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ABSTRACT

REAL-TIME STEREO TO MULTHIEW VIDEO
CONVERSION

Cevahir ¢éjl a
Ph.D., Department of Electrical and Electronics Engineering

Supervisor: Prof . Dr. A. Aydeén

July 2012179 pages

A novel and efficient methimlogy is presented for the conversion of stereo to midtw

video in order to address the 3D content requirements for the next generafiors 3ind
autostereoscopic mulview displays. There are two main algorithmic blocks in sach
conversion systepstereo matging and virtual view renderinthat enable extraction of 3D
information from stereo video and synthesis of inexistent virtual views, respectively. In the
intermediate steps of these functional blocks, a novel-poegerving filter is proposethat
recursively constructs connected support regions for each pixel amongnisgosimilar
neighboring pixels. The proposed recursive update structure eliminatdsfjred window
dependency of the conventional approaches, providing complete cadtgptibility with

quite low computational complexity. Based on extensive tests, it is observed that the
proposed filtering technique yields better competitive results against some leading
techniques in the literature. The propoddigr is mainly appled for stereo matching to
aggregate cost functions and also handtesdusions that enablégh quality disparity maps

for the stereo pairsSimilar to box filter paradigmhis novel technique yields matching of
arbitraryshaped regions in constant tinBased orMiddlebury benchmarking, the proposed

technique iscurrently the best local matching technique in the literature in terms of both



precision and complexityNext, virtual view synthesis is conducted through depth image
based rendering, in which eknce color views of left and right pairs are warped to the
desired virtual view using the estimated disparity maps. A feedback mechanism based on
disparity error is introduced at this step to remove salient distortions for the sake of visual
quality. Futhermore, the proposed edgeare filter is reutilized to assign proper texture for
holes and occluded regions during view synthesis. Efficiency of the proposed scheme is
validated by the redlme implementatioron a special graphics catdat enables pallel
computing.Based orextensive experiments on stereo matching and virtual view rendering,
proposed method yields fast execution, low memory requirement and high quality outputs
with superior performance compared to most of the -sifatke-art techngues

Key Words: Content adaptivefilter, stereo matching,virtual view rendering,parallel

implementationstereeto-multi-view conversion
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CHAPTER 1

INTRODUCTION

The recent advances in video capture and display itpots have pioneered the
resurgence of 3D mainstreaifhe intensive attention on 3D moviesd sale records of 3D
market forced TV manufacturers to provide solutifarsliving rooms va special equipped
TV systems. As a result, 3D TVs have gained popiylanth a share of 20% in 201thatis

analternativetechnologyreplacingtraditional TVs.

Display techmjues that provide 3D perception can be categorized inta &tandard
displays with a setup box, stereoscopic displays, agtereoscopic displays and multew
displays. In the first case, which actually corresponds toViee TVs, incoming data
involve multiple views of a scene at a time instant giving an opportunity teiekher for
changing the viewing position. This ability requires 3D structure of a scene to provide views
from different positions. The second alternative, stereoscopic displays, is the most
endeavored class for TV companies to present 3D perception. Tigdays require
stereoscopic video and special type of glasses, shutter or polarized, to provide two views for
left and right eyes yielding 3D perception. The glasses have the role of filtering mixed views
for each eye compatible with display technologyis technology involves two nra
approaches; shutter displayghich provide left and right views alternatively at twice of the
refresh rate of the panel, are synchronized with shutter glasses. On the other hand, polarized
panels display mixed images witpposite linear or circulapolarization that are filtered
through polarized glasses by the corresponding polarization directions. Hence, both type of
displays separate stereo views to be observed for different eyes, which are merged by brain

to percept B.

In autestereoscopic displays, separation of stereo views for each eye is provided by
lenticular sheets or parallax barriers placed in front of the panel, which refract or split video
signal into left and right views. The role of polarized display aladsgs is replaced by
lenticular sheets, yielding glaf®e 3D perception. Finally, multiew autestereoscopic

displays are the extensions of agtereoscopic displays which support more than two views



and increase variety of looking directions. As thewing direction changes, the refracted
stereo pair also changes, resulting in 3D perception from different diredticmprovidesa
realistic scenario. Therefore, it could be concluded that wiglv displays are the strongest

candidate for the nexfeneration 3D TVs witimprovedreality.

The requirement of only two cameras and no necessity for 3D extraction provide
conventional stereo video format to be popular among many alternftjM&d. The effect
of these properties can be clearly observed in film industry by the common trend of 3D films
introduced with polarized or shutter glasses and broadcast of stereo content in digital
channels. It is clear thatrf@ certain period of time, conventional stereo video (CSV) and
polarized/shutter glasses will dominate 3D applications in consumer electronics. As a
consequence of this new trend, in the next decade, stereo content is expected to be quite

common, as tratonal mono video.

The simplicity of stereoscopic displays with CSV format comes with the limitations of
two views and requirement for wearing glasses. These limitations decrease the reality of 3D
perceptionand thisis the main obstacle of the curre? 8ainstream. On the other hand,
multi-view autestereoscopic displays provide much maemalistic 3D perception by
preserving parallax among different viewing locations without any need of glasses.
However, this type of displays requires multiple views scene at a time instaamd thisis
a difficult task to realize due to problems of multiple camera placement, as well as
synchronized data acquisition. Considering the emergence of stereoscopic content for 3D
TVs and cinemas, a practical solution fastproblem is conversion of stereo video to multi

view format

1.1 Problem Definition

In the light of fast emerging 3D applications in consumer electronics, especially in TV
sets and mobile devices, the requirement of avigtiv content for next generatiord3rVs
is a crucial problem. In this thesis, conversion of stereo content to-viavitithat should
enable driving multview autaestereoscopic displays by current widespread 3D format CSV
is addressedSuch a solution eliminates several difficulties of timulew content creation,

while extending the reality of 3D perception. Moreover, intermediate outcomes of this



conversion provide increased functionality of current 3D TV sets enabling depth adjustment

and deptkbased enhancement.

Basedon theprocessinglatform, stereo to mul¥iew conversion can be performed on
TV units or during content creation stage. The first scenatilizes advantages of the
infrastructure of current 3D sources such as broadcast or disc media without any
modifications; while oline (reattime) conversion is required to deliver mutiew content
to the viewer.Once this process is available on TV side, functional flexibility can also be
provided improving 3D experiencéccording to the secondcenarip conversion can be
provided with offline processing at the souroé content creation. This can be performed
supervised, senrsupervised or fully automatic manners, requiring various human and
computer resources. However, delivery of thavested multiview data cannot be achieved

directly through thexistingtechnology.

According to the advantages of current 3D infrastructure, intensive amount of stereo
content and functional flexibility, conversion on the display side seems to be more practical
and applicable to provide require3D content for next generation 3D TVs. Hence,
computationally efficient conversion of stereo video to muibiiv is the main goal of this
dissertation in order to enhance 3D perception at home. It is also important to note that tools
developed for onlineonversion can also be applied for automatic offline conversion with

further modifications; providing a generic solution to be applicable for various purposes.

1.2 Existing Solutions

A conventional approach for steremmulti-view conversion is generatiasf necessary
views from existing views through utilization of 3D information as illustrateBigure 1.1.
In such a procedurghere areusuallytwo fundamental stepextraction of 3D by stereo

matching and virtal view rendering (VVR).
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Figure 1.1: Two main steps, stereo matching and virtual view rendering are utilized for
the conversion of stereovideoto multi-view video

1.2.1 Stereo Matching

Stereo matching is theodl to extract parallax between two images captured from
different camera locations. Parallax extraction provides a strong cue for the depth
information; when executed for all pixels, dense depth (disparity) mapying quite
extensive 3D informatioms®ciated with ascene. There are various technig{#s[43] to
perform stereo matching based on different optimization approachest@ébleniquesnake
use of two baic assumptions, namely teeoothnessf depth field andigh level of visual
similarity across pixels in stereo images. Considering the efficiency, which involves low
computational complexity and memory requirement, matching techniques that only utilize
local intensity information, namelpcal methodg5]-[11], are the most endeavored way for
reattime stereo matching. They perform aggregation among neighbor gixefsse
smoothness by utilization o&dgeaware filters [45]-[53] that preserve sharp depth
discontinuities and yield precise disparity maps. The characteristicachf aggregation
filters provide a tradeff between complexity andccuracywhich is the keyissuefor local

stereo matching.

Apart from stereo matching, edgevare filters are also populéor wide application
areas, involving depth egampling, holeconpletion that are applicable for intermediate
problems of stereto-multi-view conversion. Therefore, complexity and robustness of-edge

aware filters determine limits and adaptability of the developed tools -&#lgee filters, in



general, introduce additial complexity as accuracy increases. Thus, noteworthy research is

devoted to obtain low complexity edgevare filters without any sacrifideom precision.

Proposed solution for the extraction of 3D information from stereo pairs in this thesis
follows local optimization techniques by introducing a novel edgare filterimprovedfor
geometry related applications. Hence, low computational complexity and high accuracy are
intended to provide aggregation through connected 2D support regions that is apidicabl
various purposes. The proposed approach exploits a new paradigm, reapahable
successive weighted summati@WS) along horizontal and vertical directions, enabling
constant operational complexity. SWS adaptivatgumulates the support data bésen
local characteristics, enabling disparity maps to preserve object boundaries and depth
discontinuities. The weights for SWS are determined by intensity similarity of pixels within
four (eightyneighborhood and utilized to model the information transite, denoted by the
term permeability towards the corresponding direction. A similar procedure is also utilized
for postprocessing of disparity maps to fuse consistency along spatial and temporal

domairs.

1.2.2 Virtual View Rendering

The synthesis of ingstent views from a collection of reference imagesaked virtual
view rendering. There are mainly three categories for VVR depending on the available 3D
formats as classified ifv7]. For the conversion ddtereo videto multi-view, depth image
based rendering (DIBR$B2][102] is themost endeavoresblutionenabling visually pleasing
results In this approach, virtualiews are generated from the texture of reference views
according tadhe 3D structure of the scene. For this purpose, 3D warps are conducted to carry

texture between source and target cameras.

In this thesis, the general flow of DIBR methods is improkgda disparity correction
mechanismthat addresses the errors of 3D structure due to imperfect stereo matching.
Moreover, a novel hole corfgion approach is presented as an extension of proposed edge
aware filter, providing proper texture and color assignt for the regions which are not

visible by any source view.



1.2.3 Realttime Implementation

Implementation of the presented algorithms on special hardware suG@raphics
Processing Unit(GPU) is the most endeavored way for validating its efficiencythis
mannerNvidia CUDAprovides an excellent platform to execute stereo matching algorithms
with reakltime performance as presented in various stUydi2@]-[131]. Activating multiple
processors by a single instruction is the key point to enadnlallelization;however this
introduces several limitations on algorithm flow. GPU intended constraints encourage
independent operations while punishing recursive structlfemm this point of view,
presented algorithms for stereo matching and VVR enable fine parallelization providing real
time execution for specific configurations determined by the algorithm parameters. Hence,
GPU implementations of the fundamental algamiih blocks are provided for the sake of
completeness of the efforts devoted for efficiency.

1.3 Contributions

The presented algorithms are designed along with low complexity and high accuracy
requirements to obtain efficient steresmulti-view conversio. From this point of view,

contributions of this thesis to the statiethe-art can be summarized as follaws

Edge-Aware Filter: A generalpurpose low complexity edegwvare filter (permeability
filter) is introduced providing connected support regionseeh pixel with no preefined
window size thatis totally determined by the local color characteristics of the image. Hence,
proposed filter is adaptive to color changes within the image that preserves edge
discontinuities during aggregation. Filterirggaccomplishedy only six addition and four
multiplication operationsfor each pixel similar tabox filter paradigm with two main
advantages: Weighted averaging is achieved among large support regions without any
restriction ofpre-defined windowsand edg-awareness which prevents over smoothisig
provided Based on large number experiments against the statiethe-art, efficiency of the
proposed filter is quite clear, especially for geometry related applications, in terms of

computational load and ag@cy.

Stereo Matching: As the main application, the proposed edgere filter is applied for

stereo matching to achieve fast execution and high precision. In this manner, two disparity



maps are estimated for left and right views, and the same filterodified to assign
consistent values for occluded pixels in disparity maps. Extended to temporal domain,
permeability idea yields robust and smooth disparity maps for stereo video, presenting an

efficient alternative with superior performartoghe existirg body of knowledge

Virtual View Rendering: Introduced disparity correction feedback mechanism yields
visually pleasing virtual views especially along salient regions involving text. The presented
hole completion enables proper texture assignment for wdetl pixels without any
disturing perception. Supported by various objective quality metrics, highly correlative with
human perception, presented VVR tool provides competitive rendering for automatic

conversion of stereto-multi-view.

Reaktime Implementation: Parallel implementations of the proposed stereo matching
and virtual view rendering tools are provided as the evidence of their efficiencytirReal
processing capability is met by the proposed GPU implementation through careful
partitioning of eahk algorithm block. Moreover, presented stereo matghalgorithm is
implemented in field programmable gateags (FPGA) for prototype consumer electronics

3D TVs, in order to enable functional flexibility for various applications

Free-view 3D TV: Different from conventional fregiew (2D) TV, as a novel
application to increase functionality of existing 3D TVs, stereo matching and VVR tools can
be appliedto free-view stereo, where users are able targe their viewpointvhile still
perceiving 3D. For tli purposedepending on the viewpoint, stereo pdirat preserv8D
perceptionare generatedActually, freeview 3D TV is one step behind multiew auto
stereoscopic displays, since it requires polarized/shutter glasses; however, it yields arbitrary
viewing angles. Hence, as an intermediate outcome of the proposedtstamelti-view
conversion scheme, steramfloating-stereo conversiorprovides further flexibility to
existing 3D TVs

1.4 Outline of the Thesis

Following the common solution methodologyramarized in Section 1.Xhapter 2 is
devoted to the paradigm of edgeare filter which is the fundamental tool for various
applications throughout this thesis. Giving the literature review of -adgee filters,

proposed approach which addresses fundéahdisadvantages of the priartis detailed In



that chapter,based on thaeighboringcriteria, two alternatives of th@roposedfilter are
presented Comparative analyses are given in terms of memory requirement and
computationalcomplexity thatare validated by experiments odepth data wsampling

under the scope of this thesis.

In Chapter 3, literature survey of stereo matching is given and the proposed algorithm is
presented with extensions in temporal domain. Intensive comparisons are coramgcted
well-known stereo pairs with ground truth disparities in order to interpret capability of the
proposed algorithm. For this purpose, aggregation methods of severalvealgefilters are
compared in terms of complexity @nprecision for stereo matchinthat completes
comparative tests conducted in the previous chapter. Moreover, a detailed analysis of the
proposed algorithnfior which the reasoning behind parameter selectsogiven andeffects

of intermediate steps as well as mu#isolution and tempal extensions are discussed.

Chapter 4 presents the work for development of virtual view rendering. After the
literature survey, fundamental problems and the motivation behind proper VVR are
discussed. The proposeatdethod addressing the fundamental nseof visually pleasing
virtual views is presented The proposed approach and reference rendering software
developed for MPEG 3DV/FTV standardization effate compared for different rendering
scenariosAfter analyzingthe effect ofeach algorithmic stepypical stereo to multview

conversiorexamples are given for different scenes.

Details of the parallel implementation of proposed stereo matching and VVR tools in
GPU are given in Chapter Egether withthe properties of the implementation platform.
Reasoning behind parallel process partitioning of each block is explained in detail.
Improvements due to GPU implementation over CPU is presented in the experiments
section, including stereo estimation and VVR stéjsally, the experimental validation of
this thesis is completed witta comparative analysismgainst stateof-theart GPU

implementations

Final chapter is devoted to the summary and conclusive remarks of the presented stereo

to-multi-view conversion methowith future directions of research



CHAPTER 2

EDGE-AWARE FILTER

Content adaptive filtering45]-[48] has been popular in computer vision for various
applications due tdats nonlinear edge presving characteristics. The fundamental idea
behind this type of filtering is to provide intensity adaptive weights within adefieed
window by highlighting colofvise similar pixels and achieving weighted averaging. Edge
preserved smoothing charactéds yield great advantages over traditional linear time
invariant (LTI) smoothing operators, such @aussian Laplacianand Sobel filterswhich
are spatially invariant and independent of image content. Therefoisgtropic diffusion
was proposed if49], [50] as a general iterative approach to provide exlgare smoothing.
Recently, bilateral filter [45], whose relevanceith anisotropic diffusion is illustrated in
[51], has become the most popular of such filters with itsitewative structure. During the
last decade, bilateral filtering is adapted to various applicafg#fjsnvolving image mating
[53], denoising[54][55], colorization[56], multi-scale decompositiofb7], stereo matching
[58], tone mapping59], video alstraction[60], motion estimatiorj61] and depth data up
sampling[62]. In most of these approaches, joint (cross) bitiiter approach is utilized,
in which an image (data) is filtered according to the color variation of the guidance (another)
image through which adaptive weights are determined. The filtered image can -be non
flashed view[59], cost data calculated in stereo matchibg] or motion estimatiorj61],

low resolution depth maj62] or the data itself as in denoisifis].

In Figure2.1, typical adaptive weight distributions of two pixels in the center locations of
the square regions are illusedt The neighbor pixels having similar color with the center
pi xel are assigned to some weighting coef fi
intensities), while for the dissimilar pixels these coefficients termefd 0 0 . I't is obuvi
edge baracteristics of the color image are preserved in the weight asawell. Hence,
weighted averaging through color similaripyeservesedge characteristics in the filtered
data. This is an important property that further improves the accuracy of #wnglt

operation for various applications



Figure 2.1: Typical examples of color adaptive weight distribution.

Despite the wide application areas, there are certain drawbacks of bilateral filters in terms
of computational complexity and accuracy. Direct implementation of the bilateral filter
amongNxN support areaequires high computation complexity of (G)). Therefore, a part
of the research is focused on complexity reduction, as givEsR]n[63]-[68]. In [52] and
[68], 2D filtering is achieved by performing successive orthogonal 1D filtealogg the
horizontal and vertical axis, as in steerable fil{6&]. On the other hand, i3], multiple
box filters [70] are fused to obtain weighted averaging with a complexity independent of

window size.

In addition tothe efforts ondecreasing computational complexity bilateral filtess,
there is alsoresearchfocused onreducing artifactssuch asGuided Filter [47], Cosine
Integral Imageq48] which utilize the efficiency obox filters,as well. In[71], Geodesic
Distanceextending color adaptability to connected support regibasenforces colepath
continuity among neighboring pixelss introduced The connectedness is vital for
applications thainvolve geometricstructure, such as depth egampling, stereo matching or
motion flow estimation. This additioneéquiremenincreases the computational complexity,
as well as the performanc@n the other hand, i8], connetedness is guaranteed by

exploiting box filters through arbitrary support regions.

Various approaches providing edaware filtering are further discussed in the next

section of this chapteAfter pointing the disadvantages of the prior art, a novetrfilig
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approach developed for geometry related applications in the scope of this disséstation
introduced In the following section, a detailed experimental comparison of theddttte

art edgeaware filters with the proposed method is given in terfnshe computational
complexity and memory requirement. The comparisons are justified by the experimental

results and the final section is devoted to the conclusion and discussions

2.1 Related Work

In this section, the stata-the-art edgeaware filters interms of efficiency and precision
are summarized by starting with the bilateral filf¢6] which introducesa noriterative
approach for this purpose. Then, two faster approximaffa2i§64] of the bilateral filter,
where[52] is a separable implementation ged] is its fastest appximation in literature
are givenGuided Filter[47], which is a recent alternative for edgeserving filters with its
window independent computational complexity, is also analyzed. This analysis is followed
by Cosine Integral Imag@8] algorithm, extending the well known box filters to weighted
domain. An alternativéntegral Imagemethod is also included which is a slightly modified
version of the box filter adégd to edgepreserving characteristis also includedConnected
support region phenomenon is introduced by@smdesic Distance Transforf#l] in the
next section; finallyan efficient edgeaware filter[8] which utilizesarbitrary shaped support

regions with constant weight distributimexplained

2.1.1 Bilateral Filter

Let x, yl' Z" pe the pixel indexes among a color imafgenvolving integer mtensity

levels. A bilateral filtef45], BF, outputs color adaptive averag€x), of a pixel x, among

set of pixelsN(x), according to

A F. (R[] (y)

I — yi N(>.<).
) R e R0 )] ’ @

yi N(x)

wherethe range kerneFrg, assignsveights depending oimtensity similarities betweem(x)

andl(y) basedon a scaling factoti as
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- ‘I (X)- I(y)‘/s

Fe(1(),1(y)) =€ (2.2)

On the other handspatial kernel Fs, weights according tothe distance between pixel

locations 8 follows:

Fo(x y)=e Vs (2.3)

The weights of the neighboring pixels in BN squarewindow aredetermined by the
combination of these two kernels, while celeise similar pixels are assigned higher
weights. The denominator in (2.1) provides the normalization of the weighted summation in
the numerator, and corresponds to the total weights utiliagdgithe calculations for pixel
X. The range functiond-r, can be computed on another type data such as da2pdh,and
then the operation turns into joint bilateral filtering which enforces local characteristics of
D(x). The main objective of the bikxtal filter is the replacement of each pixel by the
weighted average of their neighbors. Hence, intuitive behavior of BF is simple; it should
smooth an image, removexture, fine details and noishile preserving sharp edges
without any blurring artifaic

According to thedirect implementation of BF, for each pixif weight calculations,
multiplications and additions are required for such a weighted averaging. Such a complex
computation characteristieequiresseveral approximations to achieve fadtibering. The
behavior of BF is studied extensively in the literat[B2] and many approximations are
proposed to obtain faster execution times. In this dissertation, the most trivial and the fastest

approximaions are included to make fair comparison among -esgge filters.

2.1.2 Two pass Bilateral Filter

From the complexity reduction point of view, one of the most common approaches is
separable horizontadertical filtering[52]. Instead of calculating weighted averages among a
2D NxN window, one dimensional (with lengtbf N) two bilateral filters can be applied
among rows and columns consecutively. This process results in an effective weighted
averagingwithin an NxN window with significantly reduced complexity ), instead of
O(N?), where2N weight calculations, multiplications and additions are required per each

pixel. Although, BF is not a separable filter due to color similarity terms, it has been proven

12



in [52] that twapass approximation yields comparative results as long as the window length

is below a certain level.

2.1.3 Constant time Bilateral Filter

In [63], constant the computation of BF yielding window size independency via three
different methodshas been presenteth the first approachaccumulatechistograms are
exploited to avoid redundant operations for filtering with box spatial and arbitrary range
kernels. A drect formula is also proposed as a second applioashichsummed area tables
of image powersire utilizedwith polynomial range and arbitrary spatial kernels. In the third
approach, Gaussian range and arbitrary spatial learel unified by a Tayloseaies
expansion These approaches have been recently impr¢g4din terms of computational
complexity and memory requirement, providing the fastest approximation of BF in literature.
In [64], piecewise linear BF in which image intensities are discretized into a number of
intensity levelsis proposedand linear filters are computed for these levels. Tli¢sesd
levels are defined as principle bilateral filtered gmacmmponent (PBFIC), and filtered
values of the pixels are calculated by the linear interpolation of the two closest quantization

levels to the pixel intensity.

The actual formulation oBF, i.e., the relation in (2.1)is modified to find the filtered

valuesJ®(x) of thespecificquantization leveld,, as

A F.(xy) Fe[L 1] (y)

JB(x) = 4N . 2.4
T Ry FLL ) eh
Yl N(x)

The actual intensity level dfx) in (2.1) is replaced by a fixed value and afterwards, re

formulating range kernel(y) andWi(y) which depend on onliy), are olained as

a F.(xy) . (y)

JB(x) = AN . 2.5
O W ] @9
Y N(x)

The averaging operators iBquation (2.5) enable box filter[70] utilization over the
updated version df(y) with constant complexity. Hence, fast calculation of RBFir pre

defined intensity levels (such asl8) can be achieved
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Once, filtered values are calculated for each level§8evels), final output of an
arbitrary pixel is calculated by linear interpolation of the fixed leval@dL,.;) closest to

the current pixel intensity(x) according to

e () =L - 1] 32,00 +[1(0- LJIZ. (0 (26)

In this approach, color adaptive filtering is achieved by utilizing box filtering for only the
specific levels and then performing basic linear interpolation. Moreover, lilesndown
sampling of the original image for PBFIC calculation which further decreases computational
complexity. It has been shown by the detdikxperiments iff64] that eightlevels provide
sufficient accurag. Thus, the overall computational complexity turns out tcoeigit box
filters (each withthreeadditions andwo subtractions per pixel) fd?PBFIC calculationfwo
weight calculations and multiplications for kernel update, tarmmultiplications withthree

additions for the final linear interpolation per pixel.

2.1.4 Guided Filter

In [47], a general linear translatisariant filtering processhe guided filteris proposed
as an alternativio adaptive edgawaee filtering Guided filter assumes a local linear model

between the guidance image and the output as

e (¥) = a AL (y) + B, ) (2.7)
¥ N(x)

where A, and B, are thereal valuedinear coefficients constant within the support window
N(x), of the center pixelLinear transformation preserves edge characteristics of the guided
imagel in the filtered image™. Determination of the linear coefficients for each pixel is the
most critical step for th&uided Filter As proposed if47], this is achieved by minimizing
the difference between the filtered value and the filter inphe filter input can be the
intensity (color) imagd for traditional filtering, or any dat® such as depth or stereo
matching cost for joint guel filtering. The coefficients(Ax and By) for guided filtercan

easily be determined for each pixel as follows:

1 .. —
N al(y)D(y)- mD,
yi N(x)

>
I

55 +e (2.8)

Bk D_k' ”ZAX
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In the explicit solutionQ, and a2 are the mean and variance of the intensity image
among the suppowindow while D_k is the mean of the filter input along teeamesupport

window andN is the number of pixels in the window.n Equati on (réa 8) , 0
valuednumber utilized to prevent division by zefiche edgepreserving chacteristic of the

Guided Filter which utilizes the linear coefficientalculatedin (2.8), has beershownby

detailed experimentgl7]. On the other handhe determination of the coefficients in§R.

can beperformed by use of box filters, since the averaging operator depends on single
parametely that provides efficient computation of adaptive filtering. The extension of the
algorithm to RGB color guidance can be achieved by including a color covariange mat
instead of the variance parameter. Once the coefficients are determined, the filtered output is
achieved by applying (2) to each pixel through box filters. The required number of
operation per pixel in th&uided Filteris 107 additions, 43 multiplations anda single

(3x3) matrix inversion.

2.1.5 Cosine Integral Images

Integral imageq70], which are also known as summed area tables, enable very fast
convolution (box filter) of an image by uniform kernelsowever, color adaptive filtering
requires noruniform filtering which cannot be achieveg a single box filter. As mentioned
previously, all of the fast edgewvare filter implementations exploit multiple box filters to
provide nonuniform filtering. In[48], this idea is extended tmsine integral imagesvhich
form orthogonal basis by cosine functions for various frequendies filtering through
cosine integral images achieved as,

(9= & codu (y- ¥]1(y)
¥ N()

=cos(iX) & cosliy) | (y)+sinUux) & siny) ! (y)
yi N(x) i N(x)

(2.9)

where L(x) is the filter output, cos{x) and sin(xx) are the kernels correspding to

specific frequenciesu,. The filtering can be rormulated based on the following
trigonometri-b)idecois{¥Y)coesbl+sitaernisin) ()i n( b) .
can be efficiently calculated hyse ofbox filters. Thoughgosineandsineterms, which are

the scaling coefficientbasedon frequency and pixel locations, can be calculated initially.

Then, the filtered values for th& frequency arebtainedby only two box filters
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According to[48], the filtered valued“(x) are obtained by linear combination of these

functions as
1c=aali® |, (210
K

through the Discrete Cosine Transfof®CT) coefficients U, which determine the weights

of the basis frequencies.

The spatial and range kernel arrangement is achieved by altedgngatlable in the
cosine terms of formula given i{2.9). Replacingcos(yx) termsin (2.9) by cospFr(X)],
where Fg is a range &rmel as in Z.2); color similarities can also be included. Hence,
unifying spatial and range kernels on the target filter input which can be the intereity,

I, or any type of dateD, the edgeaware effect can be simulated by cosine filters. In ggner
usage offive to 12 fundamental frequencies is sufficient to approximate BF according to
experimental results given {d8]. In this approachthe overall computational complexity
per pixel depends on numbef cosine termsK, wherefour multiplications and 2K box
filters (eachthreeadditions andwo subtractions) are required for operations2®) which

are followed byK multiplications and additions for the linear combination to obtain the final

output.

2.1.6 Adaptive Box Filter

Box filters are widely utilized to enable fast processing independent edefireed
window size. So far, the approximations are conducted on fixed window size and unification
of multiple box filters which are obtained through sgatia range kernels on the filter input
and guidance image. One trivial approximation to provide -@slgge filtering is utilizinga
single box filter (uniform filtering) with adaptive window size. This approach is proposed in
[72] to filter cost data during stereo matching, where window size depends on the local color
characteriscs of individual pixels. Oncesach pixel is analyzed to determine proper
horizontal and vertical window bounds, filtering performeal by single box filterthat is
much more efficient in terms of computational complexity compared to the algorithms
mentioned previously. It is important to note that such an approach may not provide
sufficient accuracy as those algorithms; however, itnis of the fastest methods worth to
examine. Among many alternative ways to determine adaptive window size, color

thresholding in horizontal and vertical axes as proposg@8]iis utilized throughout this
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chapte. In this approach, the furthest pixelse determined that have RGB values closer to
the center pixel than a pdefined thresholdT) (with max distance limit olL) in four
fundamental directions. These pixels determine the bounds of the window foenter
pixel, and during the box filter uniform filtering is performed within this window. In
adaptive box filter, weighted averaging which is the key idea of color adaptivie Bt
performed on the other hand uniform averaging is achieved among adaptivdows
involving similarly colored pixels. The complexity of this approach isadiditionsand 1
box filter with threeadditions andwo subtractions.

2.1.7 Geodesic Support Filter

The spatial kernel ina bilateral filter and its approximationprovides weighting
according to pixel locations; however, it does not consider connectedness among the support
pixels, which is important for geometry related applications. As illustratdeigare 2.2,
irrelevant pixels, which do not belong to the same surface, can be assigned to higher
coefficients due to color similarity. Such a weight distribution may cause errors for geometry
dependent applications, such as segmentation, depth datanpting, stereo matchirand
motion estimation, in addition to ovemoothing of sharp edge transitions. This problem can
be solved by includingseodesic Distanc¢71] which is a well known reliable distance
transformation. Enforcing emectedness between the center and the supporting pixels,
geometrically unrelated regions are prevented from having influence during the calculation
of weighted averages. This idea is recently applied to many projik8h$75] with an

obvious performance boesp compared to other edgevare filters.

--

Figure 2.2: Non-connected regions (shown by arrows) contribute initateral filter



The calculation of geodesic distances is achieved by determiningwiskosmooth paths
from each pixel to the center pixel in a {olefined filtering window; however, this step
results in excessively high computational complexity. Thrane two main approaches to
determine geodesic distances; namedgterscan [71] and wavefront [76] algorithms.
Rasterscan approach is based on kernel operatiopkealpsequentiallyithin the window
in multiple passes (iterations), whereas whweat algorithm, such aBast Marching Method
[76], is based on iterative propagations from the center pixels. Due to limited number of
iterations, the rastescan approach is preferred for edyeare smoothing among regular
grid structures. In this method, the weight
pixels are assignedarger weights. Then, forward and backward scanning passes
performed consecutively within the window as illustrate#igure2.3.a andrigure2.3.b. In
the forward pass, the weighi#&/, of the pixels are updated according to

W(x) =minW(y) + e[l (). ()], 211)

wherey is a pixel withinK, neighborhood of pixek according to the scanning direction as
given in Figure 2.3, Fg is the range kernel measuring celise similarity between two
pixels. The weights are updated during the scanning; hence, the effect is transferred
immediately to the following pixels. Backward scan is performed, after the forward pass is
finalized by a similar update rule over the modified neighboring set. Thesespase
iterated several times & and the final weights corresponds to the geodesic distance of the
pixels in the window to the center pixel. Then, weighted averaging is performed by the
utilization of the inverse geodesic distance, in which geodeisie closer neighboring pixels

are assigned higher weights.

Kp
— —
_;f.. .t”l _F-'“'J-. - l[]")
.-"--.f-f b ) _,.-'"----f
lkn. P
(a) (b)

Figure 2.3: Effective calculation of approximate geodesic distancgg5] via two
reverse scans.
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Compared to BF, computational complexity in geodesic support is much higher, such that
for anNxNwindow with threeiterations, for each pixel 24Nveight calculations (each three
multiplications andsix additions) are required fogeodesic distance calctitan which is
followed by N additions and multiplications during weighted averaging. It is clear that

constraining connectedness among supporting pixels ra@saltigh computatioal cost

2.1.8 Arbitrary Shaped Cross Filter

In [8], a cross filter is proposed enabling arbitrary support window by considering
connected pixel groups having similar intensity characteristics. The aggregation is performed
by two passes in vertical and horizontal direction over integrages providing constant
weights within each support region. The most obvious advantage of this apj@pacthe
constant time filtering independent of windaize thatenables prompt operation. In this
appoach, for each pixel four bounds are determined in left, right, up and down directions,
corresponding to the furthest pixels having RGB values within a specific range of the center
pixel. As illustrated inFigure 2.4, for the pixel with indexp, the bounds are given as
h*,, v, and v')). In this approach, stemming from the box filter idea, first horizontal
averaging is performed by formirgummed area tablesmong horizontal axis and taking
differences of theaccumulated values corresponding to the determined bounésgure
2.4, each pixel on the same vertical axis with pigds supported among horizontal axis
specified by the red boundary. Then, performing thmesarocedure on the updated data
among vertical axis, effective arbitrary shaped 2D uniform averaging is achieved fqu.pixel
The presented algorithm decomposes 2D box filter into two orthogebabdx filters to
provide arbitrary shaped averaging windihathas the same computational complexity with
the adaptive box filter algorithm mentioned previously. On the other hand, in adaptive box
filter rectangular 2D windows (blue support regiorFigure 2.4) are utilzed depending on

the same bounds, while in this approach arbitrary shaped windows are exploited.
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Figure 2.4: Effective support regionsof the center pixel,p, for adaptive box and
arbitrary shaped filters.

The method introduced i8] seems to be an efficient alternatieethe computationally
complex geodesic support filter; providing connected averaging regions depending on local
color variation among the imgas. Howeverassignment oftonstant weights within the
support region does not yield good approximationGeodesic Filter since neighboring

pixels are not weighted depending on the color similarities.

2.2 Shortcomingsof the Prior Art

It is obvious thathe problems of stereo matching and depth datsanmpling,beingthe
challenges in this dissertation, are geometry relatedhas been established by many
researchef8][11][75] that exploitation of connected support regions improves the accuracy
for the applications based on object geometry. On the other hand, BF and its approximations
yield color adaptive edgaware filteging without any geometric constraints on the supporting
pixels. This propertylimits the accuracy to an extefdr geometry related applications.
Moreover, it has been show#7] that BF has gradient reversatitact around sharp edge
transitions, since along edge regions few pixel have similar color distribution resulting in
limited statistical data which introduces unreliability. This drawback is handled by the

Guided Filter approach[47] providing better accuracy in various applications. However,
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Guided Filteralso does not exploit geometrtonsistency and connectednésst leads to
accuracy decrease for stereo matching and depth daanying.Geodesic SuppofFilter

[71], extends color adaptive filtering by enforcing connectivity between supporting pixels,
while introducing much higher computational complexity comparedraditional BF.
Finally, the technique i8] introduces an efficient connected uniform averaging method
where arbitrary support regions are utilized. Although quite efficient, it cannot provide color
adaptive averaging among uniform weight distributidimat decreases the overall
performance. In addition to the lack of efficient weighted averaging algorithm among
connected support regions, the aforementioned methods explalefimed window sizes
which require special attention to determine. This pitypdecreases adaptability of the
algorithms for handling regions with various local color distributichssummary of the
edgeaware filter characteristics is givenTable 2.1 to provide a complete inition.

Table 2.1: Summary of state-of-the-art edgeawatre filter characteristics.

Connected Adaptive

Algorithm Imgggnwdseirffe Support  Weighted Co;ﬁgit::]ig;al
Regions Averaging
Bilateral Filter [7] X X X
Guided Filter [47] X X X
Geodesic Support [71] X X
Var. Cross Filter [§] X X

Proposed Approach

2.3 Proposed Approach

In this chapter, a novel paradigm, nameilyformation permeability engaging
computationallyefficient two pass integration approach by weighted and connected support
regionsis introduced Successive weighted summation (SWS) is applied in horizontal and
vertical directions, enabling the advantages of separate filteéoingchieve2D support
regions. Such an approach enables-iterative diffusion among adaptive support atea
provide not only reliable filtering, but alsto yield constant operation tim&loreover, the
proposed approach does not utilize any-gened window and adjust filterga for each
pixel according to edge criteria automatically without any explicit processhegproposed
method introduces further computat@ncomplexity reduction with limited number of

operations and low latency cache memory utilization at the sanee tiompeting quality
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with the state of the art techniqudhough,proposed approach @& efficient alternative to

edgeaware filters in many application areas.

All the stateof-the-art edgeaware filters have finite impulse responses (FIR) according
to their predefined window sizesThe main motivatiorbehind the proposed approashto
calculate the output as a result of infinite impulse response (IIR) type filter in a recursive
manner.In this mannerproposed approach involvédsree main stepw®; the first step is the
calculation of permeability coefficients in principal directions recursively. These coefficients
are analogous to the percentage of thea that is to be propagated through the
corresponding direction. They are utilized to perform agirg in horizontal and then
vertical directions. The order of horizontal and vertical aggregation can be interchanged
optionally (in this study, horizontal scanning is followed by vertical scanning, although a
similar performance is also observed for tlewerse option). The proposed three step
approach is an extension to the two pass cross based filtering approach introd8fesbin
that weighted averaging is achieved within an effective arbitrary shapddwin

Depending on the number of neighbors and transfer directions, proposed approach is
classified into 4neighbor and #eighbor permeability. In -ieighbor case, filtering is
achieved bya transfer among leftight-up-down directions, as in steerablédis[69]. This
approach ignores diagonal information transfer; hence, it is extendedeigtdor in the
second scenario to include diagonal axes. Although, both approaches have the same three
step structurethey have fundamental differences during the horizontal and vertical
information transfer. Therefore, first thenéighbor approach is introduced, whidh

extended to 8neighbor case in the following section.

2.3.1 4-Neighbor Permeability Filter

In this approach,data transfer is achieved in four main directiotisat resemble
decomposition of a 2D filter into two 1D filters. The work flow of the proposed algorithm is
given inFigure 2.5, where permeability weidlcalculation, horizontal and vertical transfer
are the main steps to fuse information from celise similar pixels. The normalization step

is required to map the filtered values within the range of the input data.
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Figure 2.5: Flowchart of the proposed edgeaware filter scheme

2.3.1.1 Permeability Weight Calculation

APermeabilityo is a common term in biomedic
model of the behaviors of cell membesnby defining percentage of the molecules that can
pass through. Using this weak analogy, the same idea can be used to model the transfer ratio
of datathrough an RGB pixel in an image depending on the applicagiarh as edgaware
color filtering. In edgeaware filters, weighted averaging is performed over eeoise
similar pixels; thus, permeability can be utilized to support data among similarly colored
regions. For that purpose, a permeability metric should be constructechtaugetransition
(permeability) ratio across colavise smooth regions and low transition ratio for

discontinuous color regions.

Among many alternativesn this study, the exponential function depending on color

differences is utilized to modehtapermeability /77 , from pixelx toy as,

m.,=Fl100, 1]yl N(x)

FR[I (%), 1 (y)] = min(e ¢ & ™5 & B/5), (2.12)

whereadR, a6 andaB indicate the absolute difference betweenRh& and B values of the

two spatially neighboring pixelNgx)isthe4€ orresp
neightorhood of pixelx. Permeability €, is assigned by taking minimunatatransferrate

among three channels, forcing smooth regions to have similar color values for each channel.

In order to enable information transfer in a wider range of directions, peitityeaights

are calculated in four directions, as illustratedrigure 2.6, for each pixel. The absolute

color differences are calculated between the center pixel and the first neighboring pixel in

the correspating direction. At that point, edge operators or median filter can be applied to

the input images, before the permeability calculation to reduce possible noise and improve

reliability. As a result, each pixel characteristic is modeled by four differemntights,
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yielding values in the range of [0, 1]. The range extends from impermgable = 09

transparent characteristics, as the value
u"
e nd
;n

Figure 2.6: 4-directional permeability weights

2.3.1.2 Horizontal Transfer

The main idea for horizontal transfer is to relate cole similar pixels to each other by
consecutive propagation of the filtered ddba It is important to note that, transfer is
conducted on the data which is desired tdilbered; for color filtering, it is the color view
itself, whereas, for joint filtering, it is another type of data, such as depth, stereo or motion
cost. Thereforesuccessive weighted summati@WS) is exploited to fuse information
from the precedingixels for the corresponding direction; SWS is a progress and update rule
to accumulate values along horizontal direction. Horizontal processing is applied for each
row independently; hence, intecan linerelations are not considered at that step. This
approach is similar to on@p IIR filter with an adaptive update coefficient for each pixel. In
order to fuse all available information along the horizontal axis, SWS is applied in two
directions, raster scan (léft-right) and inverse raster scan (rightleft) as illustrated in
Figure2.7. Then, the corresponding filtered values of each scan are added together to obtain

final averages in horizontal direction.

LT [ [ [ []
® ® =

Right Scan Order SWS Left Scan Order SWS
LT [T []

¢ o

Horizontal SWS

Figure 2.7: SWSis performed for two scan ordersand the final horizontal support is
obtained by summation for each pixel
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In SWS,the value of a pixel igevised byaddition of theupdated value of thprevious

pixelsthatis scaled by related permealjilitoefficientaccording to
D"R(x) =D(X) + m*(x- YD R(x-1) (2.13)

whereD(x) is thereal valuedilter input for the pixel with horizontal index (for simplicity
row index is dropped D"°R(x) is the updated value in raster sc@f(x-1) is the permealbity
coefficient of the previous pixel indicating the transfer ratio.

Thedatafrom the previous pixel is transferred to the next pixel by permeability weighted
cost values. Due to this successive approach, the effect of distant pixels can be tramsferred
successive multiplications of tte& values. This characteristic can be observed by analyzing

the update rule given 2 13) and turning it inta closedform as

D"°R(x) = D(X) + m*(x- 1) D"°R(x- 1)
= D(X) + MR (x- D{D(x- 1) + 7R (x- 2) D“*R(x- 2)}

4 (2.14)
=D+ & {D(x- DO R (x- )
R ARY

=D(¥+4 D(x- 1) WER(x- )
i=1

wherethe updated values are written in an explicit faeach stepntil the leftmost pixel
is reached in this direction. The effective wejdMy, betweerpixels x andy (x>y) can be
obtained by successively multiplying all the right permeability weights between ingdices
and x. The support of the cost ves may extend to large distances as long as high
permeability weights are observed consecutively. Once an impermeable pixeh @eor
sharp intensity/color discontinujtys observed on the left of a pixel, then taabehind the
impermeable region cannot be propagated to the right. Actually, this property provides
support regions to be connected, i.e. a pixel is supportedewops pixels on the left as

long as there is smooth color transition along the path.

For the inverse raster scan, SWS starts from the last pixel on the right and the update rule

with its closed fornas
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DRY(x) = D(X) + nr (x- ) DR (x- 1)

D) +A (Do) O M x+ i) (215)
i=1 &=1)V)VR:DL() ))(

whereL defines the width of the row)"°f(x) corresponds to the left accumulated value of
the pixel with column index. In this scan order, left permeability coefficients are utilized to

weight aggregated values during the transfer.

The update principle of SWIS summarized ifrigure 2.8, to clarify the operationalong

a row, where inpudata,D, is filtered according to thegpermeabilitycoefficientsof the RGB

DR (x) = D(x) + m" (x+1).D " (x +1)

image.
>
D(x- 1) D (x) D(x+1) D(x+2) Initial Data
f ed
D LR (X' 1) D toR (X) DLtOR(X+1) D MR (X+2) ) tAgg:aegat
D "R (x) = D(x)+ m"(x- 1).D "R (x- 1)
-
D(x- 1) D (x) D(x+1) D(x+2) Initial Data
Right A ted
DRtoL(X_ 1) D RtoL (X) DRtoL(X+1) DRtoL(X+2) g Dg%;ega

Figure 2.8: Update rule in left and right scan orders during SWS

SWS in both scan orders are performed on the original data; Tey. provide

independentdata from the reverse direction, as Figure 2.7. In order to obtain final
horizontal weighted average of each pixel, the accumulation values réiied uby

summation as,

DHor(X) — DLtoR(X) + DRtoL(X) (216)

26



The edgepreserving property of SWS can be illustrated by an example givEigime
2.9, for which intensity values and corresponding permeability weights are presented. For
simplicity, permeability weights are calculated according to intensity levels ratheR@GRn
through an exponentidlunction defined in (2.11). According to the sketch of intensity
values, two discontinuities which can also be figured out in the distribution of the
permeability coefficientexist In Figure2.9, results of thedft-to-right and rightto-left SWS
results, which are obtained according to the ruldsgnre2.8 are given It is clear from the
SWS plots that accumulation of data stops at edge pixels having low permeadbigitytsv
that prevent data transfer from regions with different intensity variation. This behavior is
exactly the property of edgmeserving filters. Thoughhe final horizontal accumulation
which is obtained by addition of values from two scanrdirgctions preserveshe edge
characteristics as well. When the accumulated values are normalized by the accumulation of
weights obtained through SWS over dummy data consistitog rofe(rfiosmalization details
are given in the following section), the final filtérevalues are obtained as illustrated in
Figure 2.9. The result indicates that data (intensity values in this example) is filtered
according to the intesity distribution among the rowhat is the desired edegaware

characteristic.

According to the update rule in SWS, constant computational complexity is observed,
such that for each pixel, horizontal aggregatalliesare calculatedby two multiplications
and two additions during left and right scan orders andfioak addition; resultingn two
multiplications and three additions per pixel. Hence, all pixels are filtered by two scans
yielding an efficient calculation. Although limited number of operations is performed for
each pixel, their resnt affect is weidpted averaging along trentirerow, as given by the
closed form representation in (2)Jand (2.5). At that point, effective weight distribution of
a pixel is determined by consecutive permeability coefficients. Analyzing the effective
weights, it is obious that they tend to decrease as the supporting pixels get further from the
corresponding point. In addition, color (intensity) changes decreases the effective weights
providing connected and weighted support for each pixel. Following the examplegiven
Figure2.9, the effective weight distribution for three different pixels at indexes of 4, 12 and
22 (with red, blue and green dots) are givekigure2.10 thatare de¢rmined by two SWS
in reverse order. These distributions correspond to the actual weights of the neighboring

pixels to obtain the same filtered values for these pixels via weighted averaging
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Figure 2.9: The edgepreserving characteristics of SWS on 1D signal is clearly
observed after normalization.
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Figure 2.10: 1D effective weight distributions for three pointsfor the intensity
profile in Figure 2.9.

In Figure2.10, it is obvious that each pixel is supported by neighboring pixels with similar
intensity characteristics which enable edgeare filtering. Moreover, connextness is also
enforced in such a way that once an impermeable region is encountered, there is no way to

transferdatathrough,and sincgpermeability weights reset the previous accumulation values.

2.3.1.3 Vertical Transfer

During horizontal processingjatatransfer is performed for each row independently,
while vertical relation is not considered. However, in order to obtain 2D effective filter, 1D
horizontal transfer should be extended by use of vertical SWS, as in separable filters. Hence,
SWS is performedn the horizontally accumulated data, as obtained in the previous section,
along the vertical axis. In this case, scanning directions are upwards and downwards during
the calculation of partial weighted accumulation values, which are then unified to titgai
final vertical accumulation. The update rule during vertical SWS is similar to its horizontal
counterpart having edgeawareness characteristidsy the use of vertical permeability

coefficients in this cas&or clarity, the equations for vertica\& are giveras

D"™%(y) =D"™'(y) + m(y- JD"(y- 1)
D®°"(y) =D"™"(y)+ m (y+1) D" (y+1) (217)
D (y) = D™®(y) + D®°"(y)
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where the final filter outpuDg(y) is obtained by the summation toip-to-bottom D™, and
bottomto-top, D®°', SWS values. It is important to note that horizontally filtered values are

utilized duringthese operations.

2.3.1.4 Effective Filter

After the vertical pass, 2D support regions are provided since the vertical SWSs are
performed on horizontiyl supported data. IRigure 2.11, final effective support regionsf
two pixels on the same column ailtustrated. InFigure 2.11a, the effective horizontal
weight distribution of each pixebn the same column, where lighter regions correspond to
higher weightds given It is clear that, coloetwise smooth regions provide strong supports
within, and the information transfer is prevented along edge regionBigume 2.11.b,
vertical effective weights of the corresponding pixélat arethe result of two pass vertical
transfer are illustrated The final 2D effective support weights iRigure 2.11.c are
constructed by further weighting horizontal support region with vertical weights. The
presentecSWS can be simulated by direct calculation of weighted summation through these
weights which correspond to contribution of neighboring pixels. However, compared to
computationally complex direct implementation, proposed approach requiressianly

additiors andfour multiplications per pixel.

2.3.1.5Normalization

Horizontal and vertical SWS operations provide edgare weighted accumulation of
data. In order to obtain the filtered values in rai@e255] for 8-bit color filtering) with the
filter input, a normalization step is required as given in (2.1). Though, the accumulated
values should be normalized by the sum of effective weights for each pixel. These values can
easily be calculated by applying proposed filtering steps to a dummy data consisting of ones.
In this way, accumulated values correspond to permeability coefficients due to multiplicative

ineffectiveness ots. Thus, theormalizationcan be calculateds;

Fre: (D)
FPer (l)

D, = (2.17)
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Horizontal Transfer Vertical Transfer

£55

(b) (c)

Figure 2.11: (a) Horizontal effective weights of the pixels on the same column, (b)
vertical effective weights for two pixels, (c) 2D effective weights after horizontal and

vertical SWS (A denotes the convolution operation).

wher Fpe, is the proposed edgmvare filter,D is the filter input and. is the data consisting
of only ones This step is required for in range filtering such as color filtenaising, depth
up-scaling, flasino flash joint filter etc. On the other hambrmalization is useless for
filtering of cost volume during stereo matching or motion vector estimdtiahonly
increases computational complexit. typical exampleof color filtering to obsere the
effect of normalization is illustrated iRigure 2.12, where the intermediate steps of the
proposed filtering are also given. Fiigure2.12.b, the resultant aggregation after horizontal
and vertical SW$s illustrated; it isclear thataccumulatiorvalues of the smooth regions are
higher due to high transition of RGB. Moreover, object boundaries are also preserved in the
aggregation dataas a desired property for edgeareness. After normalization of the
aggregated data amaling to the weight distribution given Figure2.12.c, the filter output

with crisp object boundaries is obtainedrigure2.12.d.

The proposed -feighbor SWS, enalde processing of each row and column
independently with cache friendly data acquisition, due to consecutive processing. Besides,
this filter does not require any iteration or joiefined window to fusedata from the
neighboring pixels. Instead, depending total characteristics effective regions are

determined automatically by the permeability coefficietttgs important to nte that the
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order ofrow and column scansan beinterchangd; however throughoutthis dissertation;

row-column order is followed.

(©) (@)

Figure 2.12: (a) input color view, (b) permeability filter output without normalization,
(c) normalization coefficients, (d)final filter output after normalization.

2.3.2 8-Neighbor Permeability Filter

The separable -deighbor filtering cannot cover diagonal directions due to orthogonal
scanning. A trivial way to accomplish thdrawbackcould beto perform SWS kbong
diagonal axes in addition to vertical and horizontal directions and enhance filtering
capaility. However, thisapproach can only cover additional directions W r ot at i on
according to main two axe$at is not sufficient to transfer information from all pixels.
Instead, &direction approach is proposed through similar steps as in theopseséection

with fundamental updates.
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2.3.2.1 Permeability Weight Calculation

In this case, permeability weights are determined déaght principal directions
corresponding to all neighbors of the pixels as illustrateBiguire 2.13. The weights are

calculated according tequation(2.12), for theeightneighbors.

vl pb | UR
A M
/
plet- ¢ —p

Figure 2.13: 8-neighbor permeability weights

2.3.2.2 Horizontal Transfer

In this case, a similar progress amblate rule (SWS), introduced previously, is exploited
to fusedatafrom the preceding pixels for the corresponding direction. As illustrated in
Figure2.14, horizontal transfer is performed in two steps with-leftight and rightto-left
scanning. During the horizontal scanning operations; for each pixel, information propagation
is achieved by three neighboring preceding pixels such that the updated data of these pixels
are added to the current pixel with periviéty coefficientsgiven as,

D"°%(x,y) = D(x, )

#2{0M(x- Ly - AP (x- 1y~ )

(2.19)
+D"R(x- Ly) m'(x- 1Y)
+D"R(x- 1, y+1) mR(x- 1, y+1)}
DRtOL(X, y) = D(X, y)
} RtoL . L(x- -
#IDT Ly ) (x-1y- ) (2.20)

+ DY (x+1,y) r1F (x+1,y)
+ DM (x+1Ly+1) " (x+1,y+1)}
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where and correspond to updated filtered data for-tefright and rightto-left
scanning directiongespectively At that point, the filtered da D, can bea depth mapa

color image or another type of data depending on the purpose of filtering.

The dataransfer from the preceding pixdks achieved aftethe process of the previous
pixelsis finalized Thus, processing order of pixels havebeocolumnwise such that once
the operations over the pixels at a column are finished, the process of pixels at the next
column starts from the top pixel to the bottom,lastratedin Figure 2.14. Datafrom the
updated pixels (filled circles) is transferred to thepuoocessed pixels (empty circles).
Horizontal scan is finalized by the summationDf® and D™*" to fuse filteed values in

reverse directions.

© Un-Processed

Left-to-Right Trcf_!gsfer ® Processed Right—go-Left Transfer

L] - - ]
*—Tre a8
L] L+ ] o ]
. ° -] .
.| © -] .
» o o L]
(a) (b)
Figure 2.14: Data transfer pipe-line for horizontal transfer (a) left-to-right, (b) right -to-
left.

During SWS, it is clear that effect of a pixel on the target pixel is observed through
multiple paths with combination of related permeability weights andesponding three
principle directions. This is the extension of horizontal SWS 4ineighbor version.
Moreover, as the distance between pixels is increased, number of possible contributing paths
increases as illustrated Figure 2.15. In thisfigure, number of possible paths is given for
each effective pixel in lefto-right transfer to the circled pixel. An example is given in
Figure 2.15.b, illustrating two paths from gixel, y, to anotherx, among45 alternatives
according td=igure2.15.a (five pixelsalongx-axis andonepixel alongy-axis away from the

circled pixel), wheralatatransfer is considered in lefb-right scan.
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Figure 2.15: (a) Number of possible contributing paths increases as the distanoéthe
target pixel increases. (b) Two possible path configurations among 45 alternative paths
betweenx andy.

Each pathyields to a transfer rationas a result of differentcombinatios of

permeabilities. For the two paths giverFigure2.15, the effective weights are calculated as

mhy = G () R @ (@) " (@) rF 4
rhy = Q) nf () nP*(®) M (6) nF (7) " 8) (2.21)
1545
My (Y- X)=mu(x- ) :(5) a yn
=0

where given the inlex numbers of the pixels through which paths continue, the arrows
correspond to the related transfer direction of the pixel among the specified path. Depending
on the transfer directionthrough each pixel data idransferredby the corresponding
permeatity. For the first path for example, starting from piyepixels with indexes of 1, 2,

3 and 4 are visitethathas influence on the weight by the related permeability coefficients as
given in 2.21). The scaling by the factdl/3, is due to the averagy in (2.19) performed to

prevent over summation.

The total effect®y, of the pixely in Figure2.15.b on the target pixek is the determined
by summation of all effective weights related with all possiblthgdetween two pixels
(2.21). The effective weight of over x is symmetric such that the same path is traversed
from x to y during thedatatransfer in rightto-left scan order. It is important to note that,

since the transfer is performed through midtipaths, data penetration continues by
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consecutive high permeability weights, and is prevented by the impermeable pixels on the
path as in 4eighbor horizontal SWS. Hence, the edgere characteristic is preserved in

this case with improved directionahformation. This property still guarags the
connectedness of the effective smoothing region which is bounded by intensity Euges.
computational complexity of the extended version suontto be eight multiplication and

seven addition operatioper pixel.

2.3.2.3 Vertical Transfer

The horizontal transfer symmetrically diffuses information from the left and right
directions as illustrated ifrigure 2.16; and should be extended to cover all directions
including topbottom axis.For thispurpose vertical transfer is performed over harizontally
filtered data with similar update and progress rule. This second pass provides a wider

information transfer area enabling larger smoothing regions depending on color dstributi

Top to Bottom

{

Left to Right Right to Left

= <=

t

Bottom to Top

Figure 2.16: The space covered by horizontal and vertical transfers

Vertical filtering is achieved in two steps as illustratedrigure2.17, top-to-bottom and
bottomto-top directions. In this caspropagaibn in vertical directionis achieved according

to
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DTtOB(X, y) - DHor (X, y)

+ (D™ (x- Ly- Y (x- Ly- )

(2.22)
+D™8(x,y- ) P (x,y- 1)
+D"%(x+1y- D) " (x+1y- 1}
DBtOT(X, y) - DHor (X, y)
1 st/ Riy._
+3ID™x Ly+D) % (x- Ly +1) | (223)

+D%T(x, y+1) 7 (x,y +1)
+DT(x+Ly+) m" (x+1y+1)}

whereD™® and D®" correspond to updated filtered data for thp-to-bottom and bottom

to-top scan orders. In vertical filtering, the process order in horizontal filtering is transposed,
in such a way that the processing of the next row starts, when all of the pixels in the
corresponding row are finalized. Althoutjte processing order of pixels is raster scan, the
data is carried out along the vertical direction by the vertical permeability weights.

Performing topto-down and dowsio-top propagation, the final filtered values are obtained
by summation oD™®andD®"°", as

D, (X) = D™®(x) + D®°"(x) . (2.24)

© Un-Processed

. Py
Top-to-Bottom Transfer Processed Bottom-to-Top Transfer

"o

() (b)

Figure 2.17: Data transfer pipe-line for vertical transfer (a) top-to-bottom, (b) bottom-
to-top.
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2.3.2.4 Effective Filter

TheDF in (2.24) involves the weighted sumtien of intensity values of all of the pixels
in the image, where the effective weights are determined by the consecutive multiplications
among possible paths. In-ddection case, all directions are considered without any
approximation of separate filted. However, the increase in number of possible
contributingpatts, as illustrated irFigure 2.15, is lower compared to thgamping factor of
the power ofl/3. Therefore, the effect of distant pixels is reduttetimay not be desired for
various applications. On the other haneheBghbor extensioman calculate support from
different directiondy use ofl6 multiplications and 14 additiomer pixel thais three times
more complex thaits 4-neighbor version.

As mentioned inSection 2.3.1 normalization isalso required for this approacthat is
achievedin a similar wayby performing the filtdng operation on data consisting ds.

Then, normalization is achievedcording to the equation {8.17).

2.4 Complexity Analysis

In this section, proposed two approachesvé} 8neighbor filters) are compared against
the aforementioned statd-the-art edgeaware filters in terms of computational complexity
and memory requirement. For this purpas@int datafilter scenario is selected, in which
single channel data (depth map, cost function) is filtered accordifG® color image
within anNxN support window. This scenario is coherent with the algorithm flow for stereo
matching and depth ugcaling, which are thenain tools in this dissertation. The extension
of this scenario to color image filtering can be achieved by processing each channel

independentlyand thaincreases computation almost three times for all analyzed filters.

Computational complexity is mea®d by the number of operations including addition
and multiplication; for the sake of simplicity subtraction and division (inverse multiplication)
are considered to hawbee same complexity athat of addition and multiplication. Range
kernel calculationis a common step in all methods and intensity difference-lipotables
can be utilized to decreatiee number of multiplications. The total number of computations
is given inTable 2.2; it is clear thatGeodesicFilter [71] unifying color adaptability and
connectedness has the largest complakiyis followed byBilateral Filter [45]. Constant

Time Bilateral Filter[64] requires less number of operations compardduioled Filter[47]
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and Cosine Integral[48] approach Adaptive Box Filte[72] and Arbitrary Shaped Cross

Filter [8] do not have any multiplicative steps, since they utilize standard averaging among
specified support regions; however, as the window sizeedses, they require more
operations than the proposeehdighbor algorithm. The-Beighbor permeability filter has

much less complexity compared to the bilateral filter and its approximations. On the average,
4-neighbor permeability filter has the minimunumber of operations, yielding weighted
averages over connected regions. This method enables approximation of Geodesic Distance

with much less computation.

Memory requirement is an important factor that has an influence on the complexity of
the algorithms Hence, algorithms are also analyzed based on the required additional
memory in terms of the image sjZé&/xH as given inTable 2.3. In Adaptive Boxand
Arbitrary Shaped Cross Filtememory requirement is largepmpared toBilateral Filter,
since for each pixel window bounds should be stored. The same requirement is valid for
permeability filters, so that for-Aeighbor case, additiondlimagearea (4 image area for 8
neigtbor) is utilized to store permeabilityoefficients, due to symmetry. It is clear from
Table2.3, that apart fronGGuided Filter the memory requirement is around acceptable levels

for all edgeaware filters.

Table 2.2: Total number of operationsper pixel in terms of addition and multiplication.

Complexity (NxN) Bilateral 2-pass Bilateral O(1) Bilateral Guided Cos. Int.
# of Addition 4N? 8N 66 107 88
# of Multiplication N2 2N 6 43 12
Adapt. Box Geodesic AR Cross Proposed-4 Proposed-8
# of Addition 2N+5 145N?2 2N+4 12 26
# of Multiplication - 73N2 - 4 16

Table 2.3: Additional memory requirement of edgeaware filters in terms of input
image size(WxH), (i.e. guided filter requires additional memory of 14 input image size)

Memory Requirement| Bilateral 2-pass Bilateral O(1) Bilateral Guided Cos. Int.
(WxH) 1 1 2 14 4
Adapt. Box Geodesic AR Cross Proposed-4 Proposed-8
(WxH) 5 1 5 3 5
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2.5 Experimental Results

Proposed approach is compared with ealgare filtersin terms offilter characteristics,
computational speed and accuracy tadaike the complexity analysis. It is important to note
that, all of the filters are implemented on the same platform, for which original
implementations o€osine Integral Imagepl8], Constant Time BF64] and Guided Filter
[47] are provided by their authors. In order to observe filter characteristics, weight
distributions are also given for three different pixels as st inFigure2.18, Figure2.19
andFigure2.20. The support regions are determined for the blue squared pixels at the center
of the selected windows. Irigure2.18, a region with similar color distribution is chosen in
which certain regions belong to different surfaces. As observed in the first row of the weight
maps, bilateral filter andts approximations provide high correlation weights for the
disconnected pixels havirtbe same color variation with the center. The main reason of this
result is the fact that geometry constraint is not enforced in these methods. On the other
hand, Geodsic Filter, Cross Filter and proposed approaches provide connected support
regions for the center pixel, whe@ross Filterexploits constant weight and the others yield
color adaptive weight distribution. Proposed approaches, especiajgBbor version
model and approximate geodesic distance unifying connected and weighted support regions.
In Figure2.19, apart fromGuided Filter all the methods provide crisp filtering area for the
blue squared pixel. The sump provided by the 8eighbor permeability filter is limited
compared to the remaining filtethat is actually due to the scaling factor of (1/3) during
propagation. InFigure 2.20, it can be easily observed thidie proposed approach yields
crisper support regions th&@eodesic Filteiin certain cases. Due to vertical edge directions,
the filter area is limited for Cross Filter and permeability filter. Besides, on the first row,
high weights of unrelated pixekre obvious for BF and its approximations which do not
constrain geometric connectedness. According to these results, it can be concluded that
permeability filter approximates Geodesic Filter effect wilignificantly lower

computational complexityielding geometrically consistent and weighted support.
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Figure 2.18: The welght distribution for the center plxel a) Bilateral Filter, (b) Two-
pass bilateral Filter, (c) Constant time Bilateral Filter, (d) GuidedFilter, (e) Cosine
Integral, (f) Adaptive Box Filter, (g) Geodesic Filter, (h) Arbitrary Region Cross Filter,
(i) Proposed 4neighbor, (j) Proposed 8neighbor.

® (® (h) (@) )

Figure 2.19: The weight distribution for t he center pixel a) Bilateral Filter, (b) Two
pass bilateral Filter, (c) Constant time Bilateral Filter, (d) Guided Filter, (e) Cosine
Integral, (f) Adaptive Box Filter, (g) Geodesic Filter, (h) Arbitrary Region Cross Filter,
(i) Proposed 4neighbor, (j) Proposed &neighbor.
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Figure 2.20: The weight distribution for the center pixel a) Bilateral Filter, (b) Two-
pass bilateral Filter, (c) Constant time Bilateral Filter, (d) Guided Filter, (e) Cosine
Integral, (f) Adaptive Box Filter, (g) Geodesic Filter, (h) Arbitrary Region Cross Filter,
(i) Proposed 4neighbor, (j) Proposed 8neighbor.

Visual comparison of the effective weight distribution of 4 areeRjhbor approaches are
given in Figure 2.21, in which support regions for four different pixels (blue circled) are
illustrated. In the right column, supporting pixels with high weight factors (>0.1) are
illustrated todiscriminatecolor variations among the supporti@gs. It is important to note
that for these methods, the support window area is determined automatically by the
distribution of permeability coefficients; i.e., window size is fired initially. Using the
same parameters for permeability coefficientedmination it is clear that eighbor
version enables muctwider filter support. Moreover, support area is determined
automatically based on the local color variations. This is an important property that prevents
possible ovesmoothing and preserves edgharacteristics of the guidance image. As
mentioned previously,-Beighbor approach enables better directional handling; however, it
suffers from limited support area due to scaling factor (1/3) during SWS as givedah (
and @.19). This property cahe critical for filtering of cost functions during stereo matching

and motion vector estimation that requires lasygportarea.

On the other hand, the effect of smoothing fadior whi ch det er mi nes th

permeability coefficients, is illustrated inFigure 2.22. As this parameter increasefata
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transfer rates increase, which increase smoothing area as well. The pixels having weights
larger than 0.1 are given iRigure 2.22 to illustrate edg@reserving property based on
smoothing factor. It can be observed that effective weight distribution expands to distant
pixels and support regions lose crispness as well as same color distribution. Throughout this
study, the range of color similarity scaling facta) s set to [816] enabling sufficient edge
awareness asbservedn Figure2.22.

Figure 2.21: Effective weights and filter are provided by 4neighbor (above) and 8
neighbor permeability filter (below).

Figure 2.22: As smoothing parameter increases, effectiveupport region area gets
larger for each pixel thatdecrease®dgeawareness.
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After analyzing filter characteristics, they are compared in terms of execution times
through experiments performed on a 3.06GHz Intel Core i7 CPU with 6 GB RAM. As given
in Table 2.4, joint data filtering (depth upcaling) is applied for an image resolution of
(720x576)for 30x30supporting windows. According to the results, it can be easily argued
that the proposed method with its two versions has the fastest execution time which is
compatible with the computational complexity analysis givefiable2.2. One main reason
of this result in addition to low number operationis its cache friendly data access pattern,
where consecutive processisgexploited during horizontal and vertical successive weighted
summation in permeability filter. For the remaining techniques, box filter, which is utilized
intensively, requires multiple jumps on tlecumulateddata in horizontal and vertical
directions increasing latency, as well as execution time to a certaintextesn expected,
providing connected support regions with weighted averagin@Ge@desialistance is time
consuming, even compared to traditional BBnstant Time BRas significant improement
in computational complexity with sufficient modeling accuracy as observed in weight
distribution maps and detailed analysis [B¥]. Further computational comparison is

conducted on stereo matching chapidrich also yields correlated results witable2.4.

Table 2.4: Computation times of edgeaware filters for joint filtering of animage with a
size of 720x576

Computation Time . 2-pass . .
(msec) Bilateral Bilateral O(1) Bilateral  Guided Cos. Int.
720x576 1.9 10 1480 200 470 2146

Adapt. Box Geodesic Var. Cross Proposed-4 Proposed-8
720x576 426 3.6 10° 426 85 193

According tothe geometry related applicatmiof edgeaware filters throughout this
dissertation, the experiments on accuracy comparison are conducted in two cases. In the first
scenarig joint up-scaling performance is measured byngsground truth disparity (depth)
maps given inMiddlebury Stereo Online Benchmdrkll]. The actual disparity maps are
downsampled by three factorg,(4 and8) then upsampled via welknown linearBicubic
filter. This is followed by edgaware filtering with respect to high resolution color images.
Then, refined depth maps are compared to the ground truth versions by the common metric
exploited to evaluate performance of stereo algorithms in the benchmarkatih of the
pixels having depth level difference larger tiaevel. The experiments are conducted3on
different scenes to cover various scenes and for each method parameter settings with the best

performance are exploited. The average error rategigen inFigure 2.23, while the best
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performance i®btainedby Geodesic Filter The proposed approaches have the second best
performance for wgampling level of 2. As the ratio increases, superior performahce o
Geodesic Filteris visible. It is interesting to note th@&uided Filter and Cosine Integral
approaches have worse performance compar8&ictic interpolation. The main reason of
this result isthe fact that among small support windows, the model megoby these
techniques cannot approxima&€. In all cases, the proposed method outperfoknistrary
Cross FilterandConstant Time BRyhich are the fastest algorithms after permeability filter.

Typical upscaling results (scale by 4) are given for Bfdls image sequence igure2.24.

The joint comparison of the edgevare filters is summarized Figure2.25, wherex-axis
corresponds to the log of the execution tim&able2.4, andy-axis is the average error rate
for three scales. According to this comparison, it can be stated that the proposed approach
enables much faster processing among all techniques with the secsndveeage
performance. Therefore, it is an alternative to the sibthe-art edgeaware filtering
techniques, while unifying fast operation and high accurgayther comparative analyses
on accuracy and execution time are conducted on the sterectiestioeapter.

M Bicubic

H Bilateral

M 2-pass Bil.
m O(1) Bil

B Guided

m Cos. Int.

W Adapt. Box

B Arbitrary Cross

Geodesic

M Proposed-4
Proposed-8

Percentage of Pixels with (Ad>1)

Up-scaleby 2 Up-scaleby 4 Up-scale by 8

Figure 2.23: Percentage oferroneouspixelswhosedisparity error is larger than one
level compared to ground truth for three different scaling ratios
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Figure 2.24: First row: color image, ground truth and down-sampled (by 4) disparity
maps; Second row: filter results ofBilateral Filter, Two-pass bilateral Filter, Constant
time Bilateral Filter, Guided Filter and Cosine IntegralThird row : filter results of
Adaptive Box Filter, Geodesic Filter, Arbitrary Region Cross Filter, Proposededghbor,
Proposed &eighbor.
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+ + Bilateral

A 2-passBil.
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55 -

+ Cos. Int.

©® Adapt. Box

Ko ®

5 L > Arbitrary Cross
_ A . I Geodesic
a5 - = Proposed-4

Proposed-8

Percentage of Pixels with {Ad>1)
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Log of Computation time (msec)

Figure 2.25: Joint evaluation of accuracy and computational complexity(in logarithmic
scale)for edge-aware filters

2.6 Conclusion

In this chapter, statef-the-art edgeaware filtering techniquesre examined and an
efficient contenbased data filtering method (permeability filter) is introduced, exploiting

horizontal and vertial propagation based on local color characteristics. The proposed
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approach improves traditional edgeeserving approaches in terms of connectivity and
computational complexity. Moreover, permeability filter simula@sodesic Supponvith
considerable aoputation reduction, providing connected and weighted averages over
adaptively determined support area. The separable information propagation via SWS enables
constantcomplexity for edgeawarefiltering with no specification of window sizes. Hence,
totally content adaptive filtering is provided depending on color variation. In addition,
successive information transfer enforces effective support regions for filtering to be
connected, which prevents contribution of irrelevant pixels that do not belong to same
surface. This is important for geometry related applicatistsh as depth ugcaling, stereo
matching and motion vector estimation, providing pixels on the same surface to involve

similar geometry (depth, motion) characteristics.

According to experimés, the permeability filter provides high quality results for
disparity map ugsampling, competitive with the stadé-the-art. Moreover, the fastest
execution time is achieved by the proposed algorithm, utilizing efigmely data
acquisition for CPU, a1 well as high parallelization with row and column independency,
which makes GPU implementatideasible Depending on the computational complexity
analysis, memory requirement and accuyacgposed filtering methag a strong alternative
to the leadingstateof-the-art edgeaware filters in many application areas with less
computational complexity and high quality results. In the following chapter, further
comparison ipresentedbetween permeability filter and stadéthe-art techniques for stereo
matding that validates superior performance of the proposed method on geometry

dependent applications.
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CHAPTER 3

STEREO MATCHING

Generation of stereo images is achieved by utilizing two horizontally aligned cameras
separated by a specified blise. Separation of left and right cameras provides a parallax
leading horizontal shifts between two images. This capture method resembles human vision
systemin which functionality of the eyes is replaced with horizontally aligned cameras as
illustrated n Figure 3.1. The perception of binocular depth cues is the result of parallax
between left and right viewthatis the most endeavored way to provide 3D perception in 2D
displays and projectors. The horizontalftshbetween images are related to perceived depth
of the points with three types as illustratedrigure3.2. The points are observed behind the
screen when there is positive disparity between conjugate paiedtiand right images.
When there is no disparity (zero disparity), points are perceived on the screen as in 2D
content. On the other hand, objects come closer to the viewer in front of the screen as the
disparity between left and right painscrease in rgative direction.The relation between
disparityand depth can be formulated by

Z.B

Depth=
P54

: (3.1)

whereZ corresponds to the distance betwémnscreen and the observ& s the baseline
distance between two cameras (eyes)drsdthepixel disparity between conjugate paiss.

can also be considered as the distance between the focus point of stereo cameras and the
center ofthe baseline. In this manner, tlegrhulation in 8.1) is valid for both stereo capture

and imaging devices to rasure the recorded or perceived depth of a scerns. dtso
important to note thah stereo production or 3D display systettere is an upper limit for

the maximum value of the disparitlyatis the baseline distance between two cameras. This

is a natual result of human visual system (HVS) where eyes can maximally converge at

infinity and cannot diverge.
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Figure 3.1: Observation of a scene through two eyes enables binocular cues for 3D

perception.
— —g——— Screen
d
B
Positive Disparity Zero Disparity Negative Disparity

Figure 3.2: Three cases fotthe relation of disparity and perceiveddepth for stereo
camera systems

Depending on the relation formulated B1(), depth estimation problem can be reduced
to finding matching pints for each pixel across stereo images, corresponding to specific
disparities. At that point, horizontal alignment of cameras simplifies matching such that
conjugate pairs are located on the same vertical coordinates as illustrgigper@38.3. In the

figure, conjugate pairgie same colored points in left and right images) lie on the horizontal
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epipolar line with a specific parallax based on the depth structure. In certain cases, stereo
cameras may not haveotizontal alignment due to imperfect calibration; this requires
rectification which is a prprocessing step that warps one of the stereo views with respect to
the other in order to align corresponding stiaes. Hence stereo matching can be defined

as he problem of finding parallax of each pixel in left and right images as illustrated in
Figure 3.3, which provides depth distribution or perceived depth of a scene captured by a
stereo camera system.

Figure 3.3: Conjugate pixel pairs between stereo viewle on the same vertical
coordinates(Art stereo sequencgl11]).

Stereo matching has attracted many researctieesto its wide apglcation area in
computer vision, such as 3D object modeling, robot navigation, face recognition, object
tracking, automatic aviation systems, medical and military applications and consumer
electronics. The emergence of 3D TVs is also expected to pusestreaeh efforts on stereo
processing furtheby a demand on redime systems for extraction of 3D information
embedded within stereo views. In the next section, a literature survey is given on stereo
matchingthat is followed by the motivation behind tleevelopment of a stereo matching
algorithm in the scope of this dissertation. The proposed sterediingatalgorithm is
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presented in &tion3.4 and the exgrimental results are given ire&ion3.5. Finally, this

chapter concludes ine$tion3.6.

3.1 RelatedWork

During therecent years, many algorithms have been developed for stereo matching and
an excellent taxonomy for these algorithmsaisilable in[4] where a classification is
provided according to the maiag cost, disparity optimization and disparity refinement
stages. Actually, diversity of the algorithms mostly relies on the second stage where
optimization approach determines the main characteristics (complexity, precision) of the
methodsHence estimaion algorithms can be analyzed with four fundamental optimization

approachegjamelylocal, global, cooperative and segiobal.

In local methodqd5]-[11], dispariy map assi gnment i-takeaalclhd e v e c
optimization after treating each disparity candidate independently. The matching cost
function is aggregated throughsummation ofan averaging over a support region and the
disparity providing minimum cst is assigned to the corresponding pixel. As stated in the
previous chapter, support region determines accuracy of this type of algorithms and the most
common approach is to exploit winddyased regions in order to simplify the aggregation.

The local metbhds do not involve any iteration steps which provide simplicity and fast
operations as well as low memory requirement. Thus, these methods are available for real
time implementations on special platforms such as general purpose graphics processing unit
(GPGPU). In that manner, efforts on efficient window based algorithms get popularity with

the requirement of disparity maps on variety of 3D systems.

The second group involves global optimization algoritH&®]-[20], which are more
complex and yield more precise estimates compardtiegdocal methods. In this group,
smoothness assumption of the disparity map is utilized by explicitly enforcing neighboring
pixels to havesimilar depth assignments. These methods are formulated in an -energy
minimization framework and the objective is to optimize the global energy for the estimated
disparity map. Markov Random Fie[MRF) modeling is the most common approach for
global methds, where efficient algorithms such as belief propagdti@h and graph cuts
[14] have been introduced for the solution. In bath these approaches an iterative
framework is exploited to provide smooth disparity maps and high visual similarity between

matched pixels. In generdy)RFs are constructed on regular grids and message passing is
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achieved pixelvise; however this approach may result in errors at object laoiesd This
problem is handled by introducing region bad¢BFs, where each node corresponds to
similarly color pixel groups, supguxels, instead of individual pixels. This approach
requires initial ovelssegmentation which determines piagise smooth uits (pixel groups).

Thus, message passing is achieved through an irregular grid which preserves object
boundaries. I117] and[19], the global optimization is perfiored over pixel groups after an

initial segmentation process; homogenous pixel groups are supposed to have planar
characteristics; hence piesgse smoothness is constrained within the scene. The precision
of global methods is increased especially at oljecindaries and weakly textured regions
with the initial oversegmentation step. However, utilization of irregular grids (pixels
groups) instead of regular grids prevents the availability for fast processing due to symmetry
loss. According to the test baedpplied throughl11] where disparity estimation algorithms

are compared in terms of accuratye best method®elong tothe class of region based
belief propagationhatis an importanevidenceor the relidility of these methods.

Cooperative methodR1]-[24] have been developed to unify advantages of local and
global methods by handling occlusions, object boundamnesustextured regions. These
methods, similar to region based global algorithms, rely on the assumption that scenes are
composed of nooverlapping planar patches all of which correspond to pixel groups
involving colorwise similar pixels. Smoothness isferced within each segment and depth
distribution is allowed to sharply change among segment boundaries. These methods follow
an iterative process to assign disparity distribution to segments by constraining pixel
similarity, smoothness between similatared neighboring segments, penalizing occlusions
and overlapping regions. The computational complexity of cooperative methedstiizely
high due to trial and error of various disparity hypotheses during the iterative processes.

Thus, precise disparityjaps are obtained wigomesacrifice on simplicity.

Thefinal class is the senglobal method$25]-[28] which involve dynamic programming
(DP) optimization. Thesenethods are provided to decrease computational complexity of
global algorithms which areNP-hard in general. From that point of view, global
optimization is performed for each selame (row) independently resulting in a polynomial
complexity The main assnption throughout dynamic programming optimization is the
ordering constraint between neighboring pixels along the same row. The most important
advantage of DP is that, fast processing can be obtained with globally optimized disparity
assignment for a sodine. In that manner, real time implementations can be obtained

without any requirement on dedicated platforms with less precision. However, lack of inter
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scanline consistency breaks smoothness assumption and result in streaking artifacts. There
are exensions of DP exploiting consistency between diceas by vertical support of cost

function[29], postprocessing to reduce streaking artifacts and additional vertical passes.

3.2 Motivation

Rapid execution timerobust disparity estimation and low memory requirement are the
fundamental constraints of stereo matching algorithms, especially in consumer electronics
applications. Moreover, for the next generation 3D TVs, robotic applications and
surveillance systemstereo estimation algorithms should require less memory, provide less
computational complexity and less precision loss in the extracted 3D models. In that manner,
local windowbased methods are the strongest candidates for faster disparity calculations
[29]-[36]. Local methods typicallyeitherinvolve any iterative stepsior utilize full cost
volume andthey alsorequire low memory compared to other methods. Assaltethese
methods become available for réiahe implementations on special platfori3®] and the
efforts on efficient window based algorithms gain popularity by the requirement of disparity

maps on varietyfiD systems.

The increase in processing speeds supported by special platforms providing parallel
processing, such as GPGPU axdidia Compute Unified Device Architecture (CUDA),
reattime implementation of disparity estimation algorithms gained attenfiberefore
there is a trend to develop algorithméich are prone to be implemented in paraiiose
examples are given if27]-[36]. Most of the reatime methals [30]-[35] exploit local
optimization strategyielding most efficient results with low complexity. An evaluation
between realime local methods is given ii0], illustrating the variety of highly efficient
window based methods. Pixel based belief propagation is also an alternative-foneeal
methods[36] to achieve globabptimization on a regular grid. 1{26] it is proven that
dynamic programming can also be implemented in parallel to achievemegberformance.
When the variety of redlme approaches is considered, cén be arguedthat local
optimization is the most visited technique (especially exlgare filters) providing similar
precision compared to its global and s@tabal alternatives. Therefore, local methaadle
expectedo be the strongest candidates for 3D 3yétemsdue totheir algorithnic variety

and simplicity to provide satisfactory results.
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It is important to note thadge adaptive local methof-[11] with consant complexity
exploit box filters which require scanning of thstireimage. Two pass weighted integration
approach introduced in the previous chapter resensblesned area tablgghenomenon in
terms of torizontal and vertical scanningihere aggregatiois achieved adaptively during
passes in four directionmstead of box filters. The horizontal scanning ideadisssome
similarities with dynamic programmini@5]-[28] optimizaion due toscan linedirections;
however there are fundamental differences. DP algorithms operate on full matching costs,
requiring cost values for each disparity candidate at a certain time; on the othetheand
proposed method operates image space, where each disparity candidate are considered
independentlyas a consequence of local wiriteke-all optimization. Moreover, additional
vertical scan in the proposed approach extends aggregation in P37] larbitrary support
region [8] andscan lineoptimization ideas are unified with additional refinement stage to
obtain high quality disparity maps with additional computational complexity.diffigsion
based approachg38]-[39], utilize 4neighborhood color similarities to update cost values
related to the idea introduced in this study; howetimy reqire high number of iterations
to enlarge support regionslence the proposed algorithm eliminates iteration and support
area dependency, while aggregates cost values effectively among large regions by single four

passes, which saves computation and memory

Another important issue for stereo applications is the smooth variation of disparity
assignments along time axis, as long as there is smooth motion. Hence, temporal information
should also be considered to handle possible flickers due to noise, raatiohighting

changes.

3.3 Proposed Approach

In general, local stereo matching methods involve similar steps consisting of cost
calculation, cost aggregation, minimization and occlusion hand8hgas illustrate in
Figure 3.4. The cost values are calculated for each disparity candidate based on color
similarities between stereo pairs, and then aggregation of the cost values is provided by
averaging or summation over vaus support regions. Initial disparity maps are obtained by
assigning disparity values having minimum supported cost values. The simplicity of the
minimization approachwinnertakeall (WTA), is one of the most important properties of

local methods providg ease for implementation on different platforms. In the final step, the

54



occluded and unreliable regions are detected among initial disparity maps and handled by

post processing.

Left View Cost - 5 Dpest
> > Aggregation - —>
Cost Minimizati Occlusion
Calculation Cost AHnumization Handling
— 0s
. . > . > > . el
Right View “| Aggregation - DR_‘ight

Figure 3.4: The flowchart of the local stereo matching approaches

Cost aggregation and occlusion handling steps are the most discriminative steps that
determine performance of these algorithms in terms of computational complexity and
accuracy. In the proposed method, the catiseal approach of local stereo matching
algorithms is followed with some innovative steps for cost aggregation, occlusion handling
as well as temporal consistency. The key idea behind most of these innovative steps in this
study isto obtainweighted aveaging over support regions within constant time. Although,
applications of théox filter to vision problems have led sim@dependent complexity for
any matching or searching step, obtaining a weighted sum for the same regions requires
additional iterathns, further decreasing efficiency ofbox filter. For this purpose,
permeability filtering (PF), introduced in the previous chapter, is exploited for the cost
aggregation step that involves intendigpendent twgass integration over some cost data.

The same filtering structure is further exploited with minor modifications for the occlusion

handling and temporal filtering to finalize the stereo disparity estimation.

3.3.1 Cost Calculation

There are various metrics to calculate visual similarity of pixeladyst stereo images.
In [39], an excellent analysis of the common endeavored cost functions is given in terms of
computational complexity and matching reliability. According that analysis Census
Transform[40] is one of the best performing cost functions providing robust pixel matching.
Census Transforn€T(x,y,n) of a pixel &,y), isthebit stream obtained througtomparison

of intensity levels between neighbagipixelsaccording to

CTooyn = 119> 100%)

, 3.2
0 else (3:2)
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wheren corresponds to thdock-wise (©r counter clockwise) orderof neighboring pixe(x,,

Yn) in the bit streamHence within a specified windowkkk), the pixel is represented by a
binary codewad of length k-1, forming the transformed image. During matching stage,
Hamming distance$40] between the corresponding bit streams are calculated as a cost
function. The superior performance Gfensus Transfon comes withsomeincrease in
computational complexityespecially due to Hamming distance calculation. On the other
hand, sum of absolute differenc8AD is one of the most endeavored metrics due to its
computational simplicity. Hence, in this study thés/o metrics are exploited to provide a
tradeoff between accuracgnd complexityas recently proposed [B7]. Assuming that the
stereo pair is horizontallgligned,the cost values corresponding to a cantkddisparityd
arecalcuatedby shifting pixels in one image onto the other image along horizontal direction

as,
SAD . -? . .
Co(xy)=min(@ [l (X% Y,1) - Tggn(X+d, y,|)‘,T) ,
i=1
C™Ux y) = Han{CT,q (X, Y, N),Clagn(X+d,y,n)}, (33)
Cy(x ) =aC™(x y) +(L- a)Ci™ "%, y),
whereC;**%(x,y) corresponds to th8AD cost value of the pixelx,y) in the left image for

disparity d, lex and lgye are threechannel (RGB) left and right images. DuriB@\D cost
calculation, occluded or overlapped regions cannot be handled in a different way, since 3D
structure is not knowrence truncation of the cost values is performed to keep maximum
SAD below a level ) for enabling disparity values to be assignable depending on local
neighboring support. For theensusmeasureCy"5"°“{x,y), Hamming distanceHam{.},
between the bit streams of the correspondences igahsustransformed image<CT, is
calculated. In this study, for the census transformx®) (@indow is exploited. Once tH&AD

and CENSUScost measures are obtained, the cost fundfigit,y) is set as the linear

combination oboth

3.3.2 Cost Aggregation

Cost aggregation is the moshportant step reflecting the general performance of the
proposed and all other local stereo matching algorithms. In general, for each disparity
candidate aggregation is performedtweenspatial relations independently, and then the

aggregated cost valuese compared in order to determine the best disparity candidate. In
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this step, aggregation is provided by the permeability filter which is introduced in the
previous chapter. The proposed aggregation approach involves three main steps; first, for
each pixédepending on color similarity between neighboring pixels, permeability weights
are calculated based on the filter type (4 are®jhbor). These weights correspond to the
ration of data that is to be carried through the corresponding direction. Thene thes
permeability weights are utilized to perform aggregation in horizontal andirthesrtical
direction. The order of horizontal and vertical aggregation can be interchanged optionally; in
this study horizontal scamm is followed by vertical scart is important to note that during

the cost aggregation, normalization step of the permeability filter is not required since, for
each disparity candidgtthesame normalization coefficient is exploited. Thus, relative order
of the cost values is not changeg the normalization which seems to be additional
computatiomal burden Though, the total complexity of the proposed aggregatioBDis
additions anddD multiplications per pixel without any normalization step, wherés the
number of disparity candidates.

The effect of the proposed filtering-(#ighbor) orthe cost function can be observed in
Figure 3.5, for which cost functions for four pixels are illustrated ®eddy[111] stereo
i mage. In the figure, i bl uewse evallated cestivaliea nct i o
and firedod col or ed thefitered datao The filtarirg rappmwacip gravides t o
smoother and reliable cost functiomghile decreasinghe effect of noise and fluctuatidat
may cause errors in the disparity assignment. Given the ground truth disparity values of the
points by the vertical lines, it is clear that the proposed approach provides cost functions to

be minimized at actual diapties.

As discussed in the previous chaptarpport area provided by the proposed method can
be limited due to orthogonal scannimghich may result in some precision loss especially
along thin and tilted objects withonvertical and noshorizontal stuctures On the other
hand, depending on local characteristics, such as smoothness, larger support regions can be
provided through the proposed method since there is no constraint on support area limited by
any predefined window size unlike all staté-the-art edgeaware filters. Hence,
permeability filtering extends support areas in certain cases, while loses precision along thin

and tilted objects with much lower computation complexity.
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Figure 3.5: The effect ofthe proposed filtering on the cost functionfor selected four
pixels onTeddystereo image.

3.3.3 Minimization

As a common procedure to most of the stereo algorithms, minimization procedure is
performed byawinnertakeall (WTA) approachFor this @m, aggregation of cost values are
calculated for each disparity candidate independently and the candidate with minimum cost
is assigned to the corresponding pixel. The computational complexity of the aggregation step
is 4D multiplication and6D summationfor each pixel, wheré® is the total nhumber of
candidate disparitieslt should be noted thatnost of theexecutionis spent forthe
aggregation step and less effort is required for the minimization compared to some other

complex optimization methods, $uas belief propagatidi8] and graph cutf0].

3.3.4 Occlusion Handling

The cost calculation, aggregation and minimization steps are performed for both of the
images,and at the end of these steps two initial disparity maps are obtained for the stereo
pair. As illustrated irFigure 3.6, the initial disparity maps involve errors at occluded regions
in which the true correspondegs cannot be obtained due to invisibility. Those regions
should be handled by pegtocessing in such a way that reliable information is diffused to
assign geometrically consistent disparity values. Hence, as a first step, reliable and occluded

region degction is performed by a cresheck between two disparity maps.
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The results of the occluded region detection between the initial disparity maps given in
Figure 3.6 for the Teddystereo image are illustrated Figure 3.7, where unreliable and
occluded regions are colored in red. It is obvious that occluded regions are observed along
the image boundaries (leftmost edge regions of the left image angeria for the right
image) and depth discontinuities where there are large disparity differences between the

local foreground and background.

- . g

Figure 3.6: The initial disparity map estimates for the Teddystereo pair[111], bright
regions correspond tdarge disparities (i.e. closer to camera).

Figure 3.7: The detection of occluded and unreliable disparity estimateged color) for
the Teddystereo pair.
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Although, there could be different ways to compensate for the occlusions, handling of
those regions is performed by a novel {pass filtering approackhat is based on the
proposed permeability paradigm, as it is utilized in the cost aggregatipnPermeability
based filtering is performed over the disparity map, taking the reliability of the regions into
account and the filtered disparities are assigned to the occluded regions. Such an approach
providesdatadiffusion over the occluded pixelsased on colewise similar and reliable
pixels. In general, occluded regions are located at the local background, since foreground
region is always visible in both of the images. Therefarest of theocclusion handling
algorithms[16] diffuse information from background to the occluded regions in various
ways. In the proposed approach, diffusion of background information is further supported by

color-wise similarity between pixels.

Considering the reliabilt and the foregrountlackground characteristics of the pixels, a
confidence mapConf(x,y) is generated in such a way that the occluded regions are assigned
to the value zerowhereasthe reliable regions are assigneda range of values between
[ ¥1],depending on the disparity values, as

€0 occluded
Conf(x,y) =

() else | o

whered is the disparity value of the pixé\, y), f.onris theconfidence mapping functiand
W i s a c o@kthtroaghouthé¢ wheleexperiments). In this work, a linear npapg
function is proposed to map reliable regionspessentedn Figure 3.8.a, sothat pixels at
local backgroundare favored during occlusion handling. As illustratedrigure 3.8.b, the
confidence map is obtained for each image, whiledtwuded regions are assigneero
confidence. According to the resulting confidence map, it is clear that local background

regions are favored with higher weights compared to foregroegions.

Once the confidence maps are obtained for left and right images, the disparity maps are

weighted by these maps,as

Dﬁight()(’ Y) = D e (X, y) Conf (X, y)

weigh (3.5)
Dright xy)= Drigni(X Y) Confg (X, Y)

The next step of occlusion handling is determination of appropriate disparity values for
the ocluded regionsthat is achieved by permeability based filtering of the weighted

disparity and the confidence maps. At that step, normalization is required to assign disparity
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values in the range of minimum and maximum disparities. The permeable filteovidgs
weighted summation over disparity values, possibly resulting in larger values than the
disparity values.

Confidence Mapping
A

1

Min Max Dis}parity
(a) (b)

Figure 3.8: (a) Confidence mapping functiorfor reliable pixels based on disparities, (b)
the resultant confidence map for the left image.

In order to provide rangfitered results, the filtered data should be normalized by the

total effective weights calculated for each pixel, as

Norm — FPer [Dweight(X’ y)]
T E Toonttey)]

, (36)

whereD"™ is the normalized idparity mapat the filter outputThe permeable filtering of
confidence data provides total effective support weights exploited during the filtering of the
weighted disparity map; hence, normalization with these values enables filtered data to
remain within the range of the disparity map. It is important to note that during disparity data

filtering, the same permeable weights of the cost aggregation step are utilized.

The filtered and normalized disparity valu&8°™, in (3.6) are assigned to the unadie

or occluded pixels detected in crasgeck. As the final step of occlusion handling, a median
filter with window size of (33) is applied to the estimated disparity maps to remove possible
noisy assignments. lrigure 3.9, the resultant disparity maps are illustrated after occlusion
handling with and without background favoring. It is obvious that, occlusion handling is a
critical step to increase the reliability, as some corrected regions (shown by grkes) ane
observed. InFigure 3.9.b; some leakage (circled in red) from the foreground object is
observed when background favoring is not performed, due to-wtdersimilarity between
foreground and background pis; whereas, the proposed approach (with background

favoring) handles these cases as illustratddgare3.9.c. The method assigns geometrically
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consistent disparity values to the large occluded regiansthe leftmost circlein Figure
3.9.c, as well. Hence, unification of background favoring and color adaptive filters for the
occlusion handling enable crisp and eggeserved disparity maps which is important for

high accuracy.

(@)

Figure 3.9: (a) I nitial disparity map, (b) occlusion handling with no background
favoring, (c) the proposed occlusion handling.

3.3.5 Temporal Consistency

In stereo video, estimated disparity rmapay fluctuate between different disparity
hypothesesn time due to noise, change in lighting conditions or motion. These fluctuations
result with the flickering of disparity mapthat is an important visual artifact reducing
quality of any processvhich is based on disparity, such as depth based enhancement or
virtual view synthesis. Thus, as proposed48], the disparity maps should be linked in
temporal domain to obtain temporal consistency. In that matimeiproposed algorithm is
extended for temporal consistency of static backgrounds, where flickers cause disturbance
more than the moving regions. Modifications are performed in two stages, cost calculation

step and a final filtering step with the disparnap of the previous frame.

During the cost calculation step, the R®8sed cost function is updated by using a
temporal consistency term based on the color similarity of the corresponding pixel with its
correspondence at same coordinates in the previrame. Ideally, the support in temporal
direction should be provided by the motion information; however, such an approach
increases the computation drastically. In the proposed appreatdgmporal model is
provided bycolor changeof pixelsin time. Hance, for each pixel, the permeability along the
temporal direction is calculated by comparing RGB differencésllasvs:
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m(x,y) =min(e ®'° e %'* e ™)

DR =1x(xy)- I57(xY) a7
DG =lg(xy)- 1g'(xy) ’ '
DB =lg(xy)- 157 (%)

wherel' and|'*

correspond to the current and previous images dRBchannels, and(x,

y) corresponds to the temporal permeability for the pigely) The temporal permeability
determines the information ratio that is to be transferred from the previous frame for each
individual pixel; henceprovides high rate oflatatransfer fromthe previous frame for the
pixels in which RGB change is lowThe extension of the initial cost function i8.3) is

given bythe relation
Ci(xY) =Cy(xy)+m(xy)[d- D (xy)| . @39

whereD"'(x,y) is the disparity map of the preais frameand C} (X, y)is the updated cost

function of the current frameThe disparity map of tie previous framés constrainediuring

the proces®f the current frame in such a way that dispacaydidatesvhich are different

than thepreviousdisparity values are penalized according to temporal simildritgrefore

for the pixels with high tempal permeability, the disparity in the previous frame is favored
in the cost functionFor the regionswhosetempaal similarity is low, noe of the disparity
values arefavored. Hence, a temporal change adapted tempataltransfer is provided,
enablirg smooth disparity variations among Amoving regions and instant variations for
moving regions. The updated cost function is utilized in the aggregation and minimization

steps, providing temporal consistent disparity assignments.

A second extension ithe temporal domain is provided by a weighted filtering at the final
step. The weighted filtering is performed between the disparity maps of the previous frame
and the current frame such that the weight coefficients are determined according to the

tempord permeability values for each pixels

D'(x,y) =[1- m(x,y)|D'(x,y)+m(x,y)D" (xy) . (39

Thus, for the temporally smooth regions, disparity map of the previous framerés
weighted, and vice versa for regions in which temporal change is observed. This step
corrects posble errors due to sudden changes in lighting conditions that might not be

handled by updating cost functiortivtemporal constraints as (8.8).
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3.4 Experimental Results

The test benciil11] provides an envimment to evaluate and compare stereo disparity
map estimation algorithms based on four different stereo imadese ground truth
disparity mapsre providedAlthough the test bench lacks the comparison of algorithms in
terms of computational complexityd temporal constraints, it gives an idea about the visual
quality of the estimated disparity maps on static images. In order to evaluate the robustness
of a stereo matching algorithm, further experiments that include various stereo scenes and
consider temoral reliability should also be requiretience the presente@éxperiments in
this work ae performed in three categorjdésr whichin the first category the performance
tests are conducted on extended static stereo images via test bench provjdéd].by
Moreover, computational complexities are also compared for the proposed algugéhnst
the well known edgaware filters discussed in the previous chapter. In the second category,
the effect of temporal formation transfer is analyzed for stereo videos where dynamic
scenes are dominant. In the final category, detailed analyses of the proposed scheme are
given in terms of complexity distribution of algorithmic blocks, effect of resolution and
occlusion hanlihg. Moreover,the reasoning behind the parameter selection is discussed in

the final section for the sake of completeness.

3.4.1 Static Scenes

The experiments on the static scenes are divided into two sections; in the first, seetion
performance evaldi@n is conducted on the extended Middlebury stereowhatseground
truth disparity maps are available. In the second section, a detailed computational complexity

comparison ipresented againstateof-the-art local methods.

3.4.2 Accuracy

In this subsecton, aforementioned edgmvare filters are exploited for aggregation
during disparity estimation and compared with the proposed approaches. The experiments
are conducted on the extended stereo images on different scenes pro\itiet] bg given
in Figure 3.10 and the corresponding ground truth disparity map$igure 3.11. The

resolution of the stereo images is arouBB0x650 (scaled to 720x576 pixels for
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computational tests) and the valid range between stereo pairs is afildidparity levels.

As observed irFigure 3.10, there are various scenes with different characteristics having
textured, nortextured, repetitive, highly occluded and rmtluded regions with different
scene brightness. In this manner, experiments on this data set give a general intuition on the

general performance of a stereo matching algorithm.

During the comparative testdhe same cost function and occlusion handling techniques
are utilized in order to be fair against all aggregation methods. Hence, disparity maps are
calculated by only alternating the aggregation step and fixing the number of disparity
candidates afl00levels independent of stereo pair. At thatnpdi is important to note that
well known background copying approach is exploii@docclusion handlingrather than
the proposed approach, in order to provide a fair comparison. AccUrdwy disparity maps
is calculated by two criteria, similar to the evaluation in Middlebury stereo benchmark, the
percentage of erroneous pixels havingr 2 disparity level difference with respect to ground
truth. The error percentage is measured fabMspixels (excluding occluded regions) and
all pixels to analyze in detaiDuring experimentsproposed approach is compaiederms
of steeo matching performance agairtstateral filter [45], two-pass biateral filter [52],
constant time bilateral filte{64], guided filter[47], cosine integral imageR!8], adaptive
box filter[72], geodesic support filtdd.1] and arbitrary shaped cross filt¢8]which areall
stateof-the-art edgeaware filtering techniques. During the accuracy comparison, optimum
parameter settings are determined for each technique by trial and error (fixing the
aggregation window at 380), reflecting the best precision they can achieve ferdiven

configuration

The percentages of erroneous pixels are givarable3.1 for two different error criteria.
According to these results, the proposed approach witkighbor permeability has the best
accuacy that is followed by the-8eighbor version for all scenarios. Guided filter has the
secondbest performance for the higher sensitive error metric with one disparity level
difference; while for two level disparity differences, geodesic filter has thigpeeformance

after the proposed technique.
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Figure 3.10: The extended stereo scenes provided by Middlebugnline stereotest bed
[111].
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Figure 3.11: The provided ground truth disparity maps [111] where darker pixels
correspond to background regions.
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Table 3.1: The percentage of erroneous pixels fomto disparity difference thresholds
during stereo matchingfor state-of-the-art edgeaware filters.

Dd>1 Dd>2
% Error Visible Pixels All Pixels Visible Pixels All Pixels

Proposed-4 7.9 14.2 6.4 10.3
Proposed-8 8.1 15.2 6.3 10.6
Guided [47] 8.4 15.1 6.8 11.8
Geodesic [11] 9.9 17.5 8.0 12.7
Bilateral [45] 9.5 16.9 7.4 13.1
Var. Cross [8] 8.8 17.1 7.0 12.6
2-pass Bilateral [52] 9.7 17.2 8.1 13.0
Adapt. Box [72] 9.1 18.2 7.3 135
O(1) Bilateral [64] 11.3 18.4 9.9 141
Cos. Int. [48] 9.1 19.4 7.2 14.0
No Aggregation 19.1 34.5 17.4 30.9

The results for the neaggregation scenario are also includedTable 3.1 for better
understanding of the importance of ednyeare filtering. Itcan beclearly observed that
erroneous pixel ratio is decreased@8f6through the utilization of proposed permeability
filter compared to no aggregation casbe poposed approach outperformststaf-the-art
filtering techniques with an almo4i0% increase in precision for one disparity level error
metric, this improvememeachesip to15%, when precision is sacrificed with additional one
level difference. InFigure 3.12, estimated disparity maps for five scenes with different
characteristics are illustrated for visual interpretation of the results givarabie 3.1.
According toFigure 3.12, all methods perfornguite well for the textured regionssuch as
the Dolls stereo pair in the middidowever as the regions become -textured,Monopoly
andMidd1 pairs, the methods yield erroneous estimates except for the prammedches.
This is due to the specific window size definition of the stdtthe-art filters which limits
diffusion of information from large areas. On the other hand, the proposed techniques do not
exploit any window size definition and aggregate cadues depending on the texture
characteristics as discussed in the previous chapter. Therefotiee tortextured surfaces,

support regions tend to increamadthat provides much more reliable estimates.
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Figure 3.12: Top-to-bottom: color views Aloe, Art, Dolls, Monopoly, Midd1111]),

disparity maps via bilateral, 2-pass bilateral, O(1) bilateral, guided, cosine integral
images, adaptive box, geodesic, atibary shaped cross filter, proposed 4neighbor and
proposed &neighbor correspondingly.
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Apart from the comparative results for the extended stereo set, propaseghidorhood
approach is also tested on the online stereo benchpidrl for four fundamental
Middlebury pairs,Tsukuba, Teddy, Cones and Veasgiven in the first row dfigure3.13.

In this benchmark, a ranking is given for the estimation results protigdte published
studies. The resultant disparity maps of the proposed algorithm are illustrated in the third
row of Figure 3.13. According to the error maps between the estimated and ground truth
disparities givenin the last row,the proposed approach preserves disparity transitions at
object boundaries and provides crisp maps.

In Table 3.2, quantitative results taken from the online Middlebury stereo database are
illustrated fortop local methods. The quality of disparity mapsTiable 3.2, are calculated
after comparison with the ground truth over ramtluded, visible, pixels. According to these
results,the proposed method ranks8 among140 submissions involving complex global
optimization methods (such as segment based Belief Propaf8idprwhile it takes thel™
rank among locabased methods without any pgsbcessing stage. Moreover, the poseed
method provides the highest quality disparity mapsTeukuba, Teddyand Conesstereo
images compa&d to the other local methods thatanother promising result. The rankings
provided in Table 3.1 and Table 3.2 are compatiblewith each other CostFilter [134],
GeoSup[11], AdaptWeight[7] and VarCross [8] utilize guided, geodesic, bilateral and
arbitrary cross shaped filters correspondingly and they have the same relative rankings in
both of thesetables. The remaining methodsTiable 3.2, utilize variations of bilateral filter
with specific additional refinemerand approximatiorstages. It is also important to note
that, the error ratios inTable 3.2 are smaller than the results presdnteTable3.1; this is
due to the narrower baseline between left and right cameras which limits the number of

disparity candidates as well as increase precision.

On the other hand, proposed approatso outperfams algorithms based ddynamic
Programmingoptimization [25]-[27] which share some similaritiga terms ofscan line
processingThe approach presented[B6] hasthe bestccuracy Rank ) due to unification
of multi-directional scan line optimization and arbitrary shaped support regions with
additional post processindgroposed approach outperforrasbitrary shaped cresfilter
which is included for aggregation structure[8Y], according to theletailed experiments
given inTable3.1. Therefore, more precise disparity map estimates can be prowdae b

permeability filter with additional refinement steps and increased complexity.
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Figure 3.13: First row: images (Tsukubg Venus Teddy Coneg from Middlebury stereo
database[111], Second row: ground truth disparity maps, Third row: disparity maps
by the proposed algorithm usingSAD+CENSUS Fifth Row: disparity errors for
(SAD+CENSUS larger than 1 disparity level where gray corresponds to errors at
occludedregions and black is for noroccluded regions.

Table 3.2: Rankings of the selected local methods in Middleburgnline benchmark

i Avd. Error Error non-occluded pixels [%]
Algorithm Rank g[%] ° Tsukuba Venus Teddy Cones
(Sﬁgﬁ%‘ffsdus) 18 5.50 1.06 0.32 5.60 2.65
CostFilter[134] 19 5.55 151 0.20 6.16 2.71
GeoSup [11] 25 5.80 1.45 0.14 6.88 2.94
GeoDif [137] 31 5.49 1.88 0.38 5.99 2.84

AdaptDisp [128] 34 6.10 1.19 0.23 7.80 3.62
DistinctSM [132] 46 6.14 1.21 0.35 7.45 3.91
Proposed (SAD) 48 6.33 1.06 1.00 5.86 4.06
SegSupport [23] 50 6.44 1.25 0.25 8.43 3.77
CostAgg + Occ [133] 54 6.20 1.38 0.44 6.80 3.60
AdaptWeight [7] 62 6.67 1.38 0.71 7.88 3.97
Fast bilateral [135] 68 7.31 2.38 0.34 9.83 3.10
HistoAggr [136] 69 7.33 2.47 0.74 8.31 3.86
Var.Cross [8] 75 7.60 1.99 0.62 9.75 6.28
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According the comparative results, it is clear thatppeed scheme corresponds to the
best performmg local aggregation methatkdicated for stereo matching. Some additional
resuls of the proposed -Aeighbor approach are also given iRigure 3.14 for visual
interpreation. In the last column ofigure 3.14, error maps are il l ust
criteria in black and gray for occluded and ramtluded regions. The estimated disparity
maps for all of scenes by the proposedefghborhood approach are illustratedFigure
3.15.

Figure 3.14: First column: color views, second column:estimated disparity mags, last
column: erroneous pixelsalong occluded (black) and noroccluded regions (gray)
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Figure 3.15: Estimated disparity maps through the proposed heighbor permeability
filter.
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For the sake of completeness, visual comparison of the proposed approach is also
provided with Depth Estimation Reference Software (DERM) which is utilized for
MPEG multiview video standardization efforts. DERS performs graph cut optimization for
the estimation of disparity maps from stereo or mubiv videos. In this study, DERS is
applied for stereo matching with decreased baseline, which yield much more reliable
estimates compared wlarger baseline. Ifrigure 3.16, the estimation results of proposed
method (second row) and DERS (third rowk atlustrated. According tahe visual
interpretationthereis a clearindicationthatthe proposeanethodresults in better precision
along object boundaries and yigldrisper disparity maps. On the other hand, DERS
introduces foreground enlargement twitisufficient occlusion handling capability. Further
comparison is conducted in the next chapter, including the effect of these approaches for
virtual view rendering which is the ultimate target of this dissertation.

-

Figure 3.16: First row: color views, second row: disparity maps by proposed-4
neighborhood approach, last row: disparity maps via DER$44], which is utilized in
MPEG activities.
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3.4.2.1 Complexity

The other important issue for the effectiveness of stereo matching algorithms is the
computational complexity. In the previous chapter, sthtthe-art edgeaware filters have
been compared in terms of memory requirement and computational compfuxity. a
comparison can easily be extended for stereo matchinghich thefilters are applied for
cost aggregation. For the local methods, unless different cost functions and occlusion
handling approaches are utilized, total run time of the algorithms are rdestiymined by
the cost aggregation stdgence a fair comparison in terms of computational complexity is
given by Table 3.3, where disparity dependent aggregation times are listed for image
resolution of720x5761n Table3.3, D corresponds to the number of disparity candidates that
are tested for stereo matching.

Table 3.3: Computational complexity of cost aggregation approdues for stereo
matching based onthe number of disparity candidates,D.

C tational }
Con?,?lggit{; I((r)mnsaec) Bilateral Bzilg{a:rzd O(1) Bilateral Guided Cos. Int.
720x576 1.7 10D 1412D 200D 220+ 250D 1143D

Adapt. Box Geodesic Var. Cross Proposed-4 Proposed-8

720x576 385+16D 3.410°D 385+16D 34+20D 67 +59D

According to the results given ifable3.3, the most efficient methods aitee proposed 4
and 8neighbor, adaptivedx [72] and arbitrary shaped cross filt§8} whose rankings alter
according to the number of disparity candidates. In the complexity of these methods, there
are disparity independent terms whicte aelated to the extraction of image dependent
parameters such as permeability weights. These parameters are calculated once and exploited
for each disparity candidate. On the other hand, for the remaining methods, all of the process
is performed for eacldisparity candidate independently. The complexity plot of the 4
neighbor permeability and the arbitrary shaped cross filter based on the number of disparity
level is given inFigure 3.17 for further analysis. Accoding to the plotproposed approach
requires lower complexity fathe number of disparity levels belo@0, whereador higher
number disparity candidates, arbitrary shaped cross filter has lower complexityeditis
due to the difference between ttiisparity independent and dependent terms. As discussed
previously, arbitrary shaped cross filtE8] does not exploit weighted averaging as the

proposed approactherefore the disparity dependent complexity is lower.

75



2500 —Var. Cross
2000 —Prop-4
1500

1000

500

Computation Time (msec)

o

1 B 15 22 29 36 43 50 57 64 71 78 B5 92 99

Number of Disparity Candidates

Figure 3.17: Comparative complexity analysis based on number of disparity
candidates proposed 4neighbor method (red) vs. VarCross algorithm (blue) [8].

The joint comparison of th edgeaware filters for stereo matching is summarized in
Figure 3.18. Horizontal axiscorresponds to the execution time of aggregation1fa0
disparity levels,whereas verticabxis corresponds to the averageoemate of erroneous
pixels with one disparity level difference w.r.t. ground truth. According to this comparison,
proposed 4heighbor permeability filter unifies high accuracy and low computational
complexity in sucha waythat it enables fast executidhat is competitiveby the fastest
stateof-the-art techniques with much higher precision. On the other hand, compared to the
second besperformance of guided filtef47] in terms of accuracy, proposed approach
almostruns faser by a factor of 20Utilization of 8neighbor permeability filter triples
computational complexity as wellsintroduces a loss in accuracy compared-tweighbor
case. However, it still provides a competitive alternative to the-stdte-art aspresated
in Figure3.18.

4 Bilateral
O(1) Bilateral
M 2-pass Bilateral
Var. Cross
13 * ~ Guided
I Var. Integral
X Cos. Integral
Proposed-4

Average Error %[d>1]

Proposed-8

Geodesic

1000 10000 100000 1000000 10000000 100000000

Time for Aggregation (msec)

Figure 3.18: Joint comparison of accuracy and computational complexity for the edge
aware filters.
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3.4.3 Dynamic Scenes

The performancein static sereo frames should be carried into temporal domain by
providing consistent disparity maps in time. In order to test the performance of the proposed
method in time domain, disparity values of selected pixels on two different stereo videos are
illustrated aong the time axis. IRigure3.19, the variation of colored pixels in stereo video
Kayala[138], which is a Russian short film, is illustrated for disparity maps onehath is
obtained through temporal constraints and the other is obtained with no temporal constraint.
According to theeplots, proposed temporal information permeability stabilizes the disparity
variation and almost constant disparity values are obsdorethe selected nemoving
regions, ast canalsobe confirmed by the given video shots and disparity map of the first
frame. The fluctuation of disparities, when there is no temporal constraint, is quite pbvious
this may drastically affect the dispari dependent applications. Another stereo video,
Newspapef113] is givenFigure 3.20, with the disparity distribution of the selected pixels
among time axis. The stabilization of Amoving pixels (blue and red colored) is provided
by the proposed algorithm. In addition, as observed for the purple colored pixel along which
an object transition is observed by the given video shots, disparity variation is preserved
when sudden disparitthanges are observeldence temporal permeability provides actual
disparity changes to be observed as long as obvious color chaggestahe corresponding
regionwhile preventing fluctuations or false disparity changes as long as color is constant
amory time. According to the results presented-igure 3.19 and Figure 3.20, it can be
concluded that temporal permeability provides computationakxpensivebackground

stability in time.

3.4.4 Analysisof the Algorithm
In order to analyze charactdits of the proposed methddr stereo matchinggxtensive

tests are provided involving detailed time analysis, the effect of occlusion handling, an

analysis on use of differerg¢solutions and finally the reasoning behind parameter selection.
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Figure 3.19: Stereo videoKayala[138] and the variation of disparity valuesfor colored
pixels alongtime, exemplar color views are giverat the last row.
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Figure 3.20: Stereo videoNewspapernd the variation of disparity values for colored
pixels along time,exemplar color views are given at the last ro.

3.4.4.1 ComplexityAnalysis

The total computation time for disparity estimation of a stereo pair with resolution of
720x576amongl00disparity levels is measured to &®und29 secondsvhenthe proposed
4-neighbor aggregation approactutsized. Distribuion of the computational timas achart
is presentedn Figure 3.21, where most of the computation is devoted to cost calculation,
especially census transform. This is an important observation since for mastrafditional
local methods, aggregation is the most time consuming step. In this case, however; speeded
up aggregation provides much efficient computation so that cost calculation remains to be
the most complex stage.
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Figure 3.21: The distribution of computation time among algorithm steps

Census transform among 5x5 window through RGB color domain requires 75 additions
for each disparity candidate, compared to the complexity of theighbor permeability
filter (4 multiplications and 6 additions), hence the distribution providddguare3.21is an
expected result. On the other hand, utilizationS#D cost metric requires mucless
computation with5 additions. Mnimization and occlusion handling steps have negligible
effect onthe complexity with a share 8%%.

3.4.4.2 Effect of Occlusion Handling

The effect of occlusion handling &readyillustrated in Figure 3.22, in which the
disparity estimates are presented with and without occlusion handlingcdhdsudedthat
occlusion handling step fixes the errors at depth discontinuities where foreground objects
occludes background objects and provide crisper maps preservitantdisities. Apart
from visual interpretation, the results are also compamit the Middlebury stereo
benchmark,Table 3.4, and the increase in the accuracy is obvious when theigbft
consistency is enforcethrough occlusion handling. The effect of depth favoring is also
observable inTable 3.4, where the accuracy decreases tremendouslgoan as depth
favoring is not exploitedHence it is clear that depth baseckighting is critical to handle

occluded regions.
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Figure 3.22: First Row: Disparity maps without occlusion handling, second Row:
disparity maps after occlusion handling

Table 3.4: Effect of occlusion handlingon the ratio of erroneous pixels in the estimated

disparity maps.
_ Avg. Error Error all pixels [%]
Algorithm Rank [%] Tsukuba Venus Teddy Cones
Full method 15 55 15 0.9 131 9.2
Occ. with No depth favor 40 6.5 1.8 15 14.9 10.3
No Occ 51 7.3 2.6 1.9 17.0 10.8

The propose occlusion handling methas further comparedith the approach utilized
in Guided Stered134] which has the best performance in stait¢he-art. For this purpose,
initial disparity estimation is conducted by the proposed aggregation over the extended
stereo database; then the occlusion handling methods are applied @rsamesnitial
estimates. The precision of these approaches are evaluated for two cases, in the first scenario
all pixels are considered during the error calculation. In the second scenario, frame
boundaries are excluded; as illustratedrigure 3.23, there is no available information for
the completionof these large regions (around-500 pixel width depending on disparity
distribution) Moreover there night be color inconsistencies between the visible and non

visible parts.

Thereforetheerror rates are recalculated by ignoring thetedist frame boundary which
is not visible in the other view to observe the occlusion performance within the image.
According to the results given ifable 3.5 for both caseshe proposed occlusion handling
approach enables more reliabl20{30%) completionof missing regions compared to the

method introduced in guided filter. It is expected to observe the decrease of erroneous pixel
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percentage when the frame boundaries are discarded. Compared to the traditional
background copy approach, utilizedthe previoussection, proposed depth favoring edge
adaptive occlusion handling method has superior performance apjthoximately25%

improvement in accuracy.

Figure 3.23: Left: darkened occlusion frame boundaryfor the left camera view, right:
the right view

Table 3.5: Comparison between three oclusion handling methodsn terms of average
percentage of erroneous disparity assignments.

Avg. Error [%] All Pixels Exclude Frame Boundary
Background Copy 14.2 10.6
Proposed 11.2 7.6
Guided Filter 12.9 9.6

3.4.4.3 Multi -resolution Effects

The dependency of the proposegi@ach for different resolution leveils also examined
to discuss on the dedility of the algorithm in terms of accuracy. In that manner, disparity
maps arealso estimatedfor the low resolution views which are obtained through dewn
sampling by2 and 4correspondingly In order to preservéhe disparity resolution, cost
calculaton and occlusion handling steps arenducted on the original scalegiile
aggregation and minimization are providgtdthe down sampled donmailt is important to
note that computational complexityof cost calculationis not affected for different
resolitions due to utilization oforiginal scaleimages.On the other hand, computational
burdendue toaggregation and minimization are decreased byd#@mationratio. The

average error rates for the various resolutions are givé@ahte 3.6; accuracy drops as the
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color images are down sampled due to detail loss along object and frame boundaries as
illustrated inFigure 3.24. According to visual comparison, decrease in amyis not severe
for the scale factor @, while it is obvious for scale factor dfwith stair effects along depth
discontinuities. Hence, down sampling (by@uld be an option for various applications,
such as GPU implementatiomhich strictly require low memory, fast computation and

acceptable precision.

Table 3.6: Average erroneous pixel percentagebtained by the proposed approactior
three different resolutions

Dd>1 Dd>2
% Error Visible Pixels All Pixels Visible Pixels All Pixels
Original Scale 7.9 14.2 65 10.3
Down Sample by 2 8.8 16.7 7.1 125
Down Sample by 4 8.9 17.2 7.2 13.9

@ (b) ©

Figure 3.24: Disparity mapsin (a) full resolution, (b) down sampled by 2, (c) down
sampled by 4for Aloe and Art [111]stereo pairs

3.4.4.4 Parameter Selection
Considering the parartex set of the prapsed stereo matching methothe most

important parameter is the smoothing fadidhat determines permeability weights of each
pixel as well as aggregation characteristics. The weightbétweenSAD and Census
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transformcosts has alsan impact on the precision which has been discusssahierecent

work [37] [39]. Therefore only the effect of smoothing factor is examined by fixthg
truncation value T) at 15 andsettingUto 0.2 In Figure 3.25, the average erroneous pixel
percentage on the estimated disparity maps with respect to the ground truth disparity maps
based on the variation of smoothness factor is illustrated. Alltérecspairs illustrated in
Figure 3.10 are utilized to calculate the bad pixel percentage in order to pravidech
reliable measureThe effect of smoothness parameter on stereo matching quality can be
observed n Figure 3.25 for the Art sequence. It is clear that, for highvalues, smoother
disparity maps are obtained and structural details are lost due to high permeability. On the
other hand, asl is decreased, sadindpepper type artifacts are observed in the disparity
maps that reduce smoothness as well as estimatadityqéccording to the erroneous pixel
percentagegiven in Figure 3.25 and visual interpretation, setting in the range [4, 16]
provides a good matching quality that also covers the seléctedvalue throughouthis

study.
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Figure 3.25: Top: average bad pixel percentage plot for all Middlebury stereo pairs
based on smoothness factor, Bottom: disparity maps forthBrts e quence at spec
values.

84



3.5 Conclusion

In this chapter, a novel local stereo matching algorithm which utilize permeability filter
paradigm duringhe aggregation of cost values, occlusion handling and temporal consistency
is presentedPermeability filtercombinedow memory requirement, fasiecution and high
accuracy yielding an efficient stereo matching approach. The connected support regions
provide crisp disparity maps with preserved depth discontinuities along object boundaries.
Through intensive experiments checkaccuracy and complay, it is clearly observedhat
the proposed stereo matching algorithm outperforms -sfatee-art with significant
improvements According to the comparative results in Middlebury online test betheh,
proposed algorithm has thée' tank in terms of ecuracy among the local based stereo
matching algorithms. Moreover, the fastest execution time is observed with no specialized
hardware among top 10 local methods, in CPU. It is important to note that the proposed
method utilizes only filtering of some do$unctions with no additional locajlobal
optimizations Therefore, its performance can be further increased by additional optimization
steps after the aggregation stage. In its simplest version, the presented stereo matching
approach is one of the masfficient techniques ithe literature witha high precision ana
fast operation. Cache friendly data acquisition, low operational complexity and high
parallelization capacity ahe permeability filter enablemplementation of stereo matching
on differen platforms as wellHence GPU implementationf this approachs presented in

the last chapter that yieddeaktime processing capability.

Proposed algorithm is analyzed in termsrufiti-resolution scalability andistributionof
computation amongs steps. Moreovemarameter selectiois discussedhat has influence
on the accuracy of estimatio8ignificant improvement is provided ftire occluded regions
by the proposed depth favored occlusion handling method. Besides, extension of
permeability fiter to temporal domain results in flickénee disparity maps especiallyithin

stationarybackground regionthatis quiteimportant for various applications of stereo video.

In the following chapter, performance of the proposed stereo matching lahgast
further tested for virtual view rendering application that is the fundamental tool for extension

of stereo video to mukview.
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CHAPTER 4

VIRTUAL VIEW RENDERING

Virtual view rendering (VVR) is an important tool for 3D processthgt enabés
generatn of inexistent views from a collection of images as illustrate&igure4.1. This
tool is utilized in various areas to extend functionality of 3D systems; such as virtual reality,
depth control on sreoscopic displays, virtual tour among 3D reconstructed scenes and
increasing number of viewpoints in meiew and free view TVs. The advances in 3D
technology accelerated research efforts on VVR to prodwaréous applications for

consumer electronicspbotics, military and medical technology.

Figure 4.1: Inexistent viewscan begenerated by virtual view rendering from the
captured views.

Depending on alternative application areas and available 3Dfalabats, VVR techniques
can be classified into three categolfiég] as image based rendering, rendering with explicit
geometry and depth image based renderingmizige based renderingirtual views are
gengatedamong high number of images througterpolationof light fields or rayghatare
the bases for representing images. The well known methdbs group are light fieldi78]
and lumigraph79] rendering. In[78], virtual views are rendered through interpolation of
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rays sampling the space uniformly, whereas for lumigraph, sampling of rays-isifiom.

These approdes require densely recorded data which isfeasible hence usage of this
rendering technique is limited to specific applications such as computational photography
and microscopy. The second group expldite existinggeometry in terms of camera
locations;i.e., external calibration parameters of the cameras are available. Then, rendering
is achieved by linear combination of the source images through epipolafamalrrelations

[80] between the cameraSimilar to image based rendering, this approach is also based on
the interpolation of limited number of views without any 8ucturalinformation of the
scene. Due to loar number of cameras) this approach, rendering performancéois and

only sufficient for simple applications such as localization in surveillance cameras. In the
last group, rendering with explicit geometry is achieved by depth image based rendering
(DIBR) [81]-[102], in which3D model of the scene is required to map a collection of images
for a desired camera locatidror this purpose3D informationshouldbe available through
various formatg2] such as view dependiedepth maps, layered depth images or triangular
mesh models extracted through preprocessing of mono, stereo owiewltiata. VVR is
achieved by warping 3D model to the desired viewing location. Ultilization of 3D

information in DIBR increases the qusland flexibility of the rendering.

There are two main constrairdaring the conversion of stereo video to muléw videa
input 3D format has limited number of viewsydically only left and rightviews) and
visually pleasing VVR is required. As mémed before image based rendering methods
require higler number of images and the precision is limited to the sampling of the scene by
thecameras. Thus, DIBRan be argued dke bestsolution amonghethreeaforementioned
alternatives for the speciffiroblem of stereo to multiiew conversion. In the next section, a
literature suvey is given on VVR techniques thiatfollowed by the motivation behind the
development of a VVR algorithm in the scope of this dissertation. The proposedgnde
techniqe is presented in €8tion 44 whose performance is validataesith intensive

experiments in Section 4.5. Finallye&ion4.6 is devoted to conclusive remarks.

4.1 Related Work

The scenario of DIBR for ster¢o-multi-view conversion problem is illustrated kigure
4.2, whereLeft andRightviews are the captured original images by a stereo camera system

and the remaining is the desired virtual views. There are two cases for VVR depending on
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the locations of virtual iews with respect to original views virtual views are within the
baseline, rendering can be considered as the interpolation of actual views while for the
virtual views outside baseline, rendering is defined as extrapolation. Thus, for stereo to
multi-view conversion,interpolation and extrapolationof reference views are utilized to
synthesize arbitrary views in a stereo camera setup. For this scenario, 3D models are the
disparity maps of left and right views which can be extracted by stereo matching as
explained in the previous chapter. Having view dependent disparity maps, there are two
fundamental approaches for DIBRamelyforward mappingandinverse mappingsshown

in Figure4.3.

In forward mappind81]-[82], view synthesis is achieved by utilizing depth and texture
data of only one of the images, left or right view. The texture is projected to the desired
location through the depth information; which can foend by constructingmeshes and
triangulation[83] or by 3D warpind84]. During such a warping, visibility of regioms also
considered by depth ordering which depends on the viewing position. Due to the occlusions
and quantization issues, forwangirping does not provide a ot@®one mapping beteen
the source and target vielWwence some holes exist in the final outpin orderto achieve
visually pleasing rendering, these holes can be filled througiprpeessing85]-[91] on
disparity maps or inpainting92]-[95] methods over the synthesized views. Since the
synthesis is achieved from one imatere are occluded regions with no available texture.
Therefore,filling techniques in general concentrate on providing consistent andually
pleasingcompletionof those missing regions. In order to minimiamount ofoccluded
regions image source closer to the desired viewing location is selected for rendering. The
advantage of forward mapmgrs the constant 3D structure independent of the virtual view
location; saving computation with a sacrifice of remgmuality especially at occluded

regions.

Virtual Left Left Virtual Left & Right Right Virtual Right
(Extrapolation) I(I:ferpilation)lg 9 (Extrapolation)

Figure 4.2: Virtual view rendering scenariofor stereo camera systems
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Figure 4.3: Forward warping utilizes single source camera, while both views are
exploited for inversewarping.

The other approach is inverse mappirfigr which both views are uized with their
disparity maps[96]-[104]. Initially, 3D structure (disparity map) of the virtual view is
constructed by warping and merging disparity maps of edt ight views to the desired
location. At that point, some peptocessing operations can be required on the merged
disparity map to remove unreliable assignments and fill the occluded regions. Once 3D
structure of the virtual view is settled, textureadatransferredrom the visible regions of

the stereo view by inverse warping.

For the interpolation case, in which the rendered view is between two cameras as in
Figure 4.2, most of the regions are observed diyleast one of the cameras. The regions
which are not observed by any of the camerasiam®ted aslisoccluded regions and these
holesshouldbe filled by inpainting methods, commonly utilized for forward magpinhis
important tonote that duringnterpolation;disoccluded area is minimal compared to forward
warping. Hencecompletionfor inverse mapping is easier and involves fewer artifacts. On
the other hand, extrapolation, in which rendered views are out of the original stereo baseline,
is problemé#éc due toocclusions. The area of disoccluded regions increases as the virtual
camera gets further from the input camera configurdtiahis a common fact for forward
warping as well. For this case, the inpainting and hole filling metlmt®me more
importart for improvingthe visual quality of the rendered view$erefore inverse warping
has an obvious advantage over forward mapping especially for the interpolatioffiocase,
which stereo data utilization is maximized and superior occlusion handliogserved. For

the extrapolation casenowever, both approaches share the problem of missing data
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completion Therefore, inverse warpinghich is themostendeavored technique f&BR

algorithmswith higher visual qualityis the preferred approach ini¢ study

The fundamental steps for the inverse warping method are illustratéidure 4.4, in
which the dashed blocks are the post andproeessing units, and the other blocks are the
common warping and selgon units.During warping, mergng and texture selection steps,
most of the algorithms in literature follow the same instructions. In thpingastep, shifting
of pixels abng the epipolar line between source and target camera locatimer$asmed in
stereo caseahe epipolar line is on the horizontal axis. Otige two disparity maps of left
and right views are warped to the desired location, merging is performed by depth ordering
over mapped disparity values for each pixel. Texture selection iaetéeved by assigning
color values of the visible source pixelSome techniques, such aesjtion dependent
blending[97] or weighted summation of texture values from stereo panesexploited as
long as tle regions are observed by both of the cameras. An alternative technique for texture
selection is to copy all visible pixels from one of the cameras and fill the missing parts from
the other camer@4].

‘Warp
Depth & Texture

- N

‘Warp
Depth & Texture

2 Merge Maps [«

: Depth : Hole Filling . Depth :
| Pre-Processing ; . ¢ __________ 5 : Pre-Processing :
Texture
Selection

e ‘L """"" 5

éPost Processingé

Left Virtaal Right
Image View Image

Figure 4.4: Fundamental steps of virtual viewrendering.

90



4.2 Motivation

There are four fundamental problems to be solved for DIBR in order to obtain high
quality virtual views independent of the warping techeidlihe first problem iblank pixels
and holes due to sampg of 3D scene and quantization; syxbblems can be observed in
Figure 4.5. In general, holes are one pixal width that makes the problem easier; aad
common solution is the texture copyif@] from neighboringavailablepixels. The second
problem is the contour artifacts occurring at highly textured depth discontinuities as
illustrated inFigure 4.6. The foreground texture may be observed as a thin contour at the
background. The solution to this problem relies on variousprosessing operations over
the synthesized view or pmocessing over the disparity mafgse third problem is the
occluded and disoccluded regioms, shown irFigure 4.7, and mentioned previously. The
missing information should be handled somehow, when a region in the rendered view is not
observed byany original data (left and right views). Inpainting methaaght cope with
disocclusion regions. The final problem is the erroneous rendering due to imperfect disparity
maps a typical example is presentedrigure4.8.

Figure 4.5: A typical rendering result involving holes due to depth discontinuity and
occlusion.
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Figure 4.6: Texture copying between foreground ad background regions result in
contoursthat decrease visual quality{103].

Figure 4.7: The black labeled pixels indicate occluded and disoccluded regions be&ten
stereo pair.

‘ d > 7.‘;» s ok - o a8

Figure 4.8: Erroneous disparity map and the corresponding rendering resultNote the
degradation in the overlay text.
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DIBR methods differentiate depending on post andppoeessing appraaes for
handing the fundamental problems of contour artifacts, occlusion handling and erroneous
rendering. Thusthere is a variety of methods starting from simplest forms fortireal
applications to very complex algorithms with iffe processing cability. One of the
common solutions for contour artifacts and occlusion handling is thdiltprang of
disparity maps, such that size of the occluded regions is decreased by smoother disparity
maps. Thisaim can simply be achieved by Gaussian filtf88]; however,smoothing the
entire disparity map introduces geometric distortions. Gsrmoothing is handled by edge
aware filters[85]-[88], while crisp depth transitions are preseniadcase of sharp color
changes;however an extra occlusion handling step is required afiech filters. This
requirement is overcome by a neymmetric bilateral filtering technique proposed89],
so that depth discontinuities in opening regions (where new pixels from the background are
visible) is smoothed to decreabe occlusion areayhereagpreserved in the other regions.

The edgepreserving filters, although decrease occlusion area, still result in geometric
distortions especially observed as broken and curved vertical lines. Recef@],iran
adaptive edgeriented smoothing is proposed wisome nongeometric distortion. This
method provides visually pleasing virtual views comparethéoother filtering approaches
with decreased geometric distortion. As the baseline distance between the virtual and
original cameras is increased, syntheétiergrefiltering of disparity maps involvesevere
distortions around occlusion boundaries. When the virtual view is between left and right
cameras, it is clear that the amount of occlusion is limited and almost each pixel is visible at
least by one of e reference cameras. Hen@xploiting prefiltering techniques for
interpolation is not a good choice; howeveuch methods aremore appropriate for

extrapolation.

In recent years, inpainting techniques have been popular to complete missing or
distored pixels in the images. The same idea is also extended for occlusion han{jg in
and [93] where exemplarbased inpainting is performedr the missing patcheshrough
compensabn from local texture Although providing high qualitycompletion these
methods arguitecomplex and require offne processing to match patches amonggetitée
image. Actually, inpainting is typicallyxploited to complete large misg regions and
remove objects in the images, which the problem is more complicated than occlusion
handling. Therefore they are not applicable to fast processing systems in consumer
electronics. 1{94] and[95], however, inpainting is adapted to fill the occluded regions by

utilizing depth priors during local texture averaging with reduced computational complexity.
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In [96]-[102], contour artifacts due to depth bleeding of boundary pixels are removed by
local filtering and morphological operations improve visual quality. This problem is
solved by separately warping backgnddforeground pixels. The occlusion handling in
[103]-[104] is achieved by sprite background modeling of a scene captured from static
cameras. The background depthl aexture model is extended in temporal domain, and for
an arbitrary view rendering, the occluded regions are filled by the estimated background
model. This approach provides relialdempletionat occluded regions; however static
camera assumption is n@alistic for wide range of stereo content. Considering the problem
of stereo to multview conversion addressed in this dissertation, varidipstereo video is
quite large, and exploiting model based solutions for occlusion handling covers onlg limite
data captured by static cameras. In that marthersolution should beompletionwith
visually pleasing synthesis rather than searching the actual texture. $aotpketionand
occlusion handling is achieved [ih05] by a multiresolution approach for hole filling. The
initial warped texture is iteratively dowsampled till no holes are observed in the view, then
at each higher resolutiothe holes are filled by interpolatioat the lower resolution version
This process is iterated until the estimated image has no holes. The method proposed in
[105] provides occluded regions to be filled by low pass filtering among neighboring pixels
at different resolutions. Thdierarchical hole filling increases robustness of rendering
method against disparity map errors as well as results in virtual views free of geometric
distortion. The method is actually applied for forward mapping with one texture and one

depth map; howevedhe extension to inverse mapping is trivial.

The disparity maps, as the view dependentr@fresentationfor DIBR, may involve
errors due to imperfect passive stereo matching based on color similarities. As a result, VVR
algorithms could beseriowsly affected from these errors resulting in visually disturbing
views, as illustrated ifrigure 4.8. So far, the methods summarized above do not consider
such errors and assume that provided disparity maps am mglisble. However, there
should be a feedback mechanism to detect and refine possible erroneous Tégitefere
the authors if106] introduced a simple mechanism to detect errors in the disparity maps and
refine virtual views through low pass filter and morphological operations. In this technique,
disparity correction and remapping are not considered; therefore feedback mechanism

provides incremental improvement over synthesized views with additionalrpossping.
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4.3 Proposed Approach

View synthesis algorithms should have all of the steps described previously to achieve
high quality virtual views. On the other hand, imperfections in disparity maps should also be
considered by exploiting a feedback mechanito correct disparities and render visually
pleasing views. Moreover, retilne capability introduces a great challenge on complex post
processing methods that provide high quality rendering. The methods should have least data
dependency (iteration) anoe available for scan order processi8§]. Regarding these
constraints, in this studyhe general work flow of DIBR methods is modified by a disparity
correction mechanism with two texture warps betweenaladt right viewsas illustrated in
Figure 4.9. The possible errors in disparity maps are detected and corrected to feed the
traditional DIBR flow. Themain componentsxploited in this work can be grouped into five
categories asglisparity refinementpre-processing of disparity aps, virtual view depth
compositiontexture selectioandhole filling.

4.3.1 Disparity Map Refinement

Disparity map estimation is a matching procedure between left and right images based on
color and texture similaritieddence the extracteddepthmaps are not perfect andight
involve errors due to various reasons such as image noise, reflections, repeated structures,
foreshortening, leftight color imbalances, etc. During VVR, these esramight yield
unobservable artifacts as well as serious degradations. Especially ermrsrlay text
regions are clearly visible and decrease perceptual quality as illustraféguie 4.8. For
this type of afitacts, one solution is to detect text regions and apply special filtering to assign
the same depth variation among the letters; howethds would be atailored solution
dedicated to only text regions and not cover general type of errors. Insteadpiopbsed
refinement step, detection of possible erroneous regions is achieved by warping left and right
pairs to each othepy the help ofthe provided disparity maps. Pixels are shifted by the
amount of disparity to the other view, and texture of visibjgxels is copied to the
corresponding pixel locatien A typical result is illustrated in the first row &igure 4.10,
for the 'Moebiu$ stereo sequence from Middlebury database. The texture of the left image
is mapped onto right view througtisparity map inFigure4.10.a which has errors around
thetext region. The warped view has black holes due to depth discontinuities and occlusions;
at that stage these pixels are taken into consideration. The rendered view is compared to

the original view and pixels having RGB difference larger than a thresfglg) (are
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detectedFigure 4.10.c. Disparity values of these pixels and thearrespondences in the
other view arelabeled as unreliable by assigningfi 1.0Then, a dilation operationis
performed on the disparity map to include neighboring pixels that could be missed due to
utilization of hard threshold in the detection. The restttetection is given ifrigure4.10.d,

where black pixels indicate erroneous regions. These operations are performed for left and
right pairs independently.
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Figure 4.9: Proposed VVR schemewvith additional disparity refinement feedback
mechanism
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Figure 4.10: (a) I nitial disparity map, (b) warp edright view from the left view
according to (a) (c) the erroneous egions inthe reconstructed rightimage, (d) detected
erroneousdisparity assignments.

The next step ise-calculation of disparity values for the erroneous regions. Jdasis
achieved bythe proposedocal stereo matching approaan Chapter 3.The cost values

corresponding to dispayitandidatesare calculatedbr the detected pixels through,

3
C%,Y) = 8 [ler (% Y1) - TrgmX+d, 1)
i=1

CEFONX, ¥) = B (% ) - Eqgndx+d.y)|, (4.)
Ca(x ) =aC5*(x y) +(1- 2)C{TR(x, y),

wherele and Igigc are the left and right color imageespectively E corresponds to the
error map extracted in the preumstep. The motivation behind such a cost function is that
erroneous pixels should match to the erroneous pixels in the other view with high color
similarity; in addition, matching to a reliable pixel is penalized. The pisieé cost values

can be aggreged by a simpleNxN) box filter to obtain higher confidence; this is an
optioral step since the detected regions also restrict possible matches andsoulier
important to note thake-calculation is exploited for the unreliable pixels only; therefthe
computational complexity introducday this approach is quite loWwNTA optimization is
conducted to assign proper disparity values to the corresponding pixels. Finalfighieft
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consistency of the updated disparities is provided by a simple chexk and an occlusion
handling methodology. Typical refinement results are illustrated Figure 4.11;
improvement over disparity maps after such a feedback mechanism which affects the

rendering qualitys obviaus

Figure 4.11: First row: initial disparity maps, Second row: detected erroneous regions,
Last row: the refined disparity maps

4.3.2 Pre-process of Disparity Maps

In this study, prgorocessing is require@ remove ghosting and contour artifacts due to
disparity leakage from foreground to background as a result of estimation processes.
Considering the availability of stereo content, especially for interpolation, the occlusion

problem can be minimized by exiing both images to compile missing parts. In that
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manner, edgaware filters that decrease the occlusion area are not considered since they
introduce additional geometric distortions. The problem of disparity leakage can be solved
by extending boundareof foreground objects. Initially, 3x3 median filtering is performed
on the disparity maps to remove spike noise and tiny irregularities which could be enhanced
during foreground enlargement. Then, as illustratefignire 4.12, a dilation operationover
disparity mapwith privilege of foreground levelsccording to,

D(x,y)= max [D(i,] , 4.2

(xy) = max [D(])] (4.2)

provides the desired enlargement. Throughout this study, dilation is execute&x&ver

support windowN(x,y), in order to prevent possible halo around object boundaries.

Background

Foreground

Figure 4.12: Foreground enlargement prevents ghosting artifacts.

4.3.3 Virtual View Depth Composition

In inverse mapping, deptmap that belongs tdhe desired virtual view is constructed
before the texture warping in order to handle occlusiondepth domainthat is easier
compared to the texture domain. The-precessed disparity maps are warpddfied) to

the desired locatioaccording to
D, (x.y)=ma{Dc(xy)] st A={xx+Dc(xy)=x} ., (43

whereD,; is the disparity majpf virtual view, D¢ is the disparity map of theloser source
view andx @s thetargetpixel index in thevirtual view. During the warping, source view
(left or right) closer to the virtual camepasition has the priority, in order to minimitee

occluded area. At the warping stage, visibility of the pixels is considgreassigning the
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largest disparity to the target pixel,6among alternativenappingsaccording toa Z-buffer.
After warping ofthe prior view, there are unassigndxdank pixels x| E due to depth
discontinuities. These regions are completed by warping the other (secondary) disparity map

as,
D, (X,Y) :rr)}an[DF (xy)] st. B={x;x+D.(x,y)=x,xi E} , (4.4)

whereDk is the disparity map of thdistant sourceview, E is the set of blank pixels in the
virtual view. In certain cases, there may be disoccluded pixels which are not observed by any
of the left or right camera, hence unassigned to a specific disparity. These cases are handled
by fusing nejhboring background disparities to those regions, assuming that disoccluded
regions mostly belong to background. When the virtual view is out of the baseline, it is clear
that the secondary image has limited, almost no, extra information; thetted@nea of the
occluded regions is larger compared to the interpolation case. However, the hole filling
approachwhich fuses local background disparity to blank regiamshe same for both
interpolation andextrapolation Steps of the virtual view disparity mapnstruction during
interpolation are illustrated iRigure 4.13, where left view is considered to be the primary
source. The missing pixels after the initial warp are filled by the right view, and the

disoccludedpixels are assigned to proper disparity values through occlusion handling.

4.3.4 Texture Selection

Once disparity map of the virtual view is obtained, the next step is the assignment of a
proper texture. As in the previous section, texture selection stanstfre primary source

image which is closer to the virtual camera location. Each pixel in the virtual view is mapped
to the source according to disparity values, and the corresponding RGB values are gathered
as long as visibility is provided. Due to ocdtuss, some pixels are invisible through the
primary source hence remain unassigned; for those pixels, a mapping to the secondary
source is performed. Proper RGB values are gathered under visibility constraint. At that
point, there is an important case dsisirated in Figure 4.14, when there are color
imbalances between left and right source images; there might be patches with unexpected
color variation especially over ttextured regions. lfrigure4.14, this effect is observed in

the sky as indicated by circles. Due to inconsistent contrast levels of the images, unassigned

regions among the sky during the first mapping are filled by dissimilar blue level in the
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Figure 4.13: Virtual view disparity map construction from left and right maps.

secondary mapping. Such an effect introduces disturbance and artifacts in the virtual view
thatis not a desired case. Therefore, caqualization of left and right views is required
before texture selection to handle patch formation with different contrast. Stereo color
calibration is achieved by a modified version of histogram based equalization introduced in
[107]. The patch artifacts in the rendered view are totally removed after color calibration, as
observed irFigure4.14. Throughout this study, linear interpolation of RGB values gathered
from left and right views for the pixels visible in both cameras is avoided since such an
interpolation may decrease sharpness of the object boundaries as well as distort repeated
structures. Therefordhe preferredscheme is tabtain thetexture information mm the

closest view then complete the missing regions from the other ifipassible.
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Figure 4.14: Color equalization between leftright views is vital for VVR.

4.3.5 Hole Completion

Although, each pixeln virtual view is assigned to a disparity value, thetight be
missing textureif visibility is not met fromeithersource views. Moreover, considering the
extrapolation case in which information is transferred from one direction, there will certainly
be missing texture due to occlusions. As the virtual camera gets further, area of the missing
region increasesalmostlinearly. For the interpolation scenario, however, the area will be
limited to a certain extend due to increased visibility-igure 4.15, holes are illustrated for
interpolation and extrapolation &rt image sequence; it is obvious that missing area is

larger for virtual views out of baseline.
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Left Virtual
Image View
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Figure 4.15: Interpolation: missing texture is due to disoccluded pixelsgxtrapolation:
missing texture is due to occlusion and disocclusion.

Hole filling is the most critical step of VVR as long as disparity maps are accurate
enough. The importance is higghfor extrapolation since missing regions could be very large
depending on the virtual view location. Hence, these areas should be filled with appropriate
texture which is actually not available, in order to achieve visually pleasimgletion As
mentiacned previously, there are various inpainting meth@#-[95]; however they are
quite complex for real time systems. The hierarchical approach propodébjis efficient
and fast, on the other hand introduces over smoothing artifacts for the missing regions which

decreases visual quality.

In this dissertation, a hole filling strategy based on the modified versioerwfepbility
filtering [108]-[109], is proposed. In its original form, the filtering provides susives
texture (RGB) transition ahg horizontal and vertical direotis weighted by edge measure
of each pixel in the corresponding direction. This idea is applied for texture transfer from
reliable pixels to missing regions bgn updated edge measure. In order to define
permeability weights, indicating the transfer reaesong the corresponding direction, filled
unfilled condition of pixels and the disparity distribution are utilized in additioR&B
similarities. Permeability weight assignment for filled and reliable pixels is performed over
RGBsimilarities with neighbring pixels infour fundamental directions as,
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—-mi (-DR/s) (-DG/s) L(-DB/s)
m., =min(e € € ) (4.5)

The unfilled pixels do not have valRGB values; thereforethe relation in(4.5) cannot be
applied. On the other hand, these pixels have been assigned to propdtydighses in the
virtual view depth composition stage. Hence, disparity values can be utilized to determine
transition rates in four directions. As a result, reliability diffusion is forced to be provided
from the same disparity levels (depth prioritiE., missing regions which are actually at
local backgrounds are comhepedthrough neighboring background pixels. The permeability

weight assigned among disparity maps is achieved according to

_E D, (6 Y)- Dy (X, )| <T,
My }o elsewhere ’ (40

whereD corresponds to disparityap of the virtual view,X, y) is theclosestneighboring
pixel in the corresponding direction afd is the disparity similarity threshold binary

operation is utilizedo assign permeability weightsrfthe sake of simplicity.

Once the weights arealculated for each pixelhe next step is the successive weighted
summation ofRGB valuesalonghorizontal and vertical directions independently[168]-
[109], the transfer is performed consecutively, such thatvertical pass is applied over
horizontally aggregated values. For the hole filling however, aggregation is executed
independently to prevent over smoothing and constant color assignment for the missing
regions. Filling direction of the holes depends on the location and geometric characteristics
of the region. In Figure 15, several possibilities are illustrated with varitiog tlirections
in Figurel5.a and Figurel5.te red pixel should be filleddm right to left according to
fuse information from backgrounan the other handor Figurel5.bthe filling direction
should be from top to bottom in order to preseedge continuum. In Figurel5.the red
pixel belongs to a disoccluded region; therefdilling can be performed by fusing
information from four directions. Thus, to provide filling among proper directions,
horizontal and vertical filtering should be performed independently. In that manner, update

rule for successive weighted aggregatmmong horizontal axis is givers
RGB,x(X) = RGB(x) + my(x- 1).RGB,x(X- 1) x=1- width 4.7)

RGB,, (X) = RGB (X) + m (x+1).RGB,, (x+1) x=width- 1 (4.8)
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where two reverse scanning, left-to-right and right-to-left, are conductedo obtain
aggregated color vectors in the desired directiB®R ;.r andRGEBx,. The final horizontal
aggregation value is obtained by the summatiorRGBr and RGBx,.. SWS is also
performed independently in vertical direction to provide aggregation of reliable texture.
Then a normalization step is required to map aggregated valygsper intensityevels,

i.e., 8bit. As introduced in Chapter 2, normalization is providedording to,

@ — I:Per [RG d
I:Per (1)

where Fpe, is the proposedpermeability filter in,1 is the data consisting of ones for each

, (4.9

pixel andRGBare the normalized RGB valuafter permeability filtering.

(@ (b
© (@

Figure 4.16: The direction of texture transfer depend on local geometry characteristics
(disparity similarity) of the unfilled pixels.

The successive weighted summation and normalization provide two RGB candidates for
each unfilled pixel, one from horizontal and one from vertical direction. At that point, there
are three possible cases for thefillad pixels, assignment of horintally transferred
texture, vertically transferred texture or their linear combination. These possibilities could be
extended by additional diagonal axes with an increase in computational compiewigver
throughout this studythis selectionremains asan option. Considering the computational
complexity of hole filling stage so far, it is clear that permeability filtering is an efficient way
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to determine possiblRGB valuesby two divisions, eight multiplications and 12 additions
per pixel. Moreover, gmrate filtering in horizontal and vertical axes enables parallelization

which is an importarfieaturefor GPU implementation within this study.

The next step of this stage is the determination of trusted direction for-filedmpixels.
Each pixel isanalyzed in four fundamental directions by checking the first pixel with valid
texture assignment and same disparity. If the spatial distance between the analyzed and the
detected pixel is small compared to a threshold, themlitection is assumed to eustable.
The idea is illustrated iRigure4.17, for four different cases the detected directions are given
with green in the corresponding disparity maps. The blue colored directions are eliminated
due to two findamental conditions, the length of that arm is too long or depth discontinuity
breaks the ray. According to the detection result&gnre4.17, for (a) and (c}hehorizontal
transfer is proper, wdreasfor (b) and (d) linear combination of horizontal and vertical
transfershould be preferred~or the case given iRigure 4.17.b, exploiting only vertical
transfer would provide visually better filling, since there is Hiz&@ edge continuation. In
order to handle such cases, edge and texture comparison is required between detected
neighboring reliable pixels. This option is considered as a future work to further refine
rendering as long as the current approach has iciemff quality.

& AN
ERIEAN

Figure 4.17: Trusted direction (green) detection under various cases

A typical example of hole filling is illustrated iRigure 4.18, in which the missing
regions are due to extrapolation. The proposed approach provides visuattystuwhing
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completionand avoids crisp hole filling which could introduce broken lines, unexpected
edges, etc. In certain cases where background has constant ct@torathere could be
leakage from the foregrounthat decreases visual qualitynless depth constrainis
equation 4.@are not utilized. As illustrated iRigure4.19, depth priors during permeability
calculaton prevent foreground leakag€igure 4.19.a, during hole filling and provide

visually pleasing virtual views.

(b)

© @
Figure 4.18: (a), (b) Missing regions during extrapdation (c), (d) after hole completion.

@) (b)
Figure 4.19: (a) Color based hole filling, (b)color+depth basedhole filling
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4.4 Experimental Results

In this sectionthe results of thexperimentghat are conductedn three categories to
evaluate performance of the proposed ViviRthodology are presentedomparisoragainst
state of the art under various static and temporal scenes is provided in theetficdt
experiments The effects of algorithmic steps and pagtens are analyzed in the second
stageinvolving disparity map quality, hole filling and baseline between stereo views.
Finally, the results of the overall stereo to muléw conversion algorithm are given fibre

sake of completeness.

In order to evalua the rendering capability of the proposed VVR scheme, wvielti
dataset from Middlebury online stereo benchmflrkl] and multiview videos (MVV)
provided by HHI[112], GIST [113] and Nagoya University114] for MPEG 3DV/FTV
standardization efforts arstilized. In Middlebury multiview set, there are around 30
different sceneswith various localglobal texture characteristickhat are captured by
horizontally aligned seven cameras. Configuration of the cameras is appropriate for the
ultimate aim of this study, stereo to multew conversionHence two of thesecameras are
corsidered as the referencehereas althe other views are considered to be virtual views to
be rendered; then a comparison between the original and rendered versions of-the non
reference views is provided. Although, ground truth disparity values are tdgaita two
cameras (tand %7, throughout this studyestimated disparity maps are also exploited to
interpret effect of stereo matching quality. On the other hand, for-memi videos provided
by [112]-[114], performance on interpolation is further investigated by rendering
intermediate views between cameras having two baseline distances. For these videos, ground
truth disparity maps are not availablierefore disparity maps estimated by MPEG
3DV/FTV Depth Estimation Reference Software 5.0 (DERE] are exploited to provide a
fair comparisonbetweenVVR tools. In DERS, disparity maps are estimated by matching
over multiple views through a global optimization which is the common convention for
MPEG/FTV standardization. In addition to DERS depth m#psproposed stereo matching
algorithmin Chapter 3s also exploited on the corresponding MVV to observe the stereo

multi-view conversion qualitin the overall proposed system

Throughout this dissertation, quality of the rendered views is measured by four different
metrics, which are peadignatto-noise ratio (PSNR), Structure Similarity Index (SSIM)
[115], Multi-resolution Structure Similarity Index (MSSIN®16] and Information Weighted
Structure Similarity Index (NMSSIM) [117]. It has beerdemonstratedby [115] that SSIM
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provides superior human perception modeling for reference based quality measure compared
to PSNR. The extension of SSIM for scale invariance is provid¢dlli] by introducing
MSSIM. The perceptual modeling of SSIM is further improved byS8IM [117], where
structural similarity is weighted according to saliency map that modalslvattention for

the distorted views. These metrics are designed to measure effect of artifacts on the reference
view due to coding, noise and illumination (contrast) changes. As staj&d8}y artifacts
introduced during VVR have different characteristicat require special attention. In that
manner,the method in[118] proposes a novel approach to measure visual quality of
rendered viewsin which abias is gven to erroneous regions and perfectly reconstructed
surfaces are not considered during visual quality calculation. Hence, as prop¢se8],in
MSSIM and IWSSIM measures are modifigal this studyto have higler correlation with

human perception for VVR. It is also important to note that, publicly available source codes
(MATLAB of these metrics angilized during the evaluation of rendering quality.

4.4.1 Comparisonwith State-of-the-Art

In this section, propesl approach is compared to View Synthesis Reference Software 3.5
(VSRS 3.5)[98] which is utilized for MPEG 3DV/FTV experiments andosher recent
study[110] thatpresents extensive results for interpolation among all Middlebury-wieiti
set. Both approaches exploit DIBR to fuse texture from two reference views through view
dependent disparity maps. The compariagainstVSRS is conducted on the multiew
videos wvith provided configuration setup. On the other hahdgexperiments on Middlebury
data set are devoted to compare the proposed approach witfilb6irand VSRS. It is
worth to mention that, virtual views of adeof-the-art methods are provided by the
corresponding studies with no additional process that could introduce imperfections.
Besides, there is free access to VSRS and DsRBegiven configuration files that enables

VVR for various scenarios withoutg optimization.

4.4.1.1 Multi -view Dynamic Scenes
In this section, detailed comparison is provided over three well known MVV sequences,

Cafe, Book Arrivaland Newspaperinvolving 20Q 100 and 300frames respectively. The

experiments are conducted accordingwo scenarios as illustrated Figure 4.20; in the
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first scenario the center view is synthesized through left and rightlpairderpolation. In

the second case, center view is rendered through only theflefence view simulating the
extrapolation scenario where larger occluded regions exist. During the experiments, depth
maps provided by DERS are utilized and VSRS results are obtained by executing the
provided software with no additional tuning. The disty maps are estimated by matching
over multiple viewgthatis the common convention for MPEG/FTV standardization. In the
following section, additional experiments are also conducted by changing the disparity
estimation tool, such that stereo matchingpéformed instead of multiew matching

which is a more realistic scenario for steteanulti-view conversion. It is important to note

that, ground truth center view is also available for all videos, enabling objective evaluation
of the VVR tools. The werage error measures are listed for the proposed and VSRS VVR
tools, averaged over all framesTiable4.1, Table4.2 andTable4.3 respectively.

Interpolation

O Extrapolation

Left Center Right

Figure 4.20: Interpolation and extrapolation scenariosto compare proposedvVR and
VSRS
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Table 4.1: Rendering quality comparison overCafesequence between the proposed
approach and VSRS.

Interpolatiocnpl\lzftrapolation VSRS [98] Proposed
PSNR 31.9/31.3 32.1/31.2

SSIM 0.93/0.91 0.92/0.92

MSSIM 0.93/0.89 0.93/0.91

IW-SSIM 0.94/0.93 0.94/0.94

For C a fa® Book Arrival sequences, both VVR techniques yielimparableresults
with alternating superiority based tre quality metric. In certain metrics, VSRS has slightly
beter performance than the proposed approach, whilgheieppositdor the other metrics.
Especially for IWSSIM, having high correlation with human perception, the measured
errors are close to each other with almost %P85erfect reconstruction of thertual
views. Thisindicatesthe high performance of the proposed approbemgcompetitive with
the stateof-the-art. On the other hand, proposed approach yields better visual quality for the
Newspapesequencén both interpolation and extrapolati@aenarios. This is mainly due to
the stereo color calibration which balances illumination imperfections between the left and
right color views. In VSRS, this tool which generate visual quality degradation to a certain
extendis not exploited It is also inportant to note that, SSIM, MSSIM and 1BSIM are
illumination independent metrickpwever decrease in these measures are also obvious for
VVR among coloiwise unbalanced stereo video. This proves the importance of color

calibration step for perceptualhfeasing virtual views.
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Table 4.2: Rendering quality comparison overBook Arrival sequence between the
proposed approach and VSRS.

BOOK ARRIVAL

Interpolation/Extrapolation VSRS [98] Proposed
PSNR 34.7/30.8 34.7130.9

SSIM 0.90/0.87 0.92/0.88

MSSIM 0.97/0.95 0.98/0.94

IW-SSIM 0.98/0.96 0.98/0.97

Table 4.3: Rendering quality comparison overNewspapesequence between the
proposed approach and VSRS.

Interpo:\gtzi\:)vr?/PEQE’ri?JoIation VSRS [98] Proposed
PSNR 28.9/26.4 31.7/27.8

SSIM 0.90/0.89 0.93/0.91

MSSIM 0.95/0.80 0.97/0.85

IW-SSIM 0.95/0.93 0.97/0.95

The framewise quality measures of the VVR tools &ugherillustrated inFigure4.21to
Figure 4.26. Especially, for the extrapolation scenarioQra fse§uencethe proposed hole
filling procedureyields slightly better quality compared to VSRS; while VSRS outperforms
proposed approach for the saseenario inBook Arrival sequence. Apart from objective
quality measures, typical rendering results and the corresponding errors maps are illustrated
in Figure 4.27 to Figure 4.32. The error map illustrate pixels having intensity difference
larger than 10 levelfor imageswith maximum intensity level of 25%d4>10. According to

the visual interpretation, it is obvious that proposed apprbasttompetitive performance
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Figure 4.21: Frame-wise quality measures for interpolation amondC a fseguence.
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Figure 4.22: Frame-wise quality measures for extrapolation among. a fseguence
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Figure 4.23: Frame-wise quality measures for interpolation amondook Arrival
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Figure 4.24: Frame-wise quality measures for extrapolation amondook Arrival
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Figure 4.25: Frame-wise quality measures for interpolation amag Newspaper
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Figure 4.26. Frame-wise quality measures for extrapolation amondgNewspaper
sequence
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(a) )

Figure 4.27: Two virtual frames (3 and 85") from Cafesequence rendered by (a)
VSRS[98] and (b) proposed method

Figure 4.28: Erroneous regionshaving intensity difference larger than 10 levels for (a)
VSRS and (b) proposed rendering.
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