. The function has thietdhg form:

g+, X L) H.,N X Tj)) H, DN (5.4.1)
7PY ZP;PgYa

whereE is the energy functior® is the set of all pixels ar@ is the set of all pixel pairs.

Functionf defines the relation between an actual estimatgathdor disparity value and its
corresponding numerical label used by the optinasatlgorithm. This is necessary as depth/disparity
values are in general fractional numbers, hencg tamnot be used for indexing directly. The

mapping is required as the number of possible digpaalues under consideration is finite.

The cost functioD defines the cost of having a particular labeldach pixelp;. It informs us

how well a certain label “fits” into that pixel, hee it is often known as the fitting cost functidine
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higher the cost, the less likely a pixel is to havgarticular label. The function is three-dimensicas

it depends on the spatial position of a pixel dadaibel.

The second cost functiod defines the cost of having a labi@h) for pixel p; under the
condition that pixep; has a labél(p;). Essentially, it defines how good two image piXélseach other
with their given labels. Functiovi is known as the cross cost function. Lower cokiesfavour that a
given label pair be assigned to a specific pixét. géor simplification of the optimisation algorith
and to reduce its computational complexity, onlg thfluence of neighbouring pixels is taken into
account, hence the sBtcontains only pairs of neighbouring pixels. In g, all possible pixel pairs

should be taken into account.

The DERS algorithm requires three views (left, cer@nd right) instead of two for occlusion
handling [DERS]. For a stereo image pair thereahmays parts of the scene which are visible by one
camera and not visible by the second one. In &tbaenera setup there is no place which is visible t
the centre camera and not visible by any of the saneras. The depth map is estimated for theecentr

camera whereas the other two cameras provide iaftsmabout disparity cues.

The depth estimation algorithm relies on certamilgirity metrics that can be derived from
image features. These metrics constitute the costibnD used in the global optimisation algorithm.
The most common cost model is the SAD metric corgbfior image blocks. These image blocks are
formed by taking the neighbourhood of a given piXéle SAD metric is computed for a block in the
reference (centre) image and its correspondennénad the side images for a given disparity value.

Different metrics can be used, such as SSD.

As there are two stereo pairs for three input viethie final value of the cost function is
computed by taking the minimum among the costs ctetpusing centre-to-left and centre-to-right
block matching. This results in taking the bestahdbr each block from either the left or rightesid

view.

On the other hand, the cross-cost funcifas modelled using the following equation:

")) H, DN ¥r4,K LN (5.4.2)

where is a smoothness coefficient, which is used to robrthe smoothness of the depth map by
changing the amount of additional cost (penaltg)gaeed to neighbouring pixels with different labels

The lower the penalty, the smoother the depth raapthe optimisation algorithm tends to choose
labels that correspond to similar depth valueghéoriginal algorithm the function does not depend

on any image features nor on absolute pixel coatdmin the estimated depth map.
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In the fully automatic mode, cost data is compuisihg image features only. There are two
modifications that allow for semi-automatic opesatby providing additional manually entered depth
cues [Tanimoto_01]. Semi-automatic operation isvedid by providing a manually drawn depth map.
Such a depth map can be sparse. It is assumee ialgbrithm that each manually provided depth
value is certain and therefore it propagates tHiahg global optimisation procedure unchanged. An
edge map can be provided along with the manualhdeyatp. The edge map is a binary map that
defines the edges of the colour image. Unfortugatbe edges can be specified only as binaryane.

edge that is either present or absent dramatidefiyades the flexibility of the mode.

The semi-automatic depth estimation mode is naalsig@ for incorporation of data from depth
cameras as the author intended at the beginnihggsaésearch. In this chapter the author provides h

solution to the problem that is based on a modificeof cost function models.

5.4.2 Modification of the fitting cost model
The author proposes to incorporate depth datareasded by one or more depth cameras, into
the state-of-the-art depth map estimation algorithhe idea id¢o incorporate additional depth cues

into the cost model prior to the global optimisatio stage which remains unchanged.

The fitting cost functiorD will now depend on the stereo correspondence rfiemtand also on

data provided by the depth camera, i.e the measlistahce and the confidence of this measurement.

The cost data that comes from stereo correspondenoeant to provide depth cues in areas
where image features are reliable for disparitynegton and for some reason the depth camera
measurement exhibits low quality (confidence). $tezeo correspondence features are also to be used
for image areas where there is no depth cameraagtatiable. The depth data should be preferred over
stereo correspondence everywhere where its coridisrhigh. This ensures the correct choice of the

final depth value if the stereo correspondenceigseliable.

The fitting cost function depends on the spatialrdmates of a pixel and on the label of the
candidate disparity value. Generally, a fitting tcbenction should have a single minimum. The
minimum indicates a disparity that correspondshioliest stereo match for that pixel. The following

two figures show an example image and the fittiogt unctions for given spatial pixel locations.

Figure 5.4.1 shows the luminance of a single frdirom the “Poznan Street” sequence from
camera 3. There are three characteristic pointsatigamarked, and each one indicates the centie of
3x3 pixel block. Figure 5.4.2 illustrates the fiti cost curves for these points. The cost was ctedpu
using the SAD metric for luminance only. The disfyavalues indicate disparities between images of

camera 3 and camera 4.
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Figure 5.4.1 — Bgle frame from the “Poznan Street” sequence witttked point:

Fitting cost examples
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Figure 5.4.2 — Bt of fitting ccst curves for points marked in Figure 5.

Unfortunately, a depth camera does not providd afs#isparities along with their fitting cos

Instead it provides single depth value for each pixel along with infation as to how confident tl
measurement is. Therefdiee author proposes to use a cost modelling functi that will be used to

compute costs faall considered disparity values. The proposed fands parameterized so its sh

depends on the single depth value and its confalprmvidd by the ToF camer.

Fitting cost functions
The author proposesa set of cost function that will be used fomodelingof the fitting cost

for data obtained from a depth camera. Each optbposed functics hasa set of features that
similar to the fitting cost function computed usstereo matching. Thigting cost function must hav

a single global minimum for a given disparity vathat is supposed to be optimal for a given pi
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The function should rise monotonically along withe tincreasing difference between the given
disparity and the one for which the minimum existke greater the difference between the given

depth and argument, the higher the cost of sebpttiat value for the optimal choice.

The author introduces a base cost function thedjisl to the absolute difference of a given best
disparity value and the disparity considered bydp#@misation algorithm. The base cost function is
defined by the formula:

S4, WKJII (5.4.3)

whereg is the base cost functiod,is a possible considered depth value dni the depth provided
by the depth camera. The base cost fundgiathen used to derive the actual cost functicedusr

modelling of the fitting cost terD.

The author suggests a set of fitting cost functitias are to be evaluated for their performance

in the depth map estimation process. These fureaos denoted &3(d):
- Linear slope
The linear cost function model is given by the diqui
[ S, (5.4.4)
where a is the coefficient that controls the slopthe cost increase.
- Quadratic slope

The quadratic cost modelling function rises alorithwhe squared difference of disparities. The

function is given by the equation:
4], §4J,* (5.4.5)
where a is the control parameter.
- Inverted Gaussian shape

The third model uses the inverted Gaussian fungjiieen by the following formula:

4] K, Ter (5.4.6)

where the parametercontrols the Gaussian curve shape.

For each proposed cost model the value of O inelicdte minimal cost and the value of one

indicates the maximum possible cost. For the lilear quadratic model, the value of the functibis
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clipped so that it is always lesser or equal to. die Gaussian function is always lesser than oaleq
to one by its nature.

The following figures show the plots of example lissions of the proposed cost model
functions fordy,=25 and a disparity range from O to 50 pixels.
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Figure 5.4.3. — Three example realisations of itied cost function defined by formula 5.4.4.
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Figure 5.4.4. — Three exemple realisations of itied cost function defined by formula 5.4.5.
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Figure 5.4.5. — Three exemple realisations of itied cost function defined by formula 5.4.6.
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The author also proposes to use a step cost ndekektep function has a constant value of zero
for a specific range of depth values and a valuenef for the others. The cost model function i®giv

by formula 5.4.7:

WK JII2 C

5.4.7
2\ "Z YI, ( )

whereb is the control parameter that controls the widtkthe zero cost range. Figure 5.4.5 shows the

plots of three example realisations of the propaded cost model function.
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Figure 5.4.6 — Three example realisations of tBp sbst function defined by formula 5.4.7.

The reasoning behind the choice of function shapiat the depth value as provided by the
depth camera may not be the actual correct deptltdrube close to the correct one. The step cost
function allows for a range of possible depth valte be treated by the processing algorithm as
equally probable. In this case, possibly corregithiénformation from the neighbourhood of a pixel

can be propagated without any additional cost pgnal

For disparities that are very different from thewamed optimum given by the depth camera it
makes no difference which one will be chosen aofathem are invalid. The correct disparity is
usually close to the depth camera measurement.raitigs the following question: Does the fitting
cost function have to increase along with the digpdifference or is there a point where the dittga

difference is so large that a maximum cost valuikhbe selected?

The author proposes a modification to the previpdsiscribed cost function set which is given

by the following formula:

D, 4, VK2 C
I ’

5.4.8
2\ "ZYI, ( )
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where b is the factor that controls the maximum dispadijference. Beyond the boundary of

«KG1G ~the function assumes the maximum possible coseval

The next three figures illustrate the cost modslslefined by Formulas 5.4.4, 5.4.5 and 5.4.6
when using the modified cost functi@i. Each figure shows three example functions fofedit

settings of the maximum disparity difference.
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Figure 5.4.7 — Three exemple realisations of ttimdj cost function defined by formula 5.4.4 aftgplication of

formula 5.4.8.
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Figure 5.4.8. — Three exemple realisations of ittied cost function defined by formula 5.4.5 aftgplication

of formula 5.4.8.
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Figure 5.4.9. — Three exemple realisations of iftied cost function defined by formula 5.4.6 aftgplication

of formula 5.4.8.

All of the proposed fitting cost modelling funct®mllow to introduce depth information that
comes from a depth camera into the global optinsisaalgorithm. Together with the confidence
information that is used to decide whether a predast model function or stereo correspondence is

better, the global optimisation algorithm can takeantage of both data sources.

Incorporation of the distance measurement confidenc

Each of the proposed cost modelling functiéagakes a value of 0 for the depth valde
provided by the depth camera. However, it is natagh true that this is the best depth value for a
given pixel location. Many external factors mayluehce individual depth measurement. In order to
differentiate between certain and uncertain depthsarement it is necessary to take advantage of the

measurement confidence value provided by the depttera.

The author proposes tese confidence data for weightingoetween the proposed cost model
function G and the original cost functio® derived from stereo correspondence. The greater th
confidence value, the more the final cost funcgbould resemble the cost model, so the depth camera
measurements are accurate. For a low confidence watost model that uses image features should

be implemented because the depth camera cannatipmaliable data.

The author proposes two methods of incorporatiorcarffidence data into the fitting cost

model:
- linear interpolation between the cost model andsteezo matching cost,

- linear interpolation of two factors. The first igual to the product of the cost model and the

stereo matching cost while the second one is @quhk stereo matching cost itself.
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The first proposed method takes advantage of limearpolation between the fitting cost given
by one of the proposed models and the fitting costputed using the image features of a given stereo

pair. formula 5.4.9 formalises the definition oétfinal fitting cost function D.

. 4], L4, 4 K, sepd, (5.4.9)

where D(d) is the final fitting cost function, G(&) the cost model and DSAD(d) is the cost
computed using stereo matching. Factor c is thdidemce value; it ranges from 0 (completely

unreliable distance measurement) to 1 (a certaasorement).

The linear interpolation between the stereo cooedpnce-derived cost and the depth camera
cost model allows to fluently blend between these functions. The final fitting cost model function
D(d) takes a shape that resembles the cost modBl fG( high confidence values and the stereo

correspondence-derived cost modehdpd) for low confidence values.

The second weighting method also uses linear iolatipn but interpolates between the stereo
correspondence costsf(d) for low confidence and the same cost multipligdan appropriate cost

model G(d) for high confidence values. The fintirig cost D(d) is given by the following formula:

. 4], ceotd, 11, K, e, (5.4.10)

Multiplication of the stereo correspondence cost #re cost modelling function provides the
means of shaping the original cost{aB(d). The shaped cost function exhibits featuredah the
stereo correspondence and depth camera cost médgiighting between the original and shaped cost

function allows to control the amount of shapinfitience.

The second cost weighting method allows to resaivibiguities in situations where the cost
function derived from the stereo correspondenceéufea exhibits more than one local minimum.
Multiplying such a function by the depth camertrfg cost model allows to reduce the cost values fo
depth closer than that measured by the cameracdinect local minimum may then be chosen by the

global optimisation algorithm.

The cost function values obtained by SAD or simifeatric computation may exceed the range
that a cost modelling function can have. Before whéghting procedure, the stereo correspondence
cost function must be scaled in order to matchdwage. The scaling must be uniform for all pixals
order for the costs to be comparable. The authopgwes to scale the stereo correspondence cost

function to the range from zero to one accordinthiomaximal theoretical cost value that a paréicul
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metric (SAD, SSD, etc.) can take. This value depead the size of the block used for SAD

computation and on the image colour sample’s p@tis

5.4.3 Modification of the cross cost model

The author also proposesiteorporate image edge features into the cross casiodel V. The
idea behind this is to penalise situations when eighbouring pixels have similar depth values and
there is an edge in between them. The output degth will contain sharp edges as the global
optimisation algorithm will likely select differemtepths for such pixel pairs. For edgeless aréas, t

depth map will remain smooth.

Edges in colour images are likely to be physicgaiboundaries. Unfortunately, in most cases
this assumption is not true, as the presence eflga does not necessarily indicate an object boynda
but might be, for example, an indication of a teatteature. On the other hand, two different olgject

of the same colour that cover each other will motdpce an edge on the colour image.

The modified cross cost model is defined by forntutall.

“i)) Y, N ZL) )N¥Tr 4 ,K L) M. (5.4.11)

The w(p,p) is an additional weighting term given by the fellag formula (for an 8-bit

luminance image):

ZL ) A —°4P,, 4° LPM (5.4.12)
—

wherel(p;) andl(p;) are the luminance values of the colour image fonts p; andp;, respectively.
The value ofw is equal to one if no edge is present. With tluedase of edge strength, the valuevof
decreases asymptotically to zero. Paramletmntrols the rate of the decrease, hence thegstref

influence of an edge on the final cross cost value.

Experimental results

The following figures show an image and the dep#psnestimated using an original and
modified cross cost function. The data comes frbm Middlebury test data set from year 2006
[Scharstein_01] [Scharstein_02] [Scharstein_03Ketimuller_01].
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Figure 5.4.10. — Colour image for camera 1 of tA&” multi-view image from the Middlebury test daset.

The left image of Figure 5.4.11 shows the estimalkeoth map for one of the views available
using an original, unmodified automatic depth eation algorithm (with Graph Cuts). Some parts of
the flower blend into the background. On the otieerd, the right image shows a depth map estimated
with the cross cost function as proposed by thaautAll parts of the flower now have the correct

depth.

Figure 5.4.11. — Estimated depth map for camefi@8.depth map on the left was estimated with tiggral
cross cost function while the right depth map wetsated using the proposed image edge incorpaoratio

technique.

The proposed modification is not directly relatedhe incorporation of depth camera data into
the depth map estimation process and can be udedendently. The experiments show that in both

cases the method leads to an improvement of degthquality — more details of the flower shape are

now included in the depth map.
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The author was unable to find any public test mu#iv sequences or images data set that
contained data from video and one or more depthecasnalong with their parameters. Due to the
highly experimental nature of such mixed video dagth multi-camera systems, there are only a few
laboratories in the world that have them. ToF camere rather expensive, which also limits their
popularity. The author managed to find certain jmalilons in which the authors described their mixed
video plus depth acquisition systems [Kang_02]. dowinately, the sequences captured by the

described systems were not available.

5.5.1 Video plus depth multi-view acquisition systa constructed by the author

The laboratory of the Chair of Multimedia Telecommmation and Microelectronics at Poznan
University of Technology is equipped with 11 FulBH/ideo cameras (Canon XH-G1 [XH-G1]) and
three Mesa Imaging ToF cameras (SR4000 [SR40080ctn be used to construct a mixed video plus
depth multi-view acquisition system. The author agad to assemble several variations of such a
system and to capture some multi-view plus depth ttaat was used to evaluate the proposed depth
estimation algorithm. For the parameters of thealesaging SR4000 ToF camera please refer to the
table 2.6.1. The table 5.5.1 summarises parametéine Canon XH-G1 camera used:

Table 5.5.1 — Summary of relevant parameters o€Ctmgon XH-G1 video camera.

Parameter name Parameter value
Resolution 1920 x 1080 (interpolated using 3x 14480 CCD sensors, one for each colour channel)
Sensor size 1/3 inch

Lens focal length Adjustable 4.5 mm to 90 mm (tbthar used 4.5mm setting)

Frame rate 25 Hz in progressive frame scan mode
Color bit depth 8-bit
External

N Genlock and timecode signal input
synchronization

The author has introduced a naming convention fdeos plus depth sequences recorded at

Poznan University of Technology. Each sequencansed according to the following formula:
“nT+mD”
wheren denotes the number of video camerasramgnotes the number of ToF depth cameras.

Several camera arrangements were evaluated whittainodifferent numbers of video and
depth cameras. Each one exhibits various featumg@sadvantages. The most basic camera placement

that allows to estimate a depth map without ocoluss the 3T+2D (three video cameras plus two
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depth cameras). An illustration of such cameragtant is shown in Figure 5.5.1. In such a system
an occlusion-free depth map can be estimated fer déntral video camera “1” using colour
information from video cameras “0” and “2”. The pdanent of depth cameras at the sides ensures that
disocclusions caused by data transformation froendepth camera to camera “1” space can be fully

filled with data from the other camera.

)* )*

Figure 5.5.1 — 3T+2D video plus depth acquisitigstem camera placement.

Unfortunately, only one depth map can be estimateékle 3T+2D system. This is not sufficient
for virtual view synthesis since in order to avdidocclusions two depth maps with associated images

are required.

Adding more video cameras helps to solve the problEy adding one or more video cameras,
the estimation of two depth maps is possible. Tt proposes a system with five video cameras
and two depth cameras, i.e. a 5T+2D system. Awstiliion of the camera placement is shown in
Figure 5.5.2 — the number of video cameras is aszd by two. This allows for an occlusion-free
depth map to be estimated for cameras “1”, “2” &@id Actually, the author suggests to compute the
depth map for cameras “1” and “3” and to use cani@taas a reference for virtual view quality

assessment.

1 0
4 3 2 1 0
ToF ToF
camera g Y camera
Y

Video cameras
Figure 5.5.2 — 5T+2D video plus depth acquisitigstem camera placement.

The drawback of such camera placement is the isecedistance between one depth camera
and the video camera which the depth map is estihfat, e.g. the distance between camera “3” and
depth camera “0” is much greater than for depthezami0”. Further placement of a depth camera
causes larger disocclusion areas in the transfomiepth map. What is more, inaccuracies of depth
measurement and camera parameter estimation hasategrinfluence on the depth map

transformation.
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A 6T+3D system can be constructed by placing thel tlepth camera in the centre of the
system and adding one more video camera. The syssimally consists of two 3T+2D systems that
share one depth camera. The camera placement wensimo Figure 5.5.3. In such a system an
occlusion-free depth map can be estimated for casried’” and “4” by using colour information from
the neighbouring video cameras. For each depth daip,from the closest two depth cameras can be
used.

)* )* )*

Figure 5.5.3 — 6T+3D video plus depth acquisitigstem camera placement.

Due to technical reasons, the author was unabb@nstruct a system where, for example, the
depth cameras were located above or below the wdeteras. Camera placement on a single line
enforces the large length of the whole system.,Tihisurn, poses some requirements for the scene
setup, particularly regarding object distances fribi system. A large camera spread requires that
objects be located farther from the system. Orother hand, the quality of the depth map captused b
ToF cameras decreases along with the distance i&sintensive light is required to illuminate object
that are farther away. Also, the field of view ag significant role. A greater distance from the
system requires that the fields of view of all taneras overlap by a sufficient amount so that the

multi-view processing can make sense.

5.5.2 Data set created by the author

For the final evaluation of all the proposed matdifions to the depth map estimation algorithm
the author managed to create his own test dathaetontains images captured by the mixed video
plus depth multi-camera acquisition system. Thé@utlso managed to create a data set that contains
images captured by multiple acquisition system&hEgystem exhibits a different number and layout

of video and depth cameras.

Despite all efforts related to synchronisation kestw video and depth cameras, the operation
principle of ToF cameras used ruled out the reocgrdif video sequences that contain motion. The fact
that a ToF camera performs background lighting seggion causes artifacts on the moving objects’
edges. These artifacts manifest themselves asr@utatistance measurements and strongly influence
video and ToF depth data fusion. As a result, titained depth maps are of poor quality as the edges
are their most important features; therefore, thih@ chose to use only a single temporal frame to

evaluate all of the proposed algorithms.
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The test data captured by the 3T+2D multi-cametgpsepresents various arrangements of flat
calibration boards and cardboard boxes. Both tgbesbjects are made of paper, which makes their
surface non-glossy. This, in turn, helps to achieeeurate ToF measurements as there are no
reflections in the object’s surfaces. The black amte rectangles on the calibration boards help to
assess the proposed depth estimation performaneetiled texture. It is also useful to determihe t
influence of object reflectivity on ToF measuremauality. A total of three object arrangements were
recorded, both containing similar setups. The captumulti-view images were named “Boards_01",
“Boards_02" and “Boards_03".

Data obtained using the 5T+2D multi-camera systepnasents a different situation. The scene
consists of an office workplace with multiple mamg and other small objects placed on the desk.
There are also large cardboards stacked on topabf @ther. The scene contains objects with various
reflectivity and glossiness which strongly affeth® ToF measurements. The image was named
“Office”.

The 6T+3D mixed multi-camera system was used tducapn image of a flower in a pot
situated in front of a green curtain that served agsiform background. The background has relativel
low glossiness, which aids the ToF measurementsthgeflower’s leaves and pedestal which it is

standing on have high glossiness, which causesimeats in the distance measurements.

Table 5.5.2 summarises the data set created guther. For details containing sample images

of colour and depth data, please refer to annex C.

Table 5.5.2. -Summary of test the data satcreated by the author.

Name System type Description

Boards_01 3T+2D Various setups of flat paper catibn boards and cardboard boxes.

Boards_02 3T+2D

Boards_ 03 3T+2D

Office 5T+2D Office workplace with many LCD monitoand various objects on the
desk.

Flower 6T+3D A flower in a pot standing on a pedest front of a uniform non-glossy
green background.

5.5.3 Data from an existing data set

Despite the ability to capture mixed video plusttiepulti-view sequences, such an acquisition
system does not provide any ground-truth depth déiigh might be used for the proposed fusion
algorithm evaluation without additional lighting l@gment. Fortunately, there are publicly available
multi-view images that provide ground-truth deptitadfor certain views. In order to evaluate the

proposed depth estimation method, the author uskdaaset provided by Middelbury College which
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provides ground-truth depth data [Scharstein_Oth@sstein_02] [Scharstein_03][Hirschmuller_01].
Unfortunately, the sequences provided contain aiily multi-view frames. This is due to the

limitation of the ground-truth depth data acqudsitiechnique.

The Middlebury stereo datasets contain a seriestilbfmulti-view images of various scene
setups captured by a linear acquisition systemrelhee up to seven views provided for each scene.
The image vertical resolution has a constant valug100 lines, while the horizontal resolution is
different for each multi-view image and ranges frtt880 to 1390 pixels. The provided images are
rectified and have lens distortion removed. Amotigttee views, two of them are provided with
ground-truth disparity data that was obtained usirggstructured lighting technique [Scharstein_02].
The structured lighting-based method allowed touaegthe distance information using the same
camera setup as that used to acquire the imageTdaeefore, no data transformation between camera
spaces was required. Ground-truth data images ioogé&ps, i.e. areas where the true disparity is

unknown. The gaps are caused by the limitatiorikebtructured light acquisition technique.

The author used the ground-truth depth informateoeimulate a multi-view system with ToF
cameras. These cameras provided data with QCIRutesowhich is roughly 1/8th of the Full-HD
resolution. In order to mimic data provided by a@Taamera, the author decimated the ground-truth
data to 1/8th of its original size. A ToF camersoaprovides a confidence map, which is an image
where each pixel is associated with a value thiieethe certainty of the measured distance. fer t
confidence emulation the author used the gap irdtion from the ground-truth data. Gap areas have
a confidence value of zero while other areas hamgmgimum value of one. The intrinsic matrix of
each camera associated with the ground-truth dsgded to be scaled by a factor of 1/8th in order to
match the new resolution. The extrinsic parametersained unchanged. The simulated mixed
acquisition system consists of seven video canmemdswo ToF cameras which are placed exactly at
the same locations as their corresponding videoetasn Figure 5.5.4 shows the placement of the

cameras in the simulated multi-view acquisitionteys

Simulated ToF depth
cameras

Figure 5.5.4 — Simulated multi-view plus depth asigion system created using the Middlebury data se

A total of 27 multi-view images from the 2005 areD8 Middlebury data set were used for an

evaluation of the algorithm proposed by the autiadirof the images were cropped to 1232x1104 in
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order to keep the resolution constant betweenfdi@images. The camera intrinsic parameters were

modified accordingly.

n $
5.6.1 Methodology

There are mainly two methods of comparison of demb quality:
Virtual view synthesis quality
Direct depth map quality comparison with groundtirdata

The author of this dissertation used both of thoethods to provide an evidence that depth
maps, estimated by his proposed algorithm, areigifien quality than when using state-of-the-art

depth estimation.

The author did not take the liberty to perform subjective quality assessment of virtual
views. The reason for this is that there were no sigaificvisual differences between virtual views
synthesized using depth maps obtained by diffem@thods. Moreover, the goal of video and depth
fusion is to provide better quality depth mapsemts of scene representation which in some cases
may not improve virtual view quality. For detaileglplanation please refer to the next section & thi

chapter.

Depth quality assessment through virtual view qugli

A widely recognised method of depth map qualityeasment is virtual view synthesis quality.
The idea is to perform a virtual view synthesisngsiwo colour images and two depth maps. The
virtual view position in 3D space corresponds te flosition of a physical camera in a multi-camera
system which was used to capture the images. Titeaviview and the view from the physical
camera, i.e. the reference view, are compared wangnage similarity metric, usually the PSNR
[Huynh-Thu_01] or SSIM [Wang_01] metric. In mostsea the PSNR metric is used as it is better
recognised than the SSIM and its properties arekmelvn.

Depth map quality assessment via virtual view sysith is an appropriate method for
comparison of various automatic or semi-automatiatid estimation algorithms. It allows to compare
algorithms that take advantage of stereo correspmadfeaturedJnfortunately, the method is not

appropriate for depth maps estimated using data preided by depth cameras.

The main reason is that the PSNR, SSIM and mosbjefctive image quality measures exhibit
poor correlation with subjective quality. Espegialivhen used for virtual view assessment, where

image distortions/artefacts are of different kihdrt i.e. for image compression.

In their work Tikanmaki et al. [Tikanmaki_01] deie experiments regarding bitrate allocation

for video plus depth compression. The decoded vjple®s depth data quality is then assessed through
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virtual view quality using PSNR and VSSIM [Wang_Q#H version of SSIM adapted for video).
Objective measures are compared with subjectivitgassessment results. The conclusion is that the

correlation between those two measures is poor.

Also Banitalebi-Dehkordi et al. present in theirbpcation a comparative study of 3D video
quality metrics [Dehkordi_01]. They also proposdraroduction of a new one. In the paper, a several
comparisons are presented between an objectivétygquasasure versus subjective quality measure.
For subjective tests the Mean Opinion Score (MO&3 wsed. The conclusion is that the correlation
between an objective measure and MOS is not highugin to use it for virtual view quality

assessment.

The second reason why the virtual view PSNR isangbod measure of depth map quality is
that a depth map estimated automatically does not necessy represent physical distance.lt
rather represents a globally optimal correspondéete@een two or more images in the sense defined
by the similarity metric used for block/segment ohittg during its estimation. The problem is an
analogous to motion estimation in video compressibine motion vector does not necessarily
represent physical motion. Such a depth map mayskd to generate a good quality virtual view as
the view synthesis process is based on image pik@tation according to the supplied depth map.
Such a virtual view may still be similar to a refece view in the sense of a similarity metric sash

PSNR,but this does not mean that the depth map is an aoate representation of the 3D scene.

Depth maps, estimated using data from depth camenag be very different from those
estimated using only stereo correspondence featéredepth camera provides physical distance
measurements which in some cases may not correspondistances derived from stereo
correspondence. This means that an automaticdilyaed depth map may provide a virtual view
that is more similar to the reference view thanriethod that uses data from a depth caniénes
makes depth quality assessment via virtual view syimesis inadequate in such situationdespite
this fact the author presented a depth quality comarison using this method because of its wide

recognition.

Depth quality assessment through comparison witlognd-truth data

Another set of depth quality assessment methodshwdibes not use virtual view synthesis is
based orcomparison with ground-truth data [Scharstein_03]. A ground-truth depth map reprissen
the physical distance to objects in the scene. dhantage of such methods is that they assess the
quality of the depth map itself rather than the dmavhich was created using that depth map.
Unfortunately, obtaining ground-truth depth data fegistered multi-view images requires an
additional distance measurement technique whiahlas finite accuracy and may introduce errors to

the ground-truth data.
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The author was unable to provide ground-truth delptia for the test data he had created due to
technical reasons. Instead, the author used thellétidry data set that contains both colour and
ground-truth depth data [Scharstein_01] [Schars@h [Scharstein_03] [Hirschmuller_01] Because
the Middlebury data set does not contain ToF depthera data, the author used the ground-truth data

provided to simulate the ToF cameras. For additidetails, please refer to chapter 5.5.3.

The author has used the following images from thddMbury data set: Aloe, Art, Babyl,
Baby2, Baby3, Books, Bowlingl, Bowling2, Clothl,o@i2, Cloth3, Cloth4, Dolls, Flowerpots,
Lampshadel, Lampshade?2, Laundry, Midd1, Midd2, MeaelMonopoly, Plastic, Reindeer, Rocks1,
Rocks2, Wood1 and Wood?2.

The author used both virtual view synthesis anduiggetruth-based depth quality assessment
methods to compare depth maps created by his reddiépth estimation algorithm and the original

un-modified one.

For quality assessment via virtual view synthetsi®, colour images and two depth maps were
used. The virtual views were synthesised using stae-of-the-art view synthesis algorithm
[Mori_01]. The algorithm is maintained by the MPEgeoup and is implemented in the View
Synthesis Reference Software (VSRS) [VSRS]. Eactpubuvirtual view is compared with the

reference using the PSNR metric. The PSNR is cosdpiatr luminance and chrominance separately.

Quality assessment for depth maps that have toeiegponding ground-truth data was done
using a selected method from the literature [S¢biBrs03]. The percentage metrics were used as they

provide the clearest representation of the resti#ile 5.6.1 summarises the metrics that were used.

Table 5.6.1. — Metrics used for depth map evaluatgrsus ground-truth data.

Metric name Symbol Description

Bad pixels - all + percentage of bad pixels

Bad pixels - nonocc ty percentage of bad pixels in non-occluded regions
Bad pixels - occ ty percentage of bad pixels in occluded regions

Bad pixels - textured percentage of bad pixels in textured regions

|+

Bad pixels - textureless percentage of bad pixels in textureless regions

I+
143

Bad pixels - discontinous percentage of bad pixels near depth discontinuities

I+
®

The term “Bad pixels” corresponds to pixels whdre disparity differs from the ground truth
more than a certain threshold. All parameters,uiiclg the threshold, that are required to compute
these metrics were set as specified in the originblication. Because depth maps are estimated usin
three views instead of two, no occlusion-relatesliés exist; therefore, metrigs, and £, are

meaningless.
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5.6.2 Experiment conditions

Each test multi-view image was rectified using $fanrmations estimated by algorithms as
proposed by the author which are described in enaph. Depth camera data was processed by
methods described in chapter 3.0. Table 5.6.2 saanmes the various important parameters used in

the algorithms proposed by the author.

Table 5.6.2. — Important parameters related toovated depth data rectification.

Parameter description Value

ToF infrared noise variance vs. intensity approxiarapolynomial

coefficients (see table 3.4.1 in chapter 3.4.1) %=8.04el, g=2.16€-2

ToF distance discontinuity threshold (see chapiiahd equation 5.3.5) 10.0 cm

A set of depth maps was created for each test intgayeh set contains depth maps computed for
two chosen cameras in order to be able to perfomvirtual view synthesis. For the 3T+2D camera
system the depth could be estimated only for omeeca and the synthesis was performed using a

single view only. Table 5.6.3 summarises the vided depth camera indices used for depth map

estimation.
Table 5.6.3. — Video and depth cameras used fahdepp estimation.
System type Left depth Right depth
3T+2D Depth for view: 1 N/A
Video cameras: 0,1, 2
Depth cameras: 0,1
5T+2D Depth for view: 3 Depth for view: 2
Video cameras: 2,3, 4 Video cameras: 1,2, 3
Depth cameras: 0,1 Depth cameras: 0,1
6T+3D Depth for view: 4 Depth for view: 1
Video cameras: 3,4, 5 Video cameras: 0,1, 2
Depth cameras: 1,2 Depth cameras: 0,1
Middlebury data set Depth for view: 1 Depth for view: 5
(closest depth cameras) Video cameras: 0,1, 2 Video cameras: 4,5, 6
Depth cameras: 0 Depth cameras: 1
Middlebury data set Depth for view: 1 Depth for view: 5
(farthest depth cameras) Video cameras: 0,1, 2 Video cameras: 4,5, 6
Depth cameras: 1 Depth cameras: 0

In each setup the depth cameras closest to thet teagnera were chosen in order to minimise

possible distortions caused by the depth dataftramation.
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For the Middlebury data set, the simulated ToF ganpmsitions correspond directly to the
positions of video cameras which the depth is edeioh for. The use of such data would reduce the
problem of depth and image fusion to depth mapaapirsy in which the transformation between
camera spaces is neglected. In order not to omitess related to data transformation, the author
performed the experiment using ground-truth dadenfview 1 as simulated ToF data for view 5 and
vice versa. This way the depth data needs to msfoEmed and the transformation between camera

spaces is not omitted.

A number of depth maps were computed for each ins@geThe estimation was performed
using an original algorithm from the DERS softwasewell as with the author’s various modifications
turned on and off. Table 5.6.4 shows the most itambrparameters supplied to the DERS software

which remain constant for all of the experimentesas

Table 5.6.4. — Depth map estimation parameters fase¢tie DERS software.

Parameter Value

Precision Half-pixel

Matching method Block matching

Matching block size 3x3 pixels

Horizontal search range (disparity range) Variabdemera placement and scene setup
dependent

Vertical search range +1 pixels

Smoothing coefficient 1.0

Sub-pixel interpolation filter MPEG-4 AVC 6-tap

The whole experiment can be divided into four cagleieh are summarised in Table 5.6.5. The
different cases correspond to the cross-cost modeification turned on and off and the fitting cost
weighting method (Formulas 5.4.9 and 5.4.10). Fachecase the same set of fitting cost model

parameters was used in order to make the resutipaable between one another.

Table 5.6.5. — Summary of experiment cases.

Test case Parameters

Case 1 - Original, unmodified cross cost function

- Fitting cost weighting according to formula 5.4.9

Case 2 - Original, unmodified cross cost function

- Fitting cost weighting according to formula 5.4.10

Case 3 - Modified cross-cost function that takes colour ima&glges into account

- Fitting cost weighting according to formula 5.4.9

Case 4 - Modified cross-cost function that takes colour ima&glges into account

- Fitting cost weighting according to formula 5.4.10
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Finally, for each multi-view image and each depthpnpair a virtual view was synthesised

using original colour images and estimated deptpana

For the 3T+2D camera system the virtual view sysithevas performed using only a single
view and a depth map from the centre camera. Tiseme other camera with available depth map to
be used as a second data source for view syntiesimilar situation pertains to the 6T+3D data set
where two virtual views for cameras 2 and 3 wenettsysised using the same source left and right

view and depth map.

Virtual view synthesis with only one source cameiihlead to disocclusions in the virtual view
image. The author proposed to synthesise two Vidiesvs that would correspond to the positions of
cameras 0 and 2. Both virtual views will have ddosions in different areas. The PSNR metric was

computed for each view only for the non-disoccludezhs. Both PSNR values were averaged.

Table 5.6.6 summarises the virtual view synthesismara indices that were used. For the

synthesis cases where there are more than onetydhia PSNRs of the virtual views were averaged.

Table 5.6.6. — View indices used for virtual vieynghesis.

System type Left source view Target view Right soge view
3T+2D (variant 1) 1 0 1
3T+2D (variant 2) 1 2 1

5T+2D

2

1

6T+3D (variant 2)

3
6T+3D (variant 1) 4 2 1
4
1

Middlebury data set

For the test data from the Middlebury data set tvlgontain ground-truth depth data, depth
guality assessment using ground-truth data wasmeed. The depth comparison metrics that were
used are summarised in Table 5.6.1 of the prewibapter. All metrics were computed as indicated in
the original publication [Scharstein_03]. Because tepth maps were estimated using three views
which eliminated occlusion problems, all occlusretated metrics are not meaningful and therefore

are not shown among the other metrics.

5.6.3 Virtual view synthesis results
The following sub-chapter presents the PSNR vabfethe virtual views. The virtual views
were generated using parameters according to Eablé. For data sets with more than one variant

(multiple virtual views for each depth map cask¢, PSNR is an average of all of them.
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Results for data sets created by the author

Tables 5.6.7 and 5.6.8 present the luminance PSN&ew for virtual views of the data set
created by the author for experiment cases 1 affth@.original cross-cost model was used with no
edge information incorporation. Table 5.6.9 showesresults obtained using cost weighting according
to formula 5.4.9, while Table 5.6.10 shows the ltesathen weighting according to formula 5.4.10 —

experiment cases 3 and 4.

Table 5.6.7. — Virtual view PSNR for depth mapénested using the proposed algorithm. Settings for
Case 1.

Proposed algorithm

Step model Linear model Quadratic mode|l Gaussiateino

Video analysis
only

b=+1| b=+2| b=t4| a= a=— | a5 | a5y | as - | agy =3 =6 =10

Boards_01

Boards_02

Boards 03

Boards_04

Flower

Office

Average " #HosM™ #" # #! 1% # #$ "

Table 5.6.8. — Virtual view PSNR for depth mapsneated using the proposed algorithm. Settings fase2.

ﬁ Proposed algorithm
% %\ Step model Linear model Quadratic mode|l Gaussiateino
o ©
é b=+1| b=t2| b=%4 a= | as— | a5 | a5y | asg | agy =3 =6 =10
Boards 01
Boards_02
Boards_03
Boards 04
Flower
Office
Average $%  [$& Ios& 3 $'| 8 B % )
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Table 5.6.9. — Virtual view PSNR for depth mapsneated using the proposed algorithm. Settings faseC3.

Video analysis
only

Proposed algorithm

Step model

Linear model

Quadratic model

Gaussiateino

b=+1

b=+2

b=+4

G

G S

=6

=10

Boards 01

Boards_02

Boards_03

Boards 04

Flower

Office

Average

%

Table 5.6.10. — Virtual view PSNR for depth mapinested using the proposed algorithm. Setting<ase 4.

Video analysis
only

Proposed algorithm

Step model

Linear model

Quadratic model

Gaussiateino

b=+1

b=+2

b=+4

#H

s | e

=6

=10

Boards_01

Boards 02

Boards_03

Boards_04

Flower

Office

Average

$&

$%

$%

Unfortunately, none of the experiments yielded viial view PSNR value improvement.

There are many reasons for the lack of depth maptgincrease measured via the PSNR.

First,the PSNR does not correspond to the subjective quigl of an image especially when

used to measure virtual view quality [Tikanmaki_QDehkordi_01]. The view synthesis process

performs image pixel relocation which, dependinglmimage content, may not introduce significant

subjective image distortions. On the other hahd, PSNR metric is very sensitive to per-pixel

colour differences, which cause its value to dropven when not visible to the viewer.
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The ToF depth camera used here exhibited much loggmiution than the target depth map
which, when combined with the need for data tramsédion from one camera space to another, yields
inaccurate scene representation. The author alsaged to observe severe distortions in the distance
measurements caused by light reflections from gl@sal even non-glossy surfaces. The multi-path

light wave propagation falsifies distance measurgmeavhich distorts the scene model even more.

Results for the Middlebury data set

The Middlebury data set allowed the author to omere some of the limitations of the ToF
technology in order to prove the concept of theppsed depth estimation algorithm modifications.
Instead of real ToF cameras, the ground-truth dagused to simulate their presence. In orderaot t
simplify the depth and video data fusion to depphsaaling, the simulated ToF cameras used were

located far away from the camera that the depthsmagre estimated for (see Table 5.6.3).

Table 5.6.11 shows the average PSNRs for virtwabvicomputed among all of the Middlebury

data set (27 test multi-view images). For detailesults of each individual image, please refer to

annex D.
Table 5.6.11. — Average PSNR values for virtualwge
2 Proposed algorithm
>
% > Step model Linear model Quadratic model Gaussiageino
o6&
3
S b=t1| b=+2| b=t4| a= a—-; a—-@ a—-#f aT a—-ﬁ =3 =6 =10
Case 1
Case 2
Case 3
Case 4

With the distance measurement error eliminatedufgietruth data usedhere are experiment
cases that yield PSNR gainwith respect to automatically estimated depth majpgortunately, the
low-resolution-simulated ToF camera data still doed provide sufficiently precise additional
information to significantly improve the estimateepth maps’ quality. The low-resolution difference
and the need to transform depth data from one casace to another is still a major issue that

impairs the depth estimation process.
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5.6.4 Comparison with ground-truth depth maps

The following four Tables, 5.6.12, 5.6.13, 5.6.11&.6.15, show the comparison results of
estimated depth maps with ground-truth depth mapsiged for the data set. All metrics were
computed as indicated in the original publicati®cHarstein_03]. The tables summarise the averages

taken over the whole test data set. The resultaflividual images are shown in annex D.

Table 5.6.12. — Percentage of bad pixels in thehdegap for various pixel classes according to Tabtel.

Results for Case 1.

2 Proposed algorithm

>

% > Step model Linear model Quadratic model Gaussiageino
oo

S

< b=+1| b=+2| b=%4| a= aT a—'@ a‘#T aT a—m =3 =6 =10

Table 5.6.13. — Percentage of bad pixels in thehdegap for various pixel classes according to Tabtel.

Results for Case 2.

“f’, Proposed algorithm

% > Step model Linear model Quadratic model Gaussiageino
o6&

S

< b=+1| b=t2| b=t4 a= a—'r a—-@ a—#—, aT a—m =3 =6 =10
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Table 5.6.14. — Percentage of bad pixels in thehdegap for various pixel classes according to Tabtel.
Results for Case 3.

2 Proposed algorithm

>

% > Step model Linear model Quadratic model Gaussiaaheino
S

S

S b=+1 | b=%2| b=t4 a= a—'r a—-@ a—-#f aT a—-ﬁ =3 =6 =10

Table 5.6.15. — Percentage of bad pixels in théhdeyap for various pixel classes according to Tabtel.

Results for Case 4.

K% Proposed algorithm

0

I

g ., Step model Linear model Quadratic model Gaussiatieino

S 2

o6

% a= a= a=

S b=%1| b=x2| b=x4| a= _|laep e | e =3 =6 =10
# H $HF

I+

I+
b

=+

The average results of the depth maps’ comparisorhew an improvement when using the
ToF data and stereo correspondence instead of stereorrespondence onlyAs was expected, the
strongest improvement can be observed in the &g areasg) of the multi-view images. This is
due to the fact that stereo correspondence feataresot be reliably estimated for textureless negjio
On the other hand, in textured regions the impramns minimal or even non-existent. This might be
caused by the difference between the optimal digpaerived from the stereo correspondence
features and the transformed depth data from thalated ToF camera(s). Minimal improvement can
also be observed for the depth discontinuity potaks. The lack of improvement is caused by the
need for up-scaling depth camera data which doegrogide depth information with sufficient spatial

resolution.
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Nevertheless, the results show that the idea bekiteh and ToF depth data fusion is correct. A
better quality depth map can be estimated, buicsefit quality ToF data is required in order to

accurately represent the 3D model of the scene.

"&

Despite his best efforts the author was unabledwige ground-truth depth data for video plus
depth data sets created by him. These are 3T+2B2BTand 6T+3D. No other depth acquisition
technique than stereo correspondence matchingimeebf-flight was available to him at the time of
research which took place in years 2011 — 2012refbee for those data sets only comparison using

virtual view PSNR was possible.

The ToF depth and video data fusion algorithm as pposed by the author allows to obtain
more accurate depth mapsBetter accuracy can be achieved in terms of camdace to ground-truth
depth data (tables 5.6.12 — 5.6.16). Unfortunatatgnnot be achieved when comparing using virtual
view PSNR (tables 5.6.7 — 5.6.11). It must be naoted the PSNR of a virtual view is not the best

estimate of depth map accuracy in terms of 3D sogmesentation correctness.

The depth accuracy improvement, in terms of reducbn of bad pixel ratio, can be
observed mostly in textureless areagas defined in [Scharstein_03]). In those areasettare no
reliable stereo correspondence features to be Udexlmissing information is filled by data from
depth camera(s) which provide actual distance measents. There is no significant decrease of bad
pixel ratio in other areas as additional depth gandiata does not carry more information than stereo

correspondence.

Among the four test cases, the greatest improveremtoe seen in those in which the fitting
cost is weighted according to the equation 5.4s@edd of 5.4.10. Those are Case 1 and Case 3. The
equation 5.4.9 describes a linear transition betvetereo correspondence fitting cost and a cosemod
proposed by the author which performed best. Fees@ and 4 the equation 5.4.10 is used which
effectively define a method of changing shape @ fitting cost function. The second proposed

method of fitting cost weighting turned out noto® as effective as the first one.

According to results summarised in tables 5.6.526-16, the fitting cost model used does not
influence the final outcome. There is an exception the step model (equation 5.4.7) — if the
parameteb is greater than few disparity units then therfgtcost becomes equal for too wide range of
disparity values around the measured one. Thissléa@mbiguity and, in turn, to loss of estimated
depth map accuracy. For other proposed cost maldelsnly important feature is that they have a
single minimum for the measured distance valuearRaters that change steepness of the curve

influence the final depth map in marginal way.
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Unfortunately, a real-world ToF camera (accordingdday’s technology) provides inaccurate
distance measurements due to multi-path light waepagation. Each pixel of a ToF camera sensor
registers reflected light that comes not only frandirect reflection (camera — object — camera) but
also from multiple reflections (camera — objectdbject 2 — camera). The ToF technology would
work reliably only for objects that do not dispetgght but rather reflect it only in the directiaghat
the light comes from. The ToF distance measuremerirs cause object edge relocation when
transforming depth data from the ToF camera tadaaricamera space. This, in turn, impairs the data

fusion process as correct edge information is atdor depth map and virtual view synthesis quality

On the other hand, a depth map estimated usingosterrespondence features only will yield a
better virtual view PSNR than a depth map estimaigdg stereo correspondence fused with ToF
measurements. This is due to a fact that a defithagn algorithm performs global optimization of
a cost defined in terms of images similarity whighater being assessed using the PSNR metric. The
problem is analogous to motion estimation usedidlev compression. A motion vector does not
necessarily correspond to a physical object maiohrather defines a best block match. A similar
problem exists for depth maps which can be treasea horizontal motion field for a two-frame video
sequence where the first frame was captured ircamera location and the second in the other camera

location.

An inconsistency may arise when trying to fuse esiecorrespondence information with
information from a ToF camera measurement. Thaualirview PSNR metric represents per-pixel
similarity between the virtual and the referencagm, which does not actually take depth map quality

into account.

Despite all the problems and difficulties that ¢hehor of this dissertation had to overcome, the
thesis T1: “Relatively simple design of a systemtigbrid depth acquisition with the use of time-of-
flight depth cameras and video cameras allows taimbhigher quality depth maps as compared to

systems based on either time-of-flight camerasd®ovanalysis only.” has been proven.
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Modern multi-view compression algorithms that asedifor multi-view depth compression rely
on inter-view consistency of the depth maps. Intew consistency defines the amount of consensus
of a 3D scene representation of multiple depth m@ps consistency causes a large redundancy in
information carried by the depth maps; therefarés imuch desired. Unfortunately, depth maps are

estimated independently, which causes them to becapsistent.

In this chapter the author presents his algorithrat tallows to improve the inter-view
consistency of depth maps without the need form tteeestimation, which would require significant

computational effort.

$ ,

Multi-view video compression takes advantage okrview similarities in a multi-view
sequence. This is done in the same way as for tehmmilarities in a single-view video
compression. In a multi-view video codec, the irdiction mechanism is extended so it can use

not only temporal dependencies but also spatiatmiggncies.

Figure 6.2.1 illustrates an example inter-predictscheme for a three-view multi-view video
sequence. This is not the only possible schemdjffesent schemes that incorporate, for example,

joint temporal and spatial prediction are alsowaéd.
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Figure 6.2.1 — Example of an inter-prediction scahdar a multi-view video codec.

The multi-view compression mechanism was introdudiest in the H.264/AVC codec
[AVC _01] as an extension to the original standakdnex H extends the H.264/AVC standard by
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allowing compression of multiple views. The H.26¥/@ Annex H is known as the MVC video codec
[AVC_02]. It should be noted that the MVC codeadg meant for the coding of depth maps; it treats

depth maps as monochromatic images and negleatsitigue features.

The Annex | of the H.264/AVC standard introducesesv depth-aware extension to the MVC
known as the MVC+D [AVC_03]. The MVC+D codec useafedent compression tools for colour
data and depth data. This allows to exploit théedihces in their characteristics, which was not

possible in the MVC codec.

The Annex J extends the MVC+D even further by aifgpit to take advantage of the full 3D
scene representation provided by a video plus depthti-view sequence [AVC_04]. New
compression tools such as View Synthesis Predic{8P) and Depth-based Motion Vector
Prediction (D-MVP) use depth maps for derivatiorpofdiction data from other views. The codec is
named 3D-AVC.

A similar multi-view extension as for the H.264/AV€odec exists for the most recent
compression technology, i.e. the HEVC codec [HEVA. The extension, known as MV-HEVC, is
basically the same to the HEVC codec as the MV@resion is to the AVC codec. The MV-HEVC

codec extends the inter-prediction by allowingiterive data from other spatial views [HEVC_02].

Depth maps can be compressed with the same or Igpatial resolution as colour images.
Research shows that decreasing depth resolutiosn mimtesignificantly impair virtual view synthesis
[Klim_01][Klim_02].

MVC compression efficiency is highly related to measimilarities across views. The more
similar neighbouring views are, the more effeciver-view prediction can be. Multi-view sequence
video frames are usually very similar across vieagsthe camera system captures images of the same
scene. However, the same cannot be said for degpis as these are estimated independently for each

view, they may not contain such inter-view simiii@s.

$ *
Depth maps, estimated by an automatic depth estimatgorithm, usually exhibit low inter-
view consistency. Figure 6.3.1 shows a typical deptonsistency issue for the multi-view sequence

"Newspaper" [CFP]. The effect can be visible ia tentral section of each depth map image.
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Figure 6.3.1 — Example of an inter-view depth magpnsistency in the sequence "Newspaper" [CFP]. The
cameras are 02, 04 and 06, beginning from thehkafd image.

Some parts of depth maps, especially the backgrtehihd the person in the centre, exhibit
different depth values for each view. The reasony we depth maps may exhibit low inter-view

consistency is the fact that they are estimateagudifferent images from independent video cameras.

For a linear multi-camera system, the DERS depth asdimation algorithm [DERS] requires
three neighbouring views in order to estimate dldewap for a single camera. The use of three views
is necessary to avoid disocclusion effects. Thismaehat depth estimation for théh camera uses
completely independent stereo correspondence gtanmation for camerais(1+n) andi+(1+n), where
nis any natural number (excluding 0). This situai®shown in Figure 6.3.2:

View View View View View View View
i-3 i-2 i-1 i i+1 i+2 i+3

Figure 6.3.2 — Three-view depth map estimation sehfor a linear multi-camera system.

The independent estimation of depth maps for iddiai views causes them to be inconsistent.
Different disparities may be chosen by the steratching algorithm for the same areas of different
image pairs due to their unique local featuresrage noise. For the areas of the images where there
are no reliable features present, a global optimisaalgorithm is used which determines the most
probable disparity value based on then neighboutlvddhe area. Depending on the structure of each
image, the assumed disparities may also be diffa®the neighbourhood is not the same.

The literature does not provide much informationrger-view depth map inconsistency. Some
publications are related to improved depth mapnmegion algorithms aimed at reducing the

inconsistency.
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Lee et al. [Lee 01] proposed to estimate depth mbgs three neighbouring views
simultaneously by using the graph cuts algorithroyi®v_01]. A modified cost function, proposed
by the authors, takes advantage of intermediapadty differences between views. The function adds

additional penalty to the fitting cost term thate$ated to the inter-view disparity difference.

A similar approach was proposed by the researclérshe Fraunhoffer HHI Institute
[Mueller_01]. The authors suggested an iterativgordhm for inter-view consistent depth map
estimation. Initial depth maps are estimated feresi pairs using conventional means. During each
step the inter-view consistency is verified witl@nd across stereo pairs. Consistent areas of depth
maps are fused together while other areas arepuoisged. There are no additional details on inter-

view consistency-related issues in the publication.

As was mentioned earlier in this chapter, the iatew inconsistency affects the performance of
multi-view video compression algorithms; therefdog, improving the consistency the compression
ratio of multi-view sequences can also be improwétiout any quality loss. The author proposes a
novel algorithm in order to solve the problem oflmter-view depth map consistency. The algorithm
is based on depth map postprocessing which allovexthange depth information between depth
maps. The information exchange allows to reachtdephsensus in depth map areas where the inter-
view consistency is low. The algorithm is iteratimenature, as during each step the depth infoonati
is changed according to a change computed usingnfieamation from the previous step. Special care
is taken in order not to introduce distortions e processed depth maps that may emerge during
virtual view synthesis. At each step of the aldoritthe possible influence of the introduced change

on the synthesised image is evaluated and the deggthis corrected accordingly.

$!
The author defines an inter-view inconsistency mesaghat will be used in the proposed depth
processing algorithm. The general idea behind tmeept of the proposed measure is that it should

reflect the differences in the 3D scene represientabf each single depth map.

Each depth map of a multi-view sequence providearaal 3D scene representation. Moreover,
each depth map is defined in a different coordisgtem related to each camera. In order to be able
to compare these representations, each depth neafs ne be transformed to a common coordinate

system.

The proposed inter-view inconsistency measure finel® using an average variance of depths
computed across all available views. Assuming thatinput multi-view sequence hilsviews with
depth map®;...D,, the author proposes to define a partial incoastst measur®; associated with
eachi-th depth map. In order to compWe all depth maps must be transformed into the commo
coordinate system of theth view. Let the transformed depth maps be deneteD,'...D,. The

transformation is done using the DIBR algorithmBR]. Then for each pixel a depth variance is
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computed across all transformed depth pixels widh $ame spatial coordinates within the image

frame. The value o¥; is computed by averaging all the pixel varianaaeding to equation 6.4.1.

TorX X to ke ekt e ekt (6.4.1)
FH FH

wherew andh are depth map dimensions arai() determines variance function.

The higher the value &f;, the more inconsistent the depth maps are. Theepsas identical for
each view and the final inter-view inconsistencyasweV is computed by taking the arithmetic mean
of all V; values from all available views according to theation 6.4.2.

E
~ W)(F ~ (6.4.2)

The proposed measure allows to reliably deternfieeriter-view inconsistency of depth maps
in a multi-view sequence. The higher the variarbe, higher the spread of depth values across all
depth maps. It must be noted that the proposedureasflects average discrepancies in distance
representation; therefore, similar values/afan be found for a sequence with a small area lasitie

inconsistency as well as for a sequence with alarga with small inconsistency.

$" #
The author proposes an innovative algorithm aimedngroving inter-view depth map
consistency [Kurc_01]. The algorithm modifies deptaps by using information from all available
views. Each temporal frame of the multi-view seaqgeis processed independently. The proposed
algorithm does not provide any temporal consistesrdyancement techniques as it is not the goal of

its operation.

The algorithm is iterative. All depth maps are mssed simultaneously in a single iteration.
During each iteration the following steps are takeansformation of depth maps into a common
coordinate space, inter-view information exchangevben all transformed depth maps, and depth
value restoration. After each iteration, the intEw consistency of the processed depth maps is
assessed using the measure proposed by the aAthdecision is taken whether to continue the
processing towards further inter-view consistemogrovement or whether to stop because no further

improvement is possible.

A general block diagram of the proposed algorittevshown in Figure 6.5.1. The diagram
represents an information flow path for a singlewi The scheme is identical for all views in the

sequence.
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Figure 6.5.1 — General block diagram of informatilonv for a single view.

6.5.1. Iterative processing

The detailed block diagram, as shown in Figure26.8lustrates the data flow for a single

iteration. It is assumed that the input multi-vieequence contains N views, and eath view is

associated with a depth mBp
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Figure 6.5.2 — Detailed block diagram of informatftow in each iteration foirth view.

A depth map foi-th view represents the distance defined in itseranspace. In order for all
depth maps from all cameras to be processed tagéiiey must be transformed into a single camera
space. Therefore the first step of each iterasantransformation of each depth map toiithecamera

space. This is done via per pixel projection acicgrdo the DIBR algorithm [DIBR]. As a result, for
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eachi-th view of the input sequence there is a set dfi@l depth maps defined in the coordinate

system of thé-th view camera.

Virtual depth maps contain disocclusions, i.e. anehere no depth data is available. The author
proposes to deal with them by selecting a minimeptld value for each disoccluded pixel among all
the pixels of the same spatial coordinates butiratang from other virtual depth maps. The reason
why a minimum depth value is chosen is becausesacdiusion occurs where a part of the
background covered by a foreground object is rexkarhe background is the farthest area in the

scene, hence the choice is to select the minimum.

During the second stage of each iteration, infolmnabetween the virtual depth maps is
exchanged. The author proposes to use a weighteddamélter [Bovik_01] which operates in the
view domain independently for each pixel, for whitte weight in the filter is proportional to the
difference between the view index of that pixel amel currently processed view index he farther a
pixel is located from the filtered pixel in the wigdlomain, the fewer times its depth value is taken

median value computation.

As a result of the filtration, a new depth n2p associated with thieth view is created. The
new depth map provides the scene representationhwihcorporates depth information from all

available views. It is defined in the coordinateteyn of the-th camera.

The third stage of each iteration is depth quaitgessment. Differences introduced to depth
mapD;" may result in virtual view quality loss when tlikgpth map is used for virtual view synthesis.
To reduce possible distortions introduced by mediltration, depth mapD;" is modified in the
following manner. Depth map;’ and the corresponding input imageare used to create a new set of
virtual images by projecting input imageonto everyi-th view position. The virtual images are then
compared to the original input imades.T, and a similarity measut¢, for each pixel of the virtual
images is computed. Disoccluded areas are not iakemaccount. Finally, an overall image similarity

measureK is computed by taking for each pixel the worstueahmong all the similarity measures
Ki...Kp.

The author chose to use the SSIM (Structural Srity)ameasure for virtual image quality
assessment [Wang_01] instead of the PSNR [Huynh-0Hy which is widely used for image
distortion analysis. The research shows that SSlivhare correlated with subjective image quality
than PSNR [Wang_02]. The worse the similarity, linger the value of SSIM, hence the minimum

value amonl;...K, is taken.

For depth mai;" areas where the value Kffalls below a given threshold, the depth value is
restored to the value from the previous iteratids.a result a new depth ma&p' is created. Trivial

depth value restoration causes spatial disconigsuiih the depth map; therefore, instead of takireg
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previous depth value directly an arithmetic meawaities from the current and previous iteration is

taken. This ensures that the output depth map ée@gm

The depth value restoration is done accordingeddhowing equation:

3T Y 22 (6.5.1)

ok 2\ "ZVI,

k

wheres Kis a value oD, from the previous iteration aril is a predefined threshold.

All three processing stages are repeated untiurtbdr improvement in inter-view consistency
is observed. At the end of each iteration the iatew inconsistency measukg is computed and
compared to the value from the previous iteratibthe difference is less than a specified threghol

(meaning that no further improvement can be dahe)processing is terminated.

6.5.2 Postprocessing
The processed depth mBy' may still contain some local spatial discontiias, mostly single-
pixel-sized. These originate as artefacts of ti@RDVirtual view synthesis process. In order to reeno

them, the author proposes to use an adaptive mélén

The goal is to remove single, isolated pixels that significantly different from their
neighbourhood. The proposed filter is adaptivelichsa way that a decision is taken for each pizel a
to whether its depth is a result of a distortiomot. The decision is taken according to the foitayv

formula 6.5.2;

Yr"S Lyt ,NKJ+ r€ 2 (6.5.2)

2\ "ZYI,

whereg(x,y) is a binary indicator whether a pixel requirdtefing or notth is a given thresholdi(x,y)
is the depth value at spatial coordinatgsand (x,y) is the 3-by-3 pixel neighbourhood at spatial

positionx,y. equation 6.5.3 defines a filtered depth valua pixel.

YU Lp+ N Y I+

Jet
¥ LA , 2\ "ZYI,

(6.5.3)
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Thedi(x,y) is the filtered depth at spatial coordinatgs

Care must be taken when choosing the thresholangaeath, as choosing too low a threshold
will cause correct pixels to be filtered while ckow too high a threshold will result in skippirtget
filtration of distorted pixels. The filter operatés the local spatial neighbourhood only and works

independently for each view.

6.5.3 Conclusions

In some cases the spatial resolution of the pralviapth maps may not be sufficient for the
necessary filtration procedures of the proposedrdlgn. The reason is that during the virtual view
synthesis, computed spatial pixel coordinates mrgeneral not integers. The rounding process may
cause those two points to overlap, which causescalusion effect. A solution to this problem is an
increase in the spatial resolution of the destimatirtual depth map; therefore, the author propdse
represent the depth maps with half-pixel or evearigu-pixel resolution for the purpose of procegsin
The sub-pixel representation of a depth data reguiledicated up-conversion and down-conversion
mechanisms to be used. The up-conversion is donegdine virtual view synthesis process and the

down-conversion is performed using traditional Ipass filtration followed by spatial decimation.

It is possible that a multi-view sequence contalapth maps that represent different distance
ranges. This happens when the parameters Z-NeaZ-&ad of the near and far clipping planes are
different for each view. In this case, prior to g@esing, the depth maps need to be normalised to a
common distance representation range. Another appras possible where all depth maps are
normalised to the range of a destination depth thajng the virtual view synthesis process. The
author chose the latter approach as it does natreeglobal re-normalisation of all the depth maps

the sequence.

$ n
The author conducted an experiment to prove thpgsed algorithm’s ability to remove inter-
view depth inconsistencies. The experiment was @irae evaluating the level of inter-view

inconsistency in the original depth maps and inthlemaps processed by the proposed algorithm.

A representative set of multi-view sequences wasl (€FP] for the evaluation. The author of
this dissertation has also contributed to creatibthis test material [Domaki_15]. Each sequence
contains three views with depth maps. Most of tgusnces are provided with semi-automatically
estimated depth maps which exhibit inter-view irgistencies. Two sequences are synthetic and
therefore provide ground-truth depth maps for eaetw. These depth maps are consistent in nature
but were processed in order to verify the behavigiuthe algorithm in such a case. Table 6.5.1

summarises the multi-view sequences used in theriement.
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Table 6.5.1. — Summary of the test sequences [CFP]

( ) S 0
+ , -
+ il
; ( I /
0)*1 ( Lo T2
3
4 ( '
) , 2 %%
5 : 3
63 (
(G (
(7 (

Each sequence was processed by the proposed lahgofiibhe spatial resolution enhancement
was set to quarter-pixel in the horizontal dimensamly. This is due to the fact that all sequences
were captured using a linear camera setup. Themuini allowed inter-view inconsistency change
between consecutive iterations was set to 0.05.ifEnative process terminates when the change is
less than the preset threshold. Table 6.5.2 sursasathe inter-view inconsistency measure for each
sequence before and after processing by the prd@dgerithm.

Table 6.5.2. — Average inter-view inconsistencydach sequence before and after processing by dpeged

algorithm.
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The proposed algorithm is able to significantlyueel the inter-view inconsistency for all tested

sequences. The amount of reduction varies depewditige type of sequence and the scene structure.

The improvement is insignificant for synthetic seqces that have ground-truth depth maps.
This is due to the fact that their depth maps veersistent at the beginning of processing. The non-

zero inconsistency value is caused by finite rasmiwof the depth map representation which useg onl
8 bits per pixel.
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The difference in Z-Near and Z-Far parameters &0 ahe cause of higher inter-view
inconsistency. In such a case for each view differalues of depth represent different physical

distances. The granularity of physical distanceaggntation may also vary between the views.

The greatest inter-view consistency improvement banachieved for natural multi-view
sequences with automatically or semi-automatioadymated depth maps. As was mentioned before
in this chapter, depth maps in such sequencesstireaged independently, which leads to inter-view

inconsistencies.

The experiment showed that the inconsistency dsapsficantly within the first few iterations.
Figure 6.5.1 shows plots that present the intenvieconsistency change versus the number of

algorithm iterations for each multi-view sequence.
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As the algorithm operates on each temporal frandgegandently, the plots show the
inconsistency change for a single temporal framg.dn this case it is the first temporal frame of

each sequence.

The plots prove that the algorithm reaches convergefor different kinds of multi-view
sequences. The tested sequence set is consideaepiesentative sample of multi-view content by
the MPEG group. It is therefore safe to assume tiiatalgorithm is convergent. The number of
iterations required to reach the termination caoadidepends highly on the original sequence inter-
view consistency. The higher the consistency, tveef the number of iterations is required. For
synthetic depth maps (sequences Dancer and GTHeglgorithm stops on the third iteration and the
consistency improvement is negligible. On the othand, for sequences with poor depth map

consistency (such as Newspaper) it took 15 itematio reach the termination condition.

Nevertheless, the proposed algorithm is a use@lithat allows to improve the quality of depth
maps for multi-view processing such as virtual vieynthesis and multi-view-oriented video

compression.

$$

The main goal of the proposed depth map processiggrithm is to increase multi-view
compression efficiency. The author conducted areengent in order to assess the compression ratio
improvement that the proposed algorithm can givednjunction with state-of-the-art multi-view
video compression techniques. For this purposeetiof the most recent multi-view compression
techniques were used: the MVC+D and 3D-AVC codeaset on H.264/AVC compression
technology and the 3D-HEVC based on the most rexiegte view HEVC codec.

The experiment was performed using a referenceiialy sequence set [CFP] according to
the common test conditions for multi-view compreasevaluation provided by the MPEG group
[CTC]. The common test conditions specify that P®8NR measure [PSNR] should be used for
compressed video quality assessment. The PSNRedstasassess the quality of compressed video as
well as virtual views, synthesised using compresgegdo and depth maps. The document also
specifies the parameters for virtual view syntheside performed using reconstructed video and

depth maps.

Each test sequence was compressed using a setirofjdiality settings as provided in the
common test conditions recommendation [CTC]. Farhequality setting, the decompressed video
frame was compared with the reference using theRP8itric. The decompressed image along with
the decompressed depth map were used to genevatea view, which was then compared to the

reference also using the PSNR.
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The PSNR values are used to obtain the rate-dmto(RD) curve points. Each RD point
comprises a PSNR value and a bitrate value tha¢goonds to a part of the bitstream used to encode

a particular kind of piece of information. There &vo RD curves for each compression scenario:
- video PSNR vs. video data bitrate
- virtual view PSNR vs. overall data stream bitrate

Each quality setting is also provided with a refigee anchor RD curve point according to

[CTC]. These references are used for comparisdmtivé data points obtained in the experiment.

Bitrate gains and PSNR gains, obtained by apptinatif the proposed depth map refinement
algorithm, were evaluated using the BjontegaardrimgBjontegaard_01] with piecewise cubic
interpolation. The Bjontegaard metric is based ompuutation of the surface area between two RD

curves. Each curve is interpolated using four gaiats.

Bitrate changes are expressed as percentages bitiie reduction. Negative values indicate
reduction, while positive values indicate an inseeaf the bitrate. PSNR changes are expressed as
absolute PSNR differences in decibels. Positiveeaindicate an increase of quality; negative walue
indicate its decrease. Video data coding bitratk RENR gains were computed using bitrates of the
video data components of the bitstream versus geeRSNRs of reconstructed video frames.

Synthesised view gains were computed using theathtrate versus average PSNR of virtual views.

The plots of RD curves used for bitrate and PSNIR gatimation are shown in annex B of this
dissertation. Due to negligible changes in theabitrand PSNR for video data coding, only plots of

virtual view PSNR versus overall bitrate are shdwere.

6.6.1 Compression using H.264/AVC-based codecs

The 3D-ATM reference software [3D-ATM] was used fhe H.264/AVC-based compression.
The 3D-ATM software provides two modes of operatiag “High profile” for MVC+D compression
and “Enhanced High Profile” for 3D-AVC compressidm.this experiment, depth maps processed by

the proposed inter-view consistency improving atbon were used as summarised in table 6.5.2.

Table 6.6.1 summarises the results for MVC+D codempression and Table 6.6.2 for 3D-
HEVC codec compression. Columns labelled “Codecewiffames” summarise change in bitrate
allocated for video data only versus video PSNRngka Columns labelled “Synthesided views”
depict change in bitrate allocated for depth datasws virtual view PSNR change which was

synthesized using decoded depth maps.
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Table 6.6.1 — Bitrate and PSNR gains for videortdal views for the MVC+D codec with the proposiepth

map inter-view consistency improvement algorithm.

Coded video frames Synthesised views
Video Video Depth Virtual view
Sequence

BR [%)] PSNR [dB] BR [%)] PSNR [dB]
Poznan Hall 2 0.00% 0.00 -2.68% 0.10
Poznan Street 0.00% 0.00 -6.22% 0.22
Undo Dancer 0.00% 0.00 -3.61% 0.12
GT Fly 0.00% 0.00 -2.97% 0.12
Kendo 0.00% 0.00 -7.84% 0.39
Balloons 0.00% 0.00 -3.96% 0.20
Newspaper 0.00% 0.00 -8.05% 0.32
Average 0.00% 0.00 -5.05% 0.21

Table 6.6.2 — Bitrate and PSNR gains for video dathvirtual views for the 3D-AVC codec with theoposed

depth map inter-view consistency improvement atbaoni

Coded video frames Synthesised views
Video Video Depth Virtual view
Sequence

BR [%] PSNR [dB] BR [%] PSNR [dB]
Poznan Hall 2 0.02% 0.00 -2.90% 0.06
Poznan Street 0.02% 0.00 -7.93% 0.22
Undo Dancer -0.02% 0.00 -1.08% 0.04
GT Fly -0.03% 0.00 -5.53% 0.16
Kendo -0.03% 0.00 -7.39% 0.29
Balloons -0.01% 0.00 -3.42% 0.14
Newspaper -0.01% 0.00 -9.84% 0.36
Average -0.01% 0.00 -5.44% 0.18

For the MVC+D codec there is no change in videadaimpression performance between
using original and processed depth maps. Only deah compression is affected. This is due to the
fact that the video data and depth maps are caughendently. For the 3D-AVC codec there is a
slight bitrate gain that ranges up to 0.03%. Thibeécause the 3D-AVC codec may derive control

information from encoded depth maps for video datapression.

The depth map compression results show a signifidacrease in the bitrate of the depth map
bitstream components. Moreover, there is an inereasthe PSNR of virtual views. This is an
expected result as the proposed depth map progesgorithm increases their inter-view consistency.

This, in turn, allows the codec to exploit theiteirview similarities.
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6.6.2 Compression using the HEVC-based codec
For the purpose of 3D-HEVC compression, HTM refeeeisoftware version 5.0 was used

which implements the full codec [3D-HTM].

Table 6.6.3 summarises the results for the 3D-HEWe-of-the-art compression technique.
Column labelled “Coded video frames” summarise geaim bitrate allocated for video data only
versus video PSNR change. Column labelled “Syndleelsiviews” depict change in bitrate allocated

for depth data versus virtual view PSNR change lwhias synthesized using decoded depth maps.

Table 6.6.3 — Bitrate and PSNR gains for video datavirtual views for the 3D-HEVC codec with the

proposed depth map inter-view consistency improveérakyorithm.

Coded video frames Synthesised views
Video Video Depth Virtual view
Sequence

BR [%)] PSNR [dB] BR [%)] PSNR [dB]
Poznan Hall 2 -0.01% 0.00 -3.37% 0.11
Poznan Street 0.08% 0.00 -6.66% 0.22
Undo Dancer -0.03% 0.00 -3.99% 0.13
GT Fly -0.16% 0.01 -3.00% 0.11
Kendo 0.08% 0.00 -8.80% 0.39
Balloons 0.11% -0.01 -4.39% 0.20
Newspaper -0.21% 0.01 -8.03% 0.31
Average -0.02% 0.00 -5.46% 0.21

Similarly, as for the AVC-based codecs, the bitregduction is observed for depth map
compression. The proposed algorithm allows to redhe bitrate of a multi-view sequence by over
5% when measured over average virtual view qualitye amount of gain depends on the initial
guality of the depth maps of the input sequence. Mbre consistent the depth was before processing,

the less bitrate reduction is observed.

$&

The proposed algorithm allows to significantly reeunter-view inconsistency of the depth
maps. This inconsistency reduction can be obseiwedifferent kinds of multi-view sequences with
different scenes and depth map structures. Theopeapalgorithm was tested over a representative
multi-view sequence set provided by the MPEG grf@BP]. The algorithm was evaluated using
multi-view sequences with three views; however, ghgposed method is not limited to three views,

thus a larger number of views can be used.

The major goal of improving depth map inter-viewnsistency is to increase the compression
ratio of a multi-view-oriented video codec. Stafehe-art multi-view compression techniques use
depth maps for inter-view prediction mechanisms\rtdal view synthesis. The consistency of depth

maps is very important. The application of the pgmd algorithm to depth maps prior to their
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compression yields an over 5% reduction of the gesged bitstream size. This reduction is achieved
while maintaining constant or even increased guaitvirtual views synthesised from coded video

data and depth maps.

The depth map processing method allows to imprbege tjuality without the need for their re-
estimation. This, in turn, leads to computing tireduction as simultaneous depth map estimation for

all views would be extremely time consuming.

Therefore, the thesis T2: “Improvement of interwielepth map consistency that increases
depth map quality and increases the compressiariegfty of compression algorithms which exploit

inter-view relations of depth maps” has been proven
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7.1.1 Inter-view consistency improvement of depth aps
Independent estimation of depth maps for neighbguviews unavoidably causes them to be
inconsistent. The reason is that each depth magstimmated using stereo correspondences from

different camera pair or triple [DERS].

In order not to estimate multiple depth maps siemébusly, which would be time- and
memory-consuming, the author proposed a depth gsowe algorithm. The algorithm allows to
eliminate inter-view inconsistencies by exchanginfprmation between them. The details of the

algorithm are described in chapter 6.

Processed depth maps exhibit better inter-viewistarey, which allows them to be encoded
more efficiently using a multi-view codec. Compiieasexperiments using state-of-the-art multi-view
codecs such d4VvVC, MVC+D, 3D-AVC and3D-HEVC have shown that the bitrate can be reduced
by anaverage of 5%when compared to compression of original depthang¢hat is more important
is that the quality of compressed video data, eadodsing depth information, is not negatively

affected by the depth map processing.

The proposed algorithm became a part of the 3DovicEmpression technology proposed by
Pozna University of Technology for the MPEG competition2011 [Domanski_01][Domanski_13].
The compression technology was assessed asettand best in the worldn terms of multi-view

compression efficiency.

7.1.2 Depth estimation augmented by data from ToFapth camera(s)
Another major achievement of the author as predentthis dissertation is a method of fusion

of depth information from ToF camera(s) with videformation from video camera(s).

The fusion process allows to incorporate additiategth cues into one of the state-of-the-art
depth map estimation algorithms [DERS]. These #mldit cues allow the estimated depth map to be
more accurate and more consistent with actual paldistances. Video data and ToF depth fusion is
done before the global optimisation stage of thptldestimation algorithm. Therefore, the global
optimisation algorithm can choose the best dispddt each pixel by using stereo correspondence

information together with depth measurements.

The author managed to develop a method which altoneggregate distance data from more
than one ToF camera. The use of multiple ToF casngidds better distance measurement accuracy

as well as wider scene coverage.
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The modification of the depth estimation algoritlatbong with the method of aggregation of

data from multiple ToF cameras is described in tdrap of this dissertation.

7.1.3 Other important achievements

Calibration of multi-camera systems with video afidF depth camera(s):

The author conducted a large amount of work reggrdiamera calibration and image
rectification. Many modifications were introduceal éxisting camera calibration algorithms so that
they can operate on depth camera data and takentageaof depth features. The most important
contributions area modification of the camera distribution line direction that compensates the
common rotation of all cameras in the system (@drap1t5.2) andhe estimation of depth camera

extrinsic parametersusing depth (chapter 2.6).

ToF depth noise reduction

Distance data provided by a ToF camera is noisgsdtrce of a spatial and temporal noise has a
negative effect on 3D scene representatibherefore the author has proposed a ToF data
denoising algorithm. The algorithm proposed by the author takes adgenvé both intensity data and
distance data in order to perforspatial bilateral filtration and motion adaptive temporal
filtration. As a result, temporal depth fluctuations are reducwhich improves the temporal
consistency of the depth map sequence without mdiior and object edge distortion effects. The

proposed technique is fully described in chaptér 3.

Synchronisation of video cameras and depth cameras
In a multi-view camera system, all cameras are irequto capture frames synchronously.
Unfortunately, both video and depth cameras uderdifit kinds of synchronisation signals, which

makes it impossible to synchronise them directly.

The author thoroughly investigated the problemariversion between the Genlock signal that
is used for video cameras and the Trigger sigralithused for depth cameras. As a result, theoauth
has proposed method of conversion from a Genlock to a Trigger ginal which allows a single
Genlock signal generator to synchronise both videaw depth cameras. The details of this

synchronisation are presented in chapter 4.

Moreover, the author manageddesign and build a hardware device that implementshe
proposed algorithm. The device converts an input Genlock signal tooatput Trigger signal for
depth cameras. Detailed information on the desifjihis device is shown in annex A of this

dissertation.
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Currently, depth acquisition technology provideswgnhmitations which do not allow all of the

proposed algorithms to reach their full potential.

Time-of-Flight imaging technology requires fast geasensors with built-in phase measurement
sub-circuits. Due to their complexity they cannedch high resolutions as can typical modern video
sensors. ToF cameras produce a significant amdunbiee at frame rates close to those used for
video acquisition. This noise is mostly the resfltshort integration time of noisy data that comes

from the sensor.

On the other hand, distance acquisition technotogigch as structured lighting also require
many improvements in order to provide high quatigpth data, e.g. Microsoft Kinect uses an infra-
red laser projector that projects a special dotepatwhich is then observed by a camera and its
distortions are translated into distance data.@roblem is that the pattern has finite resolutidriol
is much lower than the camera and which makestdwinology non-suitable for measurement of

small objects.

Other structured lighting techniques that condist wideo projector and a video camera provide
very accurate distance measurement, although tleeglaw, as many patterns need to be projected
consecutively in order to measure the distancailardsolution. Most of these systems operate in a
visible light range, which makes them non-suitafiole multi-camera systems as they will interfere
with video acquisition. There are infra-red basédicsured lighting systems, which would not
interfere with video cameras, but the problem ofwshcquisition still remains unsolved. ToF sensors

are much faster.

The author hopes that this technology will devdlophe future and that high-resolution, fast

and accurate depth measurements using ToF cam#irbe wossible.
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The main function of the proposed design is conearBom an input Genlock synchronisation
signal to an output periodic trigger pulse sigitéde Genlock frame boundary is defined by a seirfies o
vertical blanking pulses which the proposed deiscitended to detect. Due to the specific relation
between actual sensor exposure times in synchiboe®eras, the output trigger signal must have the
possibility of being delayed about a preset timeeaTlhe proposed multi-camera system may contain
more than one depth camera. As it is difficult tavéh many ToF cameras measuring distance
simultaneously due to possible interference ambegit each camera may have its own, independent
trigger output which allows to implement interledvieiggering in a sequence. Interleaved triggering
also makes it possible to extend the integratime tbf the camera beyond the period of a singleovide

frame. The effective frame rate for each depth cammeay be lower than for video cameras.

Because depth cameras do not support timecodsspossible to determine the exact frame
correspondence between video and depth framese Thao possibility of overcoming this ambiguity
other than by applying an external light stimulosall cameras. However, this problem may be
reduced by starting the triggering of depth cameragarticular video frames. In order to do this th
timecode information must be known by the synclsatidn device. The proposed design incorporates

an external timecode input which allows to inpus ihformation [SMPTE12].

In order to be able to verify the correctness afickyonisation between video and depth
cameras, the synchronization converter needs teqbg@ped with a light-emitting device which is
visible to both types of cameras. The light-emijtadtevice must also be able to change its displaying
pattern in time. The way of pattern change musivalio determine the sensor exposure moment by

observing the pattern image provided by the camera.

The need for real-time signal processing and mgeta strict timing constraints implies that
the device must be based on a combinatorial andeséig! logic design rather than on a program
executed by a microcontroller. The design is aéxuired to be flexible and reprogrammable, which
disqualifies an approach based on connecting dissdabut fixed-function) integrated circuits. The
choice was made to use the field programmable ayasy (FPGA) fabric which is very flexible and
allows to test and implement different logic desigiihe use of an FPGA integrated circuit also
simplifies the electrical circuit design and theygibal board layout thanks to fully configurablgin

and output ports.

The design can be divided into several functioraths. The input signal conditioners for
Genlock and timecode signals are used to conveut voltage levels to levels accepted by the FPGA

chip. All processing blocks are implemented instie FPGA fabric. Output trigger pulses are
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converted to 5v TTL logic signals accepted by dep#meras. Possible return signals from
synchronised cameras are converted back to 3.3v lexgls. The RS-232 [RS232] port provides the

means of control and debugging. The complete biti@firam is shown in Figure A.1.

FPGA fabric
Analog _ » Logic level —»
GENLOCK comparator GENLOCK - converter |e——
input signal - '
Analog . analyzer » Logic level —» Trigger outputs
comparator . - converter |e——
Trigger pulse
generator . and
—» Logic level —»
TIMECODE Analog TIM!ECODE converter «—— Return inputs
- » signal e
input comparator -
analyzer » Logic level —»
- converter le——
A [
\ Y i
RS-232 port Expansion
connector

Figure A.1 — Block diagram of the synchronisati@vide proposed by the author.

The Genlock signal is a tri-level signal. The vgiaon the line may assume three possible
voltage levels: zero, positive and negative. Taasent three states using binary signals, at teast
digital signals are required. Two input comparatars responsible for detection of positive and
negative voltage on the line. The output comparbecision signals are connected to the FPGA chip.
The timecode signal is a bi-level signal wherepbsitive and negative voltages define the stataef

line; hence only one comparator is needed.

For FPGA logic implementation the author used tlilenX Spartan-3 FPGA. The chip type is
XC3S200 contained in a TQFP144 case. Accordingh& Xilinx device datasheet it has 200,000
system gates and 2160 slices. This is more thamgenéor the implementation of Genlock and
timecode analysers and trigger pulse generatoms.nfdximum logic operating frequency may be as
high as 100MHz but it decreases rapidly along whih increase in logic design complexity to about
50MHz. A frequency of 50MHz is not enough for Geal@ignal generation (as its base frequency for
1080p50 video is 74.25MHz), but an analysis of signal requires only approximate pulse width

detection which can be done using logic runningGHz.

The Genlock and timecode signals are decoded inbield-PGA fabric. The Genlock signal
decoder is responsible for extraction of horizant@lrtical and frame synchronisation signals. The
decoder measures incoming pulse lengths and retbhesnformation to the finite state machine
which identifies the appropriate sequence and géeeroutput frame synchronisation signals. A
similar process is done for the timecode signak Tilmecode information is extracted and stored in
memory registers. Because the Genlock and timesiglels are supplied to the device via two

independent inputs, they need to be synchronisedthd& Genlock signal is the reference one, the
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timecode is synchronised to the Genlock frame bagngrovided by the synchronisation analyser.

Both signals are synchronous.

The correct combination of frame synchronisatiols@and desired timecode value triggers an
output pulse generator. The generator is desigmedah a way that it responds to an input pulsk wit
an output pulse of constant length. The outputepldegth is chosen to meet the synchronised camera

requirements.

Output trigger signals generated by the FPGA ckigdrito have appropriate voltage levels to be
recognised by depth cameras. The conversion i®noeetl by four independent channel logic-level
translators which convert input logic levels topuit5v TTL levels accepted by cameras. According
to information from the datasheets of particulameeas, the camera may provide a return signal
which informs about the finished frame capture pssc There are additional four inputs capable of
interpreting 5v logic level signals for these signdhe voltage level conversion is performed by a
simple resistive divider.

The experimental nature of the described devicetlamaheed for its further development imply
the use of additional electrical connections toRR&A chip. For development purposes the device is
equipped with a RS-232 [RS232] serial port. The 35&andard is widely used in industrial devices
thanks to its simplicity. The intended use is comitation between the synchronisation device and an
external control device such as a PC computer ngnttie appropriate application. The expansion slot
provides a means to access most of the unused FRpAnput/output pins. Some of these pins are
used to communicate with the light-emitting devioghich is used, in turn, to verify the

synchronisation accuracy.

The light-emitting device has a modular constructi&ach module is equipped with eight
infrared and eight visible light-emitting diodesHDs) arranged in a dual row fashion. Each type of
diode is meant to be visible by a different typecamera. Visible LEDs can be registered by a video
camera while infrared diodes deliberately distbet ToF camera measurements which, in turn, can be
detected in the image. Each LED section is drivgrat 8-bit shift register equipped with constant
current LED drivers. Each module has an independeifit register for each LED kind. The block

diagram of a single LED module is shown in Figur2.A

——»  8-bit shift register with LED drivers ——»
Inputs from d Outputs to
P Pl P
FPGA or # gt * gt # gt next
previous section(s)

—»  8-bit shift register with LED drivers ——»

#1 *4 #a

Figure A.2 — Block diagram of the light-emitting thde.

sections
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The use of shift registers allows for modular comgton. Output from one register can be
connected to the input from the other from the reedtion. The registers form a dual chain which

allows to display a different pattern by the infdand visible diodes.

The electrical design of the synchronisation dewiea be divided into several functional
blocks:

Power supply

Input signal conditioner

FPGA chip and non-volatile configuration memory
Output signal conditioner

The electrical schematic of the device is dividet iseven parts in order to maintain clarity of
the documentation. Figures A.5 to A.11 show theesdtic diagrams of the synchronisation

translation device. These figures are locatedeagtid of this chapter.

The power supply block provides voltage stabilmatior all the voltage supply rails needed in

the design. These rails are:
+3.3V  used for power supply to all digital chips, esplbgifor their I/O connections
+2.5V  FPGA chip internal clock management modules anfigamation
+1.2V  FPGA fabric (core)
-5V negative power supply for the Genlock input anaomparator

A detailed power block schematic is shown in theow®r" schematic sheet. The
synchronisation module is powered from a single £8% power supply. The 3.3V power rail is
supplied by the LM2673 switching mode, step-dowgutator. The regulator chip is equipped with a
soft start subcircuit and output current limitarréalises a typical step down converter whichestor
energy in the inductor's magnetic field. Contradl dedback are provided by the chip itself, while t
rest of the necessary components are connectecthatye The output voltage is set by a resistive
voltage divider which provides the feedback voltégethe control chip. Input and output decoupling

capacitors provide voltage ripple rejection.

The main power supply for the FPGA chip is generéea dual switching mode regulator built
using the LTC3417 chip. The chip contains two syanbus switching mode step-down regulators
capable of delivering a 1.4A and 800mA output auirré& he regulators can operate at a frequency up

to 4MHz, which allows the use of smaller inducttrat, in turn, decreases their physical size. The

158



1.4A regulator is configured to power a 1.2V supgif and the 800mA regulator to power a 2.5V

supply rail. Both supply rails power the LED diodesvisual inspection of power status.

Correct Genlock signal interpretation requires riptetation of the negative voltages that are
present in the signal. In order to do this the tngignal is DC coupled to the analog comparator.
Detection of negative voltages requires symmetnomater supply of the comparator. The positive
+5V voltage is taken from the input power conneclioectly. The negative voltage is generated by a
charge pump-based voltage inverter realised uki@adg@L7660 chip. Charge pump voltage converters
are not able to deliver high power to the load whempared to switching mode. Because the input
comparator is the only chip which requires a negapower supply and due to its low power

requirements, the solution with the charge punguficient in this design.

All input electrical signals must be properly cdiatied to meet the FPGA chip's electrical
characteristics. The conditioning is performed bywed of analog comparators. Each comparator
determines the sign of the input voltages’ diffeenvhich is encoded at an appropriate logic level

driving the corresponding FPGA input.

The Genlock signal (also known as the tri-levelcsgignal) contains three voltage levels which
are interpreted by a dual comparator built on tAd115 chip. Due to the presence of very short
pulses, the comparator needs to have a fast rpatitiee to carry the input pulses through. The
selected LT1715 chip has a reaction time of 4nsiarmble to toggle its output with a frequency of
150 MHz, which is more than enough for the Genlsiginal. The input signal is DC coupled to the
negative input of comparator A and the positiveuinpf comparator B. The 75resistor provides
input impedance matching and termination. Compleargninputs of comparators are connected to
the resistive divider, which provides positive aradjative +/- 100mV reference voltage. According to
[SMPTE240M], the synchronisation signal amplitudeabout 300mV. The 100mV threshold allows
to detect the attenuated signal while still preivenfalse detections of unavoidable noise. Comparat
A is responsible for detection of a positive vodadhove 100mV, while comparator B detects negative

voltage below -100mV. The comparator outputs argeoted directly to the FPGA chip.

According to [SMPTE12], the longitudinal timecodgrsl is a bi-level signal with a maximum
amplitude of 2V peak-to-peak and the shortest poflsdOus. These characteristics allow for the
construction of a signal conditioner using the pemsive and widely available dual operational
amplifier LM258. The operational amplifier A workas an analog comparator with hysteresis.
Amplifier B is not used. The input signal is AC g@bed through a capacitor to the negative input of
amplifier A. The positive input is connected toesistive voltage divider which provides the refeen
voltage, and to the output through a resistor tmfa hysteresis loop. AC coupling of the input sign

eliminates the need for a symmetrical power supphe operational amplifier chip is powered from
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the +5V rail. The output of the amplifier can bennected to the FPGA chip directly because of the

output stage's voltage drop which prevents theagelfrom reaching the value of the power supply.

The Xilinx XC3S200 chip connections are shown dmesaatic sheets "S3_Power", "S3_Banks"
and "S3_Config". The chip is powered from 3.3V,\2.&nd 1.2V supply rails. All /O banks are
powered from the 3.3V rail. Each power pin of tigpds provided with its own decoupling capacitor

located close to it.

The FPGA fabric is programmed via the JTAG integfddTAG]. There are two JTAG
connectors on the PCB board, and each of them sigppoe of the Xilinx programming cables
directly. The JTAG signals are connected througtieseof 100 resistors to protect the chip's
programming pins in case excessive voltage is epplfhe FPGA chip is equipped only with a
volatile configuration memory; therefore, an aduitl device is needed to store the configuration
permanently. The configuration data stream is dgtarside the Xilinx XCF02S flash chip, which is a
dedicated FPGA configuration storage. Both the FR@A the flash chip are connected to the JTAG
interface. JTAG allows multiple devices to be cared in a serial chain, where the data and
commands pass through all the devices. This altowsve only a single programming connector for

multiple devices.

The configuration may be loaded into an FPGA cliipatly or into the flash chip. Data transfer
from the flash chip to the FPGA occurs through tao$eledicated connections, apart from the JTAG
interface. Whether the configuration is to be lahdi®m flash memory or not is configured by a
jumper located on the PCB board. The design isppguai with a program request button which
triggers data transfer from the flash to the FP@Afiguration memory. There is also a LED diode

which indicates successful configuration.

The master clock for all FPGA modules is generaiedn external crystal generator. There is a
place on the PCB board for a secondary generatichwib currently not used but allows further

development of the module.

In order to provide other configuration than thegPconfiguration itself, a set of user switches
and push buttons is added to the design. Ther® amdependent switches and 4 momentary push
buttons connected to the FPGA chip. These are instte design for the control of synchronisation
signal processing. Additionally, there are four gyah purpose LEDs which currently serve as trigger

output activity indicators.

The output signal conditioner realises logic letranslation from the 3.3V to 5V standard.

Detailed information can be found in the "Outputshematic sheet. The design is based on the octal
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logic level translator chip 74LVC4245 with dual glypvoltages for each side of the conversion. Only
four converters are used, and the unused conweritgputs are connected to the ground. Output
signals are connected through a series of 1@sistors for short circuit protection. Optionaturn

signal input converters are realised using simgdéstive dividers.

Each LED module uses two shift registers with kbnilLED drivers. A pair of registers allows
to drive infrared and visible LEDs independentlheTregisters share a common clock signal while the
data inputs remain separated. The module is powesedthe FPGA board from the 3.3v supply rail.
The power, clock signal and outputs of the lastdfiteach register are available on the output

connector for driving the next LED module in theaich

The PCB board of the design contains two signarkayThe copper thickness is 35um and the
overall board thickness is 1.5mm. Most of the conguas are surface mounted with an exception for
the connectors, which are mounted through-holerderoto provide better mechanical durability. All
passive components (resistors and capacitors)tanglesd 0603-sized SMD components [IPC-SM-
782][IPC-7351]. The 0603 size is small enough tovala very compact design and large enough to
still allow manual soldering. The components age@tl on the top side of the board with some minor

exceptions for those which did not fit.

All of the electrical signal PCB traces were routednually. The top layer is dedicated to
power supply traces and all signal traces whilebibigom layer is mostly covered by the ground plane
Signal traces which could not be routed on thelagpr are routed on the bottom layer. The ideais t
keep the ground plane as continuous as possilbedigr to provide an uninterrupted return path for
signal return currents. Signal traces are 10milkewighich is sufficient to carry relatively smalgsal
currents. On the other hand, power supply traced tebe much wider to carry large supply currents.

Most power traces are 50mil thick, which has proteede sufficient.

The light-emitting device was manufactured as fméntical independent boards, each one
containing a single shift register and eight pafd EDs. Due to their simplicity the boards were
designed as single layer only. Separation of thghtdmitting device from the rest of the
synchronisation module allows it to be mobile ;leeiitcis easier to place it in front of the camera

system.

Figues A.3 and A.4 show photographs of the assaeh#yachronisation translation device and

the light-emitting device with four LED modules.
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Figure A.3 — Image of the author's synchronisatianslation module.

Figure A.4 — Image of the author's light-emittingyite used for camera synchronisation testing.
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Figure A.5. — Schematic of the power supply ofdegice.

Figure A.6. — Schematic of the input signal comdhitirs, RS-232 interface and expansion connector.
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Figure A.7. — Schematic of the output and inpuhaigonditioner for the trigger confirmation signal

Figure A.8. — Schematic of the clock generatorsERGA input/output connections.
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Figure A.9. — Schematic of the FPGA configuratidoch.

Figure A.10. — Schematic of the FPGA power connscto
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Figure A.11. — Schematic of the user interface eles
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The rate-distortion curve plots shown in this Anmawvide detailed information about the
behaviour of a multi-view codec in conjunction withe proposed algorithm. For more details

regarding the algorithm, experimental conditiond amulti-view sequences, please refer to chapter 6
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Sample video frames and depth maps captured bycaoferas that come from the test data set
created by the author. Each of the presented imagssrectified in order to remove lens distortion

and camera misalignment. No further processingapatied.

The presented video frames and depth maps weretosaaluate the video and distance data

fusion algorithm that was described in detail iauter 5.
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Figure C.1.1. — Image for camera 02 of the “Boadds test data set.

Figure C.1.2. — Depth maps from ToF cameras fofBoards_01" test data set.
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Figure C.1.3. — Image for camera 02 of the “Boad@s test data set.

Figure C.1.4. — Depth maps from ToF cameras fofBoards_02" test data set.
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Figure C.1.5. — Image for camera 02 of the “Boad@s test data set.

Figure C.1.6. — Depth maps from ToF cameras fofBoards_03” test data set.
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Figure C.2.1. — Image for camera 03 of the “Offitest data set.

Figure C.2.2. — Depth maps from ToF cameras fof@féce” test data set.
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Figure C.3.1. — Image for camera 03 of the “Flowest data set.

Figure C.3.2. — Depth maps from ToF cameras fof'Ftmver” test data set.
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Annex D — View synthesis quality and results of coparison between
estimated depth maps and ground-truth depth maps

This Annex contains detailed virtual view PSNR ‘esluand bad-pixel percentage ratios for

experiments described in chapter 5.

Sub-section D.1 contains the detailed results @i view synthesis for the Middlebury data
set. Tables D.1.1 to D.1.4 provide the virtual viesminance PSNR values for each of the test cases.

The average PSNR value taken over the whole dats akso shown in the last row of each table.

Sub-section D.2 presents the bad-pixel percentaige Mables D.2.1 to D.2.4 show the results
for case 1 for individual pixel classes: all pixefextureless pixels, textured pixels and pixelarne
depth discontinuities. Tables D.2.5-D.2.8, D.2.2-D1 and D.2.12-D.2.16 show the results for
experiment cases 2,3 and 4, respectively. Thertastof each table contains the average value

computed over all test multi-view images.
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Table D.1.1. — Virtual view PSNR for depth mapsreated using the proposed algorithm, experimens das

Original cross-cost function, weighting mode acaagdo formula 5.4.9.
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Table D.1.2. — Virtual view PSNR for depth mapsneated using the proposed algorithm, experimeng @as

Original cross-cost function, weighting mode acaagdo formula 5.4.10.
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only

Proposed algorithm
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Table D.1.3. — Virtual view PSNR for depth mapsneated using the proposed algorithm, experimens 8as

Modified cross-cost function that takes image edg&saccount, weighting mode according to formuk&.9.

Video analysis
only

Proposed algorithm

Step model

Linear model

Quadratic model

Gaussiateo

b=+1| b=+2

b=+4

a=—
#H

a=—

5nr

=6 =10

Aloe

Art

Babyl

Baby2

Baby3

Books

Bowlingl

Bowling2

Clothl

Cloth2

Cloth3

Cloth4

Dolls

Flowerpots

Lampshadel]

Lampshade?,

Laundry

Midd1

Midd2

Moebius

Monopoly

Plastic

Reindeer

Rocks1

Rocks2

Wood1l

Wood?2

Average

%% #

%$"8| %S

%$

%' !

% " (% '&

%$ "

%$

%$ %'

%

%$ % | %% %'

188



Table D.1.4. — Virtual view PSNR for depth mapsneated using the proposed algorithm, experimens das

Modified cross-cost function that takes image edgsaccount, weighting mode according to formauk 10.

Video analysis
only

Proposed algorithm
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* 2

Table D.2.1. — Percentage of bad pixels in estichdepth maps (all pixels included), experiment dase

Original cross-cost, weighting mode according tarfola 5.4.9.

2 Proposed algorithm
_g% Step model Linear model Quadratic model Gaussiaaeino
o O
8 b=+1| b=+2| b=t4| a= & a=— | a=— & & =3 =6 =10
> o™ | e
Aloe 564 | 493| 571 7.20 568 5.62 542 4DP7 4{93795 545| 4.78| 5.18
Art 9.91 |10.37| 11.33 11.44 10.94 10.f3 10{10 101®49| 10.18 10.70 10.51 10.11
Baby1l 5.72| 2.72| 370 6.37 263 262 260 2/64 2793 | 2.63| 2.72| 2.80
Baby2 4.07| 240 334 490 226 220 220 232 2561 | 2.26| 2.37| 2.69
Baby3 7.25| 337/ 499 6.6]1 357 336 323 3/38 30669 | 3.38| 3.17| 3.08
Books 9.84| 458 775 927 439 439 437 4554 61253 | 4.43| 4.66| 6.48
Bowlingl |20.60| 11.56 13.54 18.07 11.y3 11|69 11.5%.70| 12.28 14.4% 11.63 11.77 1262
Bowling2 | 23.99| 3.59| 9.55 21.39 321 320 3.19 3/4438 |10.43] 3.25| 3.8 4381
Clothl 0.13| 0.17) 0.12 0.12 0.22 0.21 0.19 o046 O1212| 0.17| 0.13] 0.12
Cloth2 218 | 3.24| 3.1 268 353 337 3.19 320 27745 | 3.26| 2.82| 2.65
Cloth3 0.98| 1.20f 1.08 0.99 137 133 1.28 1,19 10898 | 1.23| 1.08] 1.00
Cloth4 1.20 | 1.64| 147 124 18 1743 165 1,58 12822 | 1.60| 1.37| 1.26
Dolls 514 | 558| 5.79] 552 6.01 564 532 540 4/8086 | 548 | 4.84| 4.75
Flowerpots | 20.63 4.20 953 1995 4.16 4.09 4|05 04.5.62 | 10.45 4.07] 4.22 5.8b
Lampshadel 9.88 5.0 7.71 1052 5p6 5|04 494 5B6%6 | 7.83| 502 4.79 575
Lampshade2 9.76 3.48 7.4 16.31 3p0 3|49 335 3328 | 7.53| 3.50| 3.32 3.24
Laundry 8.13| 7.66| 8.7 892 8.18 7.60 7.3 715 36.7.47 | 7.35| 6.53| 6.68
Midd1 8.06 | 4.62| 4.16| 6.1 435 428 4.26 4.8 4/0801 | 4.25| 4.55| 4.07
Midd2 13.47| 4.05| 4.73 6.41 410 393 3.82 385 3|7844 | 3.97| 3.97| 3.86
Moebius 984 | 6.61 8.45 1066 7.42 6.99 6.1 6(43524.7.54| 6.78| 5.80 6.5(
Monopoly | 14.93| 3.98| 3.5 358 390 3.83 3.79 3/79443 3.33| 3.85| 3.29 3.01
Plastic 35.83| 7.25 17.4R2 36.97 6.35 6.47 6J41 62034 |19.05 6.41 7.2 9.43
Reindeer 417| 570 580 510 6.11 587 5/62 57705%.470| 5.84| 522 4.93
Rocks1 3.62| 3.260 3.73 352 342 334 328 3|23 3.8060| 3.29| 3.09| 3.53
Rocks2 280| 1.73 272 276 173 1.0 169 1|73 2.2459 | 1.73| 1.80| 2.60
Wood1l 716 | 539 530 558 547 546 584 527 5X09 | 540| 5.15| 5.17
Wood2 15.05| 2.26/ 350 945 229 228 2[B2 228 24831 | 2.32| 2.27| 2.72
Average 9.63 | 447, 6.09 89% 458 446 4.33 436 84/5%5.00| 4.42| 4.27| 4.63
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Table D.2.2. — Percentage of bad pixels in estichdepth maps (only textureless pixels), experircase 1.

Original cross-cost, weighting mode according tarfola 5.4.9.

Proposed algorithm

Step model Linear model Quadratic model Gaussiaaeino

a= a= a=
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Table D.2.3. — Percentage of bad pixels in estichdepth maps (only textured pixels), experimenédas

Original cross-cost, weighting mode according tarfola 5.4.9.

Video analysis
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Proposed algorithm
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Table D.2.4. — Percentage of bad pixels in estichdepth maps (only pixels near depth discontinsiitie

experiment case 1. Original cross-cost, weightimglenaccording to formula 5.4.9.

2 Proposed algorithm
=
% > Step model Linear model Quadratic model Gaussiatteino
o
% a= a= a=
2 b=t1 | b=t2| b=t4| a= a=— | a=— =3 | =6 | =10
> — #H # — —
# 'H $HF

Aloe 17.49| 17.28 18.99 21.8§7 18.65 18j47 17.92 87y17.39| 18.8§ 18.00 16.83 17.

Art 23.34| 25.56 27.29 26.86 26.49 25,05 2506 25341|24.74 25.91 25.63 24.]

Baby2 19.49 17.21 19.4p 22.20 16[/9 16|48 16.48131717.65| 19.3§ 16.83 17.17 18.

3

3
Babyl 24.64) 2253 24.66 27.98 22,09 22,09 21.971@p23.47| 25.28 22.21 22.16 23.b

7

9

6

Books 24.43| 18.09 21.98 24.24 18.56 18,43 18.28151820.02| 20.97 18.29 18.46 20.b

6
6
Baby3 18.68| 17.02 18.85 20.%4 17.2 16/82 16.18781616.51| 17.4Q0 16.8p 16.19 16.
8
D

N|IN| M| M| O

¢
Bowlingl |41.64| 37.43 38.3p 40.47 38.59 38|39 3713&74|37.73 37.93 38.06 37.67 37.
Bowling2 |33.68| 21.11 26.36 35.62 20.38 20|22 204R16| 24.71 28.5% 20.31 22.63 26.

Cloth1 3.87| 475 362 360 611 573 518 4/58 358 | 4.60| 3.76] 3.57

Cloth2 10.36| 13.62 13.38 12.06 14./5 14|25 13.81541B12.34| 11.4§ 13.81 12.40 12.

Cloth3 6.52| 798| 7.13 6.5% 906 872 840 792 6846 | 8.17| 7.14] 6.64

Cloth4 8.77| 11.63 10.55 9.21 13.26 12/46 12.08 61.9.38 | 8.96| 11.44 10.00 9.2

Dolls 13.59| 16.20 16.12 1458 17.32 16,39 15.6384514.44| 13.55 16.083 14.35 14.2

Flowerpots | 34.75 20.68 28.23 35.42 20(94 20.54 2029.41| 25.23 30.08 20.44 21.05 26

Lampshade2] 24.15 2245 23.87 24/41 22.98 2P.902223.78| 22.10 21.80 22.87 22.54 21

3

4
Lampshadel| 28.39 24.19 26.48 29|05 24.78 24.335243.95| 24.61 26.93 24.04 23.56 24

7

P

Laundry 18.42) 23.03 21.70 19.87 2466 23105 21.395(@ 19.48| 18.6% 22.2Pp 19.65 19.

Midd1 22.57| 18.34 17.99 19.34 19.27 18/90 18.7188Yy17.35| 17.24 18.6p 18.05 17.2

Midd2 29.98| 19.59 20.15 22.83 20.56 19/68 19.36074918.14| 18.51 19.75 18.83 18.

Moebius 18.07| 19.66 20.06 20.18 2241 21.14 20.®726Y 17.11) 17.58 20.37 17.40 16.

Monopoly |23.13| 22.91 19.65 18.34 222 22[27 222188| 19.31 18.07 22.36 20.11 18.

Plastic 42.88 25.22 34.25 48.76 26/09 26.87 26.9428 28.95 39.28 26.40 26.24 30.

N

6 7
5 6
5 0
Reindeer | 18.23 22.48 22.71 20.76 23|68 23.13 228®4| 20.96 19.76 22.86 21.40 20.
Rocksl | 13.74 13.59 14.89 13.48 14/48 14.17 4
8 B
5 7
3 i\

18.86601§313.93| 13.49 13.84 12.64 14.
Rocks2 16.12 11.17 15.58 15.64 11j16 11.01 10.98191114.62| 14.83 11.18 11.40 14.
Wood1l 29.13| 18.1% 19.45 20.87 1950 1947 17.64411718.78| 16.73 18.6f 1491 17
Wood2 17.40, 16.94 16.13 13.%7 17.80 17|65 17.55101j716.97| 15.74 17.64 16.38 16.
Average |21.61| 18.84 20.2f 21.80 19.66 19|24 18.7%68| 18.78| 19.47 18.9p 18.13 18.
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Table D.2.5. — Percentage of bad pixels in estichdepth maps (all pixels included), experiment case

Original cross-cost, weighting mode according tarfola 5.4.9.

Video analysis
only

Proposed algorithm

Step model

Linear model

Quadratic mode

Gaussiameto

b=+1

b=+2| b=+4

a=—

a=
— #H
#
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Books

Bowlingl

Bowling2

Clothl

Cloth2

Cloth3

Cloth4

Dolls

Flowerpots

Lampshadel

Lampshade?
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Wood?2

Average
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Table D.2.6. — Percentage of bad pixels in estichdepth maps (textureless pixels only), experircase 2.
Original cross-cost, weighting mode according tarfola 5.4.9.

Proposed algorithm

Step model

Linear model

Quadratic model

Gaussiatemo

Video analysis
only

b=+1

b=+2

b=+4

a=—

a=
— #H
#

a=—

5hr
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Lampshadel
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Wood?2

Average
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Table D.2.7. — Percentage of bad pixels in estichdepth maps (textured pixels only), experimene s

Original cross-cost, weighting mode according tarfola 5.4.9.

Video analysis

only

Proposed algorithm

Step model

Linear model

Quadratic model

Gaussiateto

b=+1

b=+2

b=+4

#H

a=—

5hr

=10

Aloe
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Babyl

Baby2

Baby3

Books
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Dolls
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Midd1
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Wood?2

Average
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Table D.2.8. — Percentage of bad pixels in estichdepth maps (only pixels near depth discontinsiitie

experiment case 2. Original cross-cost, weightimglenaccording to formula 5.4.9.

ﬁ Proposed algorithm
g % Step model Linear model Quadratic model Gaussiaaeino
o O
g b=+1| b=+2| b=t4| a= & a=— | a=- & & =3 =6 =10
> #— #H # T ﬂ
Aloe 17.49| 16.77 17.09 17.85 16.45 17{77 17.90 A7¥.42| 18.58 17.19 17.99 18.52
Art 23.34| 20.70, 21.01 21.1p 20.95 2114 21120 212620 21.18 21.06 21.14 21.18
Baby1l 24.64| 23.59 23.86 23.97 23.76 23(96 24.17972324.31| 24.41 23.95 24.00 24.25
Baby2 19.49| 19.48 19.26 19.31 19.18 19/71 19.36841820.14| 19.29 19.14 19.51 19.47
Baby3 18.68| 17.49 17.68 17.63 17.68 17|57 17.6746l/17.73| 17.73 17.56 17.7 17.Y7
Books 24.43| 23.10 23.25 24.02 23.43 23|70 23.79862324.19| 24.08 23.71 24.01 24.p1
Bowlingl | 41.64| 42.73 43.02 43.10 42.84 43|06 424B.05| 42.77| 42.85 43.05 43.06 42.82
Bowling2 | 33.68| 33.41 33.34 33.355 35.26 33|44 32.8831| 33.26) 33.1% 33.30 33.17 33.14
Clothl 3.87 | 356| 355 355 356 359 358 357 35059 | 3.58| 3.56| 3.59
Cloth2 10.36| 9.71] 9.7 980 9.70 9.83 9.82 975 39.8.87 | 9.74| 9.84| 9.87
Cloth3 6.52 | 6.16| 6.29 6.26 6.20 6.24 6.23 623 6427 | 6.23| 6.25| 6.26
Cloth4 877 | 780 783 788 789 792 795 7,85 7.9R97 | 7.93| 7.96| 7.97
Dolls 13.59| 13.01] 13.183 13.21 13.07 1322 13.2814313.28| 13.29 13.15 13.28 13.27
Flowerpots | 34.75 35.44 35.49 35.67 35/46 35.27 353b.73| 35.24 35.25 35.71 35.03 35/26
Lampshadel 28.39 24.77 24.Y9 24/90 24.71 24.908248.72| 24.93 26.81 24.72 24.97 2610
LampshadeZ 24.1% 21.34 21.49 2159 21.31 21.409227.41| 21.52 21.68 21.40 21.54 21/79
Laundry 18.42| 16.60 17.08 17.19 16.7/7 17,02 17.8190| 17.20| 18.30 16.88 17.13 18.12
Midd1 22.57| 20.43 20.49 20.65 20.40 20/57 20.58642020.68| 20.62 20.64 20.60 20.66
Midd2 29.98| 27.89 28.00 27.94 28.02 27|87 27.8792727.73| 27.97 27.96 27.19 27.99
Moebius 18.07| 17.72 17.68 17.16 17[/0 17|74 17.62671 17.86] 17.94 17.6f 17.63 17.86
Monopoly | 23.13| 22.43 22.783 22.91 23.45 22({79 222289 | 22.78 22.67 21.83 22.84 22.40
Plastic 42.88| 41.57 41.90 42.44 420 4204 42.@4164 42.67| 42.33 41.88 42.46 42.8B9
Reindeer 18.23 18.2p 18.46 18.41 18{35 1§.38 181844 | 18.48 18.57 18.35 18.40 18.45
Rocks1 13.74) 12.71 1276 12.Y7 12[79 12.79 12.7777122.77| 12.779 12.79 12.45 12.}77
Rocks2 16.12) 15.35 15.39 15.40 15,35 15.44 15.37391515.38| 15.43 15.39 15.44 15.89
Wood1 29.13| 28.74 28.8p 28.82 28.77 28/79 28.85812828.86| 27.85 28.81 28.85 28.90
Wood2 17.40| 13.95 14.10 14.02 14.06 13(96 13.89191413.85| 13.77 14.18 13.96 13.82
Average | 21.61| 20.54 20.6f 20.80 20.fO 20{74 20.7G72| 20.85 20.90 20.66 20.77 20.p1
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Table D.2.9. — Percentage of bad pixels in estichdepth maps (all pixels included), experiment Gse
Original cross-cost, weighting mode according tarfola 5.4.9.

Video analysis
only

Proposed algorithm

Step model

Linear model

Quadratic model

Gaussiametno

b=+1
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— | %
# !
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Table D.2.10. — Percentage of bad pixels in esiéthdepth maps (textureless pixels only), experiroasé 3.

Original cross-cost, weighting mode according tarfola 5.4.9.

Video analysis
only

Proposed algorithm

Step model

Linear model

Quadratic modael
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— | ¥
#.

a= a=
a=

# — J—
'H $HE

=6 =10

Aloe

Art

Babyl

Baby2

Baby3

Books

Bowlingl

Bowling2

Clothl

Cloth2

Cloth3

Cloth4

Dolls

Flowerpots

Lampshadel

Lampshade?2

Laundry

Midd1

Midd2

Moebius

Monopoly

Plastic

Reindeer

Rocks1

Rocks2
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Table D.2.11. — Percentage of bad pixels in eséthdepth maps (textured pixels only), experimese &
Original cross-cost, weighting mode according tarfola 5.4.9.

Proposed algorithm

Step model Linear model Quadratic model Gaussiaaeino

a= a= a=
b=tl| b=#2| b=t4| a= | __ |a=-|az | _ | _ | =3 | =6 | =10
#! 'H $HE

Video analysis
only
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Average "H "# ! "9 ‘# &H# 1% 1S |t |T H$%
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Table D.2.12. — Percentage of bad pixels in estéthdepth maps (only pixels near depth disconties)iti
experiment case 3. Original cross-cost, weightimglenaccording to formula 5.4.9.

Video analysis
only

Proposed algorithm

Step model

Linear model

Quadratic mods|
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Table D.2.13. — Percentage of bad pixels in eséthdepth maps (all pixels included), experimenecas

Original cross-cost, weighting mode according tarfola 5.4.9.

Video analysis
only

Proposed algorithm

Step model

Linear model

Quadratic mode

Gaussiametno
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Table D.2.14. — Percentage of bad pixels in es@thdepth maps (textureless pixels only), experiroasé 4.

Original cross-cost, weighting mode according tarfola 5.4.9.

Video analysis
only

Proposed algorithm

Step model

Linear model

Quadratic model
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Table D.2.15. — Percentage of bad pixels in eséthdepth maps (textured pixels only), experimeséeea

Original cross-cost, weighting mode according tarfola 5.4.9.

Video analysis
only

Proposed algorithm
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Table D.2.16. — Percentage of bad pixels in eséthdepth maps (only pixels near depth discontiesiiti
experiment case 4. Original cross-cost, weightimglenaccording to formula 5.4.9.

Video analysis
only

Proposed algorithm
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