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Abstract

The dissertation deals with encoder modeling for multiview plus depth video coding with
applications to bitrate control. The dissertation concerns three generations of video encoders
(AVC, HEVC, and VVC) thus searching for a general approach for encoder modeling valid for
all three generations of video compression encoders. The study comprises both simulcast
coding (like basic HEVC) and multiview coding (like MNEVC) thus providing also some
usetll results for monoscopic video encoders. A new approach to bitrate control and bitrate
allocation for stereoscopic video plus depth is presented in the dissertation. The proposed
approach to bitrate control depends on two models: the bitrate allocatiteh amol the encoder
model. This approach is optimized to produce an output bitrate of the video encoder equal to
the required bitrate.

The dissertation presents an original unified approach applicable to encoder modeling in
all the abovementioned scenarid$ie approach consists of the application of the universal
encoder model that demonstrates reasonable accuracy of approximation of bitrate as a function
of the quantization step for transform coefficients of prediction residuals. Moreover, the
problem ofthe bitrate allocation between a pair of stereoscopic views and the corresponding
depth maps is considered in the context of maximization of virtual video quality for the given
total bitrate for views and depths. As the results, in the dissertationtitiesoeiginal procedure
is provided for bitrate estimation for a given quantization step for transform coefficients of
prediction residuals. With the use of experimental data, it is also demonstrated the proposed
approach is useful for bitrate control &iereoscopic video plus depth.

In practice, the values of the quantization steps are defined by a quantization scale
parameter or quantization paramed#? for video. Similarly, a quantization parame@D for
depth is used. In order to derive the bit@tecation model for stereoscopic video plus depth,
the optimumQP-QD pairs are calculated. These optim@®-QD pairs are the pairs of the
guantization parameters for videQF) and depth@D) that achieve the best quality of the
virtual view for a givenbitrate for multiview video plus depth (MVD) sequences. Then, the
bitrate allocation model is derived depending on optinPaQD pairs. The proposed models
are used to estimate the quantization parameter for depth based on the quantization parameter
for video components in multiview video and depth maps compression. The proposed models
are compared to the models presented in the previous studies: the straightforward approach
(0 0 0 'Qand the approach presented by the ISO/IEC MPEG groupeffibiency of the
proposed method for bitrate allocation between videos and depth maps is also presented in the
dissertation.

In the study of the bitrate allocation issue, some sequences present unexpected and
surprising behavior in some bitrate rangeaasincrease in the quality of the virtual views
produced from decreasing the bit allocation for the depth component under the video bitrate
constancy condition. Therefore the influence of depth map quality on virtual view quality is
studied in the dissetian and the respective explanations of the phenomenon are given.

In the dissertation, the encoder model for stereoscopic video plus depth is derived. The
proposed model is used to estimate the bitrate or frame size of stereoscopic video plus depth
dependng on the quantization step size for the videdR®odel). The accuracy of the encoder

5
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model is carefully studied and demonstrated by the results of extensive experiments with the
respective test video sequences.

For the 2D video, this dissertation alsegents a new method to compute rate control for
HEVC and VVC based on AVC data. This method aims to calculate the proposed models'
parameters for HEVC and VVC codecs based on the model parameters for the AVC codec to
reduce the required time for bitratstienation. The effectiveness of the proposed method of
rate control for HEVC and VVC is studied in the dissertation.

In order to verify the accuracy of the proposed models to control the bitrate, the relative
approximation errors are computed between thgeemental data and approximate data
calculated by the proposed models. The experiments are performed for a sekaobwelland
wildly accepted test sequences approved by ISO/IEC MPEG experts for the evaluation of new
compression techniques. The resuylisve that the accuracy of the models is sufficient for
bitrate control tasks.
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Streszczenie

Rozprawa dotyczy model owania kodek-w dl a ze
w kodowaniu wizj.i wi el owi dokowe | wraz z ma
generacjach koder - -w wizyjnych (AVC, HEVC i
podej $nodelawamiaokoderow przydatnego dla wymienionych trzech generacji koderéw

Wi zyjnych. Studium obejmuje kodowani e wielo
HEVC), a takUe kodowanie niezaleUne widok: v
koderow HEVC), iwtens pos - b prezentuje wyniKki uUytecz
monoskopowej . Rozprawa przedstawia nowe pod
al okacji bit-w pomindzy widokami i map ami g «
dwa modele: model alokacj bi t - w i mod el kodera. Takie pot
mona bygo uzyskiwal zagoUonN priadkoSi bitowN

Rozprawa prezentuje og-Ilne podej Scie do mo
scenariuszach zast os yswgedEnwerSany rpodedl kopefac kidey wy k c
zapewnia wystarczaj NcN dokgadnoSi szacowani
kwant owania wsp-gczynnik-w transformaty bghn
bit-w pomifidzy wi dokandd ppoawiya dsatjeN ceyonsik oi pno weg p
rozpatrywany w kontekScie maksymalizacji ] a
gNcznej prndkoSci bitowej widok-w i ggnbi. W
estymacij i pridkodci kbokowewanl awamidanwsp: - §cz
bgnd- - w predykcji. Z wykorzystaniem danych
Zaproponowane podej Sci e j est uUyteczne dl a
stereoskopowej wraz z ggnbi N.

W praktycie kaoko® kwantowania sN definioy
kwantyzatorow albo parametr kwantyza€P d 1 a wi zj i . Anal ogiczni e
parametr kwantyzacDd | a ggnbi . Aby uzyskal model al ok
sekwencji wizyjnych z maa mi ggnbi w pracy wyzQrR®Bza sSi-t
Optymalna paraQP-QDt o taka para wartoSci parametr -\
wizyinych@QP) i ma@D) ggdba Kkt -rej wuzyskuje sin najl

dl a danej pr fdak oSek webnictjoowewi ed owi dokowych z
Nastnpni e, na podsOQRQD] e wpphgmadnyaecm padel

pomindzy widoki i mapy ggnbi. Zaproponowane
parametru kwant y maapodstawiedoarametnn &vpantygagjindiai sekwencji

Wi zyjnych. Zaproponowane model e s N por - wna
literaturze: modelem prostymQP=QD) or az model em zaprezentouw
ekspert-w MPEG afiliowanN mrozyt alk3@/ | €fCek tW
zaproponowanych modeli.

Podczas bada® nad problemem al okacji bit -
testowe wykazuj N nieoczekiwane i zaskakuj Nc

bitowych, j ak np. p o pamytwuzyskarea kvovgnikii zmniéjsdeni - w  w
l'iczby bit-w dla map ggnbi w trybie stagej
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zbadano wpgyw jakoSci map ggnbi na jakoSi w
zjawiska.

W pracy zaproponowano takUe model kodera dlJ
mapami ggdgnbi. Model ten Wykorzystywany,jest
ramki w zaleUnoSci od kroku kwRQ@t.yzanawkida ddnl a
model u kodera zostaga zbadana w trakcie o |
testowymi.

Dl a dwuwymiarowych sekwencj.i wi zyjnych, n

nowN metodn sterowania prindkoSci N bitlawN dl a
kodera AVC. Metoda ta ma na celu obliczenie parametrow proponowanych modeli dla

kodek-w HEVC i VVC w oparciu o parametry mod
redukcjn czasu estymaciji parametr - w. Skut e
przepdyoi N dla HEVC i VVC zostaga wykazana w

Aby zweryfikowal dokgadnoSi proponowanych
obliczono wzglifidny bgNd aproksymacji pominec
oszacowanymi przez proponowane modele. pEkgnenty przeprowadzono dla zestawu
dobrze znanych i powszechnie akceptowanych sekwencji wizyjnych zatwierdzonych przez
ekspertow ISO/IEC MPEG do oceny nowych technik kompresji. Wyniki eksperymentow
pokazuj N, Ue dokgadnoSIi zaarpcrzoag oNncoaw adnl yac hz antoadCe
ze sterowaniem koderami wizyjnymi.
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List of Abbreviations and Symbols

n

vector of parameters that depend on sequence content

B number of bits per frame

D Distortion

PSNR Peaksignatto-noise ratio

Q Quantization step size

QD Quantization parameter for depth map

QP Quantization parameter for video

R Bitrate

2 The slope of the ® curve (Lagrange Multiplier)

}

The percentage of zeroes among quantized trang
coefficients

Relative error(Q/

relative approximation error

2D

Two-dimensional

3D Threedimensional

3D-HEVC Threedimensional high efficiency video coding

AVC Advanced Video Coding

bpp Bit per pixel

CTC Common Test Condition

CU Coding Unit

FTV Freeviewpoint television

GOP Group of Pictures

HEVC High Efficiency Video Coding

HM High Efficiency Video Coding test model

HTM MV - and 3DHEVC test model

IEC International Electrotechnical Commission

ISO International Organization f@tandardization

JCT-3V Joint Collaborative Team on 3D Video Coding Extens
Development

JCT-VC Joint Collaborative Team on Video Coding

JM Advanced Video Coding test model

MAD Mean of absolute differences

MPEG Moving Picture Experts Group

MVD Multiview Video plus Depth

MV -HEVC Multiview high efficiency video coding

R-D RateDistortion

ROI Region Of Interest

VSRS View Synthesis Reference Software

VTM Versatile Video Coding test model

VVC Versatile Video Coding
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Chapter One

Introduction

1.1 Scope of the Dissertation

Video transmission represents a massive portion of internet traffic. Nowadays, video traffic
on the Internet constitutes about 80% of all internet traffic, according to [Cisc_18]. Most videos
are recorded by argjle camera, which means a singlew video is acquired. Over the past
few years, multiview videos, which are recorded using many synchronized cameras around a
scene, have gained more popularity. Therefore, the dissertation focuses mainly on issdes relate
to the multiview video.

Virtual navigation [Smol_09, Doma_16a, Stan_18, Miel_20], virtual reality [Heid_19,
Cao_20, Kune_20sett_22, Fuxi_23 and Free Viewpoint Television (FTV) [Tani_12c,
Lee_15, Dzie_18a, Stan_18an_23 are the most important ajpgtions of multiview video
[Lafr_16]. The most commonly used representation for the mentioned above applications is
multiview video and depth (MVD) representation [Mull_11]. As is well known, MVD
representation uses depth information combined with afae®ach viewpoint. A depth map
contains information about the geometry of a scene. Also, a depth map is an image that includes
information related to the distance between the camera and the objects in the scene. Fig. 1.1
presents an example of MVD repretaion for aBalletsequence. MVD representation makes
it possible to create a synthetic view, as seen by a virtual camera. Therefore, the number of
views that are sent to the decoder can be significantly reduced (e.g., three views with
corresponding depth maps are senteadtof allN views).Consequently, reduced throughput
is required to send a multiview video.

In many practical applications, two views combined with the corresponding depth maps
are used to produce a synthetic view [Doma_16c, Stanl8]. Therefore, thefidiea o
dissertation is to use this use case (two views and two depth maps) for the studies on the
compression of multiview video sequences. It is observed that such visual content is more
advanced than just a stereoscopic video that consists of only tws. \Aglditional depth
information enables, for example, stereoscopic vision with adjustable depth. An advanced
stereoscopic video system is presented in Figure 1.2.

The synthetic views, also known as virtual views, are produced on the decoder side by
usingview synthesis that depends on the available views and depth maps [Chan_07, Mull_11].
For the execution of view synthesis, the views and respective depth maps must be sent to the
receiver. Due to the limited communication channel throughput, views artdrdaeps cannot
be sent to the decoder uncompressed because of their huge data size. Consequently, many
compression methods have been proposed to compress views and associated depth maps. One
of the approaches involves special techniques that have beedeithcia international
standards, such as 3®/C [Chen_14], MVC [Vetro_11], MVHEVC [Tech_16], and 3b
HEVC [Tech_16]. Special coding is joint coding for all views to exploit the redundancy
between the views. Another method to compress MVD employs simwdchsiques (such as
AVC [Wieg_03], HEVC [Sull_13], VVC [Bros_20], AV[Riza_18], AVS [Rao_14], etc.).

10
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Simulcast coding of the multiview video plus depth is to encode, send, and decode each view
and each depth map independently without exploiting -wiesw redundancy and inter
component redundancy for video and depth. Simulcast coding is often used in applications such
as MPEG Immersive Video (MIV) [Jung_20, MPEG_20] because it can be decoded using
existing decoders.

L — -
Depth map for view 3 Depth map for view 4 Depth map for view 5

“

Fig. 1.1. An example of MVD representation for Bedlet sequence [Zitn_04].

Depth View _
Scene Estimation [—>] Encoder Decoder = synthesisf=»| Display
Transmission
channel

Fig. 1.2.An advanced stereoscopic video system.

Obviously, the changes in a scenebs acti vi
video encoder. Thus, rate control should be used to adjust the bitrate of the compressed video
to meet the throughput limitation. Therefore, rate control is onthefessential tools to
determine the total performance of the encoder. Two scenarios can be used for rate control. In
the first scenario, the rate control algorithm selects the quantization step to obtain the maximum
guality of the encoded video sequenttha assumed bit rate (constant bit rate, CBR) [Luo_05,
Liu_14, Hyun_20, Li_20c]. In the second scenario, the rate control algorithm aims to maintain
constant quality and minimize the total number of bits representing the video sequence

11
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(variable bit rateVBR) [Son_01, Anse_10, Lee_12, Guot_Z8pu_23& Algorithms of rate
control can be divided into two steps: codec control and bit allocation. Codec control aims to
find the relationship between the required bitrate and the quantization step, wHiteatian

is the distribution of bits at different levels of encoding (e.g., GOP level, frame level, region
level) [Hou_10, Groi_11, Xu_16, Qin_19ann_20,Zhou_23k.

In modern encoders, the quantization st€) & the main parameter that allows for
charging the bitstream of data at the output of the encoder. Ther€areprimarily used
[Riba_99, Lim_07, Si_13, Bai_17, Cai_20] for bitrate control modeling in modern video
encoders. In the encoders, the bitrate is controlled by the quantization stefhyeaf®llowing
formula:

Y "Qu , (1.1)
where:
R - represents the bitrate,
Q - represents the quantization step size.

As is well known, the quality and bitrate of videos are controlled by using the quantization
step in video coding. In twdimensional video coding, a singevalue is used to obtain the
best relationship between the quality of the encoded video sequahteeaassumed bitrate.
However, the relationship between the quality and bitrate is more complicated in MVD coding
because of sending two components (views and the associated depth maps). Thuajue®
are used to control the quality and bitratevimws, oneQ value for videos and the other for
depth mapsAs the two views of the same scene need similar bitrate, the same quantization
steps are assumed for the two views [Klim_14a]. Similarly, the same quantization step can be
assumed for all depth mpa [Stan_13a]. The bitrate allocation between videos and depth maps
affects the compression efficiency, which is measured as the quality of the synthesized virtual
views versus the total bitrate of the real videos and the corresponding depth maps é@nsmitt
The virtual view quality depends on the quality of views and the quality of corresponding depth
maps in the view synthesizing process [Bani_13, Wang_15]. The quality of the synthesized
virtual view is measured by comparing the virtual view and thevieal in the same position.
Many methods have been proposed to measure the quality of the virtual view, such as PSNR
[Salo_07] and IVPSNR [Dzie_20]. Therefore, the important question is how to distribute the
bitrate between videos and depth maps to olt@rimum quality at a required bitrate.

As a consequence, the aim of the dissertation is to establish rules for bitrate allocation and
rate control for the multiview video plus depth map. Apart from that, the dissertation deals with
the effect of depth maijpdelity on the quality of the virtual view.

12
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1.2The Goal and the Thesis of the Dissertation

The goal is to model the video codecs in multiviglws-depth applications. Therefore,
the goal is to find the functici®O from the formula (1.1)

Y Q0 .
These functions should be estimated for various standard video codecs. The relations
between these functions for various codecs should be investigated in order tomchwions
valid for the practical usage of such modeling. In particularptbblem of bitrate allocation

between views and depth maps must be solved for practical purposes. Finally, the usefulness
of the models should be demonstrated in practical bitrate control.

The thesis of the dissertation is as follows:

For MVD applications there exist gener&f "Q0 models, wher® is the bitrate or a
number of bits, that are very similar for several standard video codecs. Similarity of the models
implies that the data for a codec, e.g. AVC are usable to estimate bitrate produceerby oth
codecs like HEVC or VVC

The models may be simplified to have only one parameter that depends on content. Such
models are useful for bitrate control.

1.30verview of theDissertation

The dissertation is organized into nine chapters; they cover theetiwal aspects and the
implementation of the theories involved in this research work.

In Chapter 1, the scope of the dissertation is described along with the introduction to a
multiview video system. Also, the goal and purpose ofitegertation are presented.

Chapter 2 presents a literature survey for compression technologies, rate control, bitrate
allocation for 2D and 3D sequences, and the impact of depth map quality on synthesized view
guality. Moreover, the view synthesis methagds summarized.

The methodology of experiments is described in Chapter 3. Additionally, video quality
assessment methods, the test sequences, and the video codecs used in the experiments are
shown.

Chapter 4 deals with rate control for tdonensional vieo. The author proposes a new
method to calculate rate control for HEVC and VVC codecs based on AVC data. The results
of the proposed method are compared to experimental data, and the results illustrate the
effectiveness of the proposed method.

Chapter 5 dals with bitrate allocation for stereoscopic video plus depth. The author
presented a new method to allocate bitrate between videos and depth maps to obtain the
maximum of virtual view quality at a given bitrate. The results of the experiments show the
efficiency of the proposed models compared to the reference approach and the methods shown
in the literature.

The impact of depth map fidelity on virtual view quality is studied in Chapter 6.

13
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In Chapter 7, the encoder model for stereoscopic video plus f@pthany codecs is
presented. Additionally, simplified models are presented to calculate rate control depending on
the results of the proposed basic model. The results of all proposed models are compared to
experimental data, and the results demonstrateffiectiveness of these proposed models.

Chapter 8 presents a method of bitrate control for stereoscopic video plus depth for many
compression techniques. Target data are compared to the results of the proposed method, and
the comparison results show tiiciency and accuracy of the proposed method.

Finally, a summary of the presented dissertation in Chapter 9 is given. This chapter offers
the primary and secondary achievements of the dissertation, a discussion of the results, and
future works.

14
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Chapter Two

Literature Survey

2.1 Compression Technology

Video compression plays an important part in communication systems by sending video
data with the lowest possible number of bits while preserving quality [BeaGdi3,14,
Shi_19]. Thus, the compression process will result in reducing the bandwidth for the
communication channel/storage memory space to transmit/store the video.

Any video coding can be characterized by:

1. Bitrate,

2. Quality of the reconstructed video,
3. Encoding/ decoding delay,

4. Encoder/decoder complexity.

In this dissertation, we focus on the fitwo aspects, as we deal with algorithmic features
whereas the other two aspects are more related to specific configurations and implementations
of encoders mostly.

Many video codecs have been proposed to encode/decode the video. For practical use, the
video coding technology has to be standardized, such as AVC [Rich_03a, Wieg_03], HEVC
[Sull_13, Sze 14, Wien_15], VVC [Sull_18, Bros_20], ARiza_18], and AVSZhu_13
Rao_14AVS 15, Choi_20 Figures 2.1 and 2.2 describe the encoder and decoder pimcess
modern video compression methods. These video coding standards are categorizatlexs so
hybrid video codecs because they wseious tools of eliminating spatial and temporal
redundancy. Also, these codecs use the tradeoff between the bitrdte esmbnhstructed video
qguality depending on the quantization step. There is an inverse relationship between the
guantization stepd) and the bitrate/quality of the reconstructed video, e.g., increQdeaps
to a decrease in bitrate and quality.

Due tothe limited usage of AVS in certain applications in some parts of China, AVS will
not be considered in the dissertation. Also,-A¥s a relatively new technology (2018), but its
efficiency is not much different from HEVC, and it will not be considereithéndissertation.
Therefore, the dissertation focuses only on AVC, HEVC, and WAZh are internationally
standardized according to the documents [AVC_std, HEVC_std, VVC_std], respectively.

As is well known, VVC outperforms HEVC, and HEVC outperforms AWZ roughly
halving the bitrate and preserving, at the same time, the subjective quality of the decoded video
[Mans_20, Siqu_20, Bros_21]. This improvement of the-ded®ortion performance is
obtained at the cost of significantly increased complexity.éxample, a VVC encoder is
about 510 times more complex than an AVC encoder [Topi_19].
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Fig. 2.1. The general structure of a video encoder.
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Fig. 2.2. The general structure of a video decoder.

The standard video codecs (e.g., AVC, HEVC, VVC) produce various bitrates and quality
levels of the reconstructed video by using the same quantization steps, due to using different
tools in these codecs. For example, in intra prediction, AVC uses fewgctme directions
than HEVC and VVC (AVC uses 9 prediction directions, while VVC and HEVC use over 65
and 35 directions, respectively). This approach provides very high compression efficiency of
intraframe compression of HEVC and VVC codecs by improviegobssible reference blocks
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for the block matching algorithm. Inter prediction estimates the relationship between
neighboring frames by using motion compensation prediction (MCP) to remove temporal
redundancy, hence, enabling higher compression rates (&I. Inter prediction is one of the
most complex and timeonsuming processes of video encoding. VVC uses affine
compensation prediction [Meue_20in 22, Muno_2Bin inter prediction, while AVC and
HEVC use translational compensation prediction [Riclb, 03aro_10, Yu_13, Wien_15,
Sair_232. The affine model can describe most of the motions (translation, rotation, and zoom)
in video sequences, and this model employs two or three motion vectors to allow movement
using four or six degrees of freedom (DOR)ddlock [Ghaz_19]. In contrast, the translational
model can only describe translational motion by a single vector [Wedi_03, Ugur_13].
Therefore, inteframe prediction for VVC is more accurate but also more computatistty

than AVC and HEVC. HEVC an®VC use more transforms than AVC (AVC applies a
discrete cosine transform (DCT) while HEVC and VVC use DCT as well as a discrete sine
transform (DST)). In quantization, VVC uses a wider rang® than AVC and HEVC (e.g.,

AVC usesQ from 0.625 to 224, andEVC usesQ from about 0.63 to 228.07, while VVC uses

Q from about 0.63 to 912.28). HEVC and VVC use the same coding in the entropy coding
section, unlike AVC (VVC and HEVC use only Context Adaptive Binary Arithmetic Coding
(CABAC) while AVC employs CABAC and CAVLC (Context Adaptive Variable Length
Coding)). h the filter section, VVC and HEVC employ more filters than AVC (e.g., VVC and
HEVC apply a deblocking filter and sample adaptive offset (SAO) filter, while AVC only uses
the deblocking filter).

In AVC, HEVC, and VVC [Rich_03b, Ueda_07, Sjob_12, Wien G@ben_ 19, Weng_19,
Wang_2], the coded bitstream can be divided into a series of Network Abstraction Layer
(NAL) units. Fig. 2.3 presents an example of a bitstream structure. Each NAL unit includes a
NAL header and raw byte sequence payload (RBSP). RBSPoeayvideo parameter set
(VPS), sequence parameter set (SPS), picture parameter set (PPS), or encoded slice. The
parameters (VPS, SPS, and PPS) contain general video paramietses parameters give a
robust mechanism for transporting data that are sacgdor the decoding process. These
parameters can be either a part of a bitstream or can be stored separately. The encoded slice
includes a slice header and a series of blocks; these blocks are called coding tree units (CTUS)
in HEVC and VVC, while in A\C they are called macroblocks (MBs). In HEVC and VVC,
the blocks can be divided into coding units (CU) and corresponding prediction units (PU), and
transform units (TU). In picture partitioning, VVC employs block size larger than AVC and
HEVC (e.g., VVC uss a code tree unit of up to 256x256 pixels with a more variable sub
partition structure, whereas AVC and HEVC utilize blocks of up to 16x16 and 64x64 pixels,
respectively).
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Fig. 2.3. Bitstream structure for byte stream format.

In AVC, HEVC, and VVC, a picture is coded as one or more slices. Each slice can be
decoded individually from the other slices in the same picture, which means no prediction is
performed from one slice to the other. There are different types of encodes] slig. AVC
uses five types of the encoded slice: I, P, B, SP (Switching P), and SI (Switching I) [Rich_03a],
while HEVC and VVC use three types: |, P, and B. In an | slice, MBs or CTUs are coded by
using only intra prediction. A slice of type P may camiatra prediction or inter prediction.

In a P slice, MBs or CTUs can be coded from a single reference picture in a reference picture
list with a single motion vector per prediction partition. A B slice may contain intra prediction
or inter prediction. MB or CTUs in a B slice can be coded from one or two reference pictures
in two reference picture lists with one or two motion vectors per prediction partition.

In Fig. 2.4, an example of-R curves for different codecs (AVC, HEVC, and VVC) for
theBQTerrae-1920x108Gequence is shown-B curves in Fig 2.4 have been obtained using
reference software for HEVC, VVC, MAEVC, and 3BHEVC, as shown in Section 3.3.
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Fig. 2.4. An example of ® curves for different codecs [AVC, HEVC, VVC] for the
BQTerrace 1920x1080test video sequence [the results by the author].

Based on Fig. 2.4, the fact that VVC outperforms both HEVC and AVC is confirmed
because VVC uses more advanced video coding techniques than AVC and HEVC, as
mentioned previously. Additionally, it hdseen observed that the shapes dD Rurves for
AVC, HEVC, and VVC codecs are approximately similar.

2.2 Rate Control

The goal of video compression is to produce the optimum video quality i.e. to minimize
distortion under certain requirements, such as chattmelghputor storage limitations.
Therefore, video compression plays a very significant role in applicationsetiaite the
transmission and storage of video. Video coding systems perform compression by reducing
redundancies, especially spatial and temporal ones. As known, the amount of redundancy in
sequences is variable; therefore, video encoders produce owgarms of variable bitrate,
mainly due to the changes in the activities in the sequences. In the case of using enly intra
frame coding, the number of bits spent by each frame will vary due to the scene complexity.
Complicated scenes require a much largember of bits than simple scenes. Ifframe
coding is another factor in changing the bitrate of the compressed video. {inantercoding,
the encoded data includes motion vectors and residual coefficients. When the scene contains
only small and simgl movements (such as the translational motion of rigid objects),-block
based motion estimation can be effective in predicting the movement. Consequently, the
motion vector has a relatively high portion of the number of bits. If the scene contains complex
motion (such as rotation, zoom, etc.), bldksed motion estimation has difficulty predicting
the movement. Thus, the motion vectors constitute a lesser portion of the number of bits
[Rich_03a, Sze 14, Sald_22].
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In video coding, the frame coding type iso#rer reason that impacts the number of bits
produced by an encoderframe only employs intrframe prediction, so the rate of bits is
usually very high, which means the compression ratio is mea@emie employs inteframe
prediction (unidirectiona))and its compression efficiency is normally higher than-fingnhe.
B-frame utilizes more efficient AHdirectional intefframe prediction; therefore, the
compression ratio is very highLde 13, Pate_15, Wien_15, Taja_17, Fili_19, Hsie_20,
Jin_23.

As thechannelthroughputor storage capacity is restricted, all bitrate variations should be
well controlled before transmission/storage. Several networks and storage memories are
working at a constant bit rate (CBR). Even if they operate at a variable b{iviai, the
maximum stream rate fluctuations will have corresponding constraints. Consequently, the
compressed video should be adjusted to meet the chdmoabhputand storage memory
space requirements [He_08, Tian_18, Gong_19, Gu& &, 20.Li 20c,Zhou_ 234

Rate control is concerned with budgeinstrained bitllocation issues that aim to decide
the number of bits to be utilized in various parts of the video in order to maximize the quality
of the decoded frames. A common approach to deal witle thblems is to look at the[®
(ratedistortion) tradeoffs in bit allocation. As a consequence, a video encoder uses rate control
as a method of organizing the changing bitrate of the encoded bitstream to prodigeahigh
decoded frames at a recgdrbitrate.

In video coding, rate control is executed by using a set of steps. The first step is to update
the required average bitrate for each short time interval. The next step is to determine the frame
coding type (F, P-, or B-frame) and the bit budg needed for each frame to be encoded. The
last step is to determine the coding type @dr each block in a frame to meet the required
rate for this frame [Rama_17, Cao_18].

2.3 Encoder Modeling

Rate control is usually adopted in the video codingesysb accomplish a required bit rate
by adjusting the quantization paramet€P) which integer values correspond to some
guantized values of the quantization step. The relationships between the quantization parameter
and the equivalent quantization stegedor the transform coefficient are as follows:

1. For HEVC [Sze_14] and VVC [VVC],
6 Qo o : (2.1)
where:
QP - quantization parameter,
Q - quantization step size.

From equation (2.1), thguantization step size equals 1 for the quantization parameter equal
to 4.
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2. For AVC, Table 2.1 shows the values@tnd the corresponding values@®.

Table 2.1: The width of quantization interv@sand the corresponding values@® in the
AVC codec [Rich_03a].

QP| O 1 2 3 4] 5 & 46 | 47 | 48 | 49 | 50 | 51
Q |0.625]| 0.6875| 0.8125/ 0.875]1]1.125] = "| 128 | 144| 160 | 176| 208 | 224

In AVC, the guantization step size doubles in size for every increment of 6 in the
guantization parameter [Rich_03a].

Fig. 2.5 presents the relationship between the quantization parameter and the equivalent
guantization step size for AVC, HEVC, and VVCdeas.

250

200

150

100

50

T —HEVC and VVC
P P4 —— AVC

0 10 20 30 40 50 60
QP

Fig. 2.5. Quantization ste®J as a function of the quantization parame@@®)

Once the bit budget is allocated, the following step is to estimate the encoding parameters
that enable the required bitrate to be reack#ngingQ is the first approach to reach a
required bitrate, which leads to modeling functions linking bitrate and quantization sggp (R
[Chia_96, Chia_97]The RQ model can be very compléx derive.Therefore, other models
have been pr gapmis(Rd)KimsOw, ed 02aHe OB[TheR} model consi
of passing through an intermediate and more simple linear model to avoidmedeel.The
&R model was used to control the bitrate by finding the relationship between the bitrate and
the Lagrangian nitiplier (&) (a-is the slope of the ® (ratedistortion) curve) in [Li_12,
Li_20a, Li_20b, Yang_20Chen_22 In [Gao_19], a learningpased initialQP method was
presented to replace the traditional calculative method, which works to improve the
performarce of rate control. A proposed neural netwbdsed approach was presented in e.g.
[Li_17, Kian_20] to control the bitrate by estimating the model parameters to improve the
efficiency.
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2.3.1 RQ Approach

In [Choi_13 Tan_17,Cao_18, Mao_Z2 an RQ modeibased rate control scheme was
proposed. The  model depends on the relationship between the bitrate and the quantization
step. The RQ relationship is based on two main models: the quadra@crRodel and the
simple RQ model.

For the gadratic RQ model, which was used with AVC [Hu_10, Xiao_11] and HEVC
[Lian_13, Wu_15] coding, the relationship betwé&g@andB (the number of bits) was written
as:

60 O3> — »O3—, (2.2)

where:

aandb - model parameters that depend on the video content,

MAD - mean absolute difference between the reconstructed and the original image,
Q - quantization step size,
B - number of bits per frame.

In a simple RQ model, sed with AVC [Dong_07c, Dong_09, Lu_14] and HEVC [Cen_14,
Wang_ 18] coding, the simple relationship betw€esndB was expressed as:

ouv — o (2.3)
wheres ande model parameters that depend on the video content and can be determined by
using a linear regression method [Wei_05, Yan_09] betwe@npRints.

The authors inGraj_1Q proposed anodel to find the relationship betweBrandQ; the
following relationship was proposed:

50 —, (2.4)

where:

B - number of video bits per frame,

ofohid ¢ @ - model parameters that depend on sequence content,
Q - quantization step size.

A comparison between the quadrati€)Rnodel and the simple-R model was presented
in [Dong_07a]. The authors in [Dong_07a, Dong_07b] fotimel quadratic FQ model
consistently gives smaller errors, and thus, it is more accurate than the si@QpieRel. As
is well known, quadratic ) models are based on complex functions; thus, it has been found
that few applications are using the quadr&iQ models because of their high computational
complexity [Chia_97, Dong_07b]. Due to the computational complexity of the quadt&tic R

22



Yasir AlOb ai di AModel i Dg mehsCodads Vi ar

model and the low accuracy of the simpl&®Rmodel, the proposed model was presented in
[Graj_10]. The authors in [GralO] declared that model (2.4) mostly fits very well with the
experimental data in a wide range of bitrates. Besides, the authors in [Graj_10] claimed that
the proposed model (2.4) outperforms the model from the reference implementation of an
MPEG-4 AVC/H.264 encoder. Consequently, model (2.4) will be used in this dissertation to
control the bitrate for sequences.

23.2R} Approach

The linear model was applied in MPEXgLee_98, Kim_01], AVC [Lim_07, Zhan_11],
and AVS1 [Wang_09], and a linear relationship between bitratej amds assumed, wheye
is the percentage of zeroes among quantized transform coeffitientdserved thahe value
of } increases with increasing; therefore, it is possible to find an individual mapping of the
value of} onQ, and so the required bitrate to represent the compressed image in funstion
expressed. Generally, theyR mo d e |  w arsthedobowingrequatiend i

Y o —Op ", (2.5)
where,
'Y - bitrate for transform coefficients,
d - a model parameter related to the video content,
| - a percentage of zeroes amangntized transform coefficients.

From equation (2.5)Y depends ord and}. According to [Ser_11]d is constant.
Therefore, the value of can be determined according to the target bitrate. In [He 02,
Wang_13a, Wang_13b], a mapping scheme betweerd Q was presented to determine an
appropriate to meet the target bitrate.

Modern video coding standards (HEVC and VVC) present the skip prediction method and
a flexible quaetree coding unit partition scheme, leading to a significant differenceein th
distribution of zeros after transformation and quantization. Besides, the linear relationship
betweenn andY , assumed, i s i nacc uRmadedisrar@lysusedinr es ul
modern video coding standards (e.g., HEVC and VVC). Becaubesqiroblem, the proposed
approach was pr e SRenndeleodhe RQonodelonfWaeg 13a, Wang_13Db]
as follows:

Y —D2p 7 =3 (2.6)
V. 0 &O0 (2.7)
where,
V. - number of nonzero transform coefficients,
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N - total number of the frame,
Q - quantization step size,
aandb - model parameters that depend on the video content, obtained via the linear

regression scheme.

Finally, the proposed model ilMang_13a, Wang_13lsan be obtained by
Yo =3 —00 %30 @D . (2.8)

Fromt he previous works [ Wang_13&moddMaangot 13b] ,
be used with modern video coding standards due to its inaccuracy in determining the bit rate.

233R->= Approach

ManyRe= model s have been pr ogwesnditatetamewherend t he
arepresents the slope of thelR(ratedistortion) curve. The ® model was used w
[Hu_12, Li_14a], HEVC [Li_14b, Cord_16, Wang_16, Lei_18, Abol_19, Li_19] and VVC
[Chen_20, Li_20cZhao_22to calculate théitrate control. In equation (2.9), the relationship
between distortion¥) and bitrate R) was modeled as a hyperbolic function.

oY 62V (2.9)

whereC andK are model parameters relevant to the video content (these parameters are
estimated based on the video content). As is well knevgrthe slope of the ® curve, which
can be calculated by
—. (2.10)

Then, a relationship betweerand bits per pixeldpp) is shown in

| AN (2.11)

where U and b are contentelated parameterdhis approach depends on the accurate
approximation of théagrange multiplierg. Once thexfor the required bitrate is determined,
all the coding parameters, including the quantization param@®r €an be chosen by the
Ratedistortion optimization process [Sull_98]. In [Chiu_12, Li_12], it was observddhba
relationship betwee@P and| n)(isa linear one, regardless of the coding level and coding
structure. Therefore, the relationship betw&handl n (s2a-)

00 ®d I o, (2.12)

whered anda are constant parameters that are estimated by using thedeases fitting
to the optimunQP-In(a) pairs for sequences.
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2.4 Bit Allocation

Bit allocation is one of the primary issues in video coding. The basic idea of bit allocation
is to reduce overall distortions within a required bitrate. Bit allocation can be divided into three
levels: GOP level, frame level, and block level. Much reseasas presented to calculate the
bit allocation [Rama_17].

A video sequence is divided into groups of pictures (GOPs). A GOP can contain the
following frame types: | frame, P frame, and B frame. As is known, -@@€! bit allocation
is the first step ofate control and has a significant effect on rate control performance [Song_17,
Wang_20azZhou_23h. The GOPRlevel rate control includes determining the total number of
bits for each GOP. In [Sanz_13, Cheng_19], @&l rate control algorithms for video
coding were presented. In [Lian_13, Cao_18JQRmodetbased rate control for GGBvel
was proposed. Also, GOBvel rate control withthef& model was i ntroduce
Zhan_19.

Many algorithms have been proposed for frdenel rate control [Guol7, Chen_18,
Guo_19, Liu_22]. The aim of framdevel rate control for video coding is to obtain
approximately constant frame quality along with the time when each frame should get a portion
of the target GOP number of bits proportional to frame type axiipl The authors in
[Lin_08,Zhan_1]1 p r o pdonwim cateframe based rate control. In [Lu_14, Wang_18],
framelevel rate control with the ¥ model was suggestesdomain rate control based frame
level was presented in [Li_18B8anc_18].

Many blocklevel rate control algorithms for video coding have been presented in
[Medd_14, Medd_15, Shen_ 16, Zhan_17, Lei Y&n 20a, Yan_20bliu_ 21, Lin_22,
Wang_22. Block-level rate control with the ¥ model was introduced in [Shi_08/u_14].
In[Yang_14, Maunl6], Ra r at e cont +lockwabprapesed. on r at e

Conclusionsthe GOPRlevel bit allocation approach takes into consideration the number and
types of frames being encoded, along with any error in encoding previous GOP sequences
[Wu_11]. In contrastthe framelevel bit allocation approach takes into account separate
models to estimate parameters according to the picture position in hierarchical GOP. The
block-level bit allocation approach consists of considering each block in a specific picture as a
rival component of participation in the available fraleeel budget.

2.5 Immersive Video

Immersive videos have gained great popularity recently, because they give the audience a
new viewing experience by deeply involving them in the content, meaning the ability to absorb
the user entirely into a visual scene. Immersive videos may be linkeokhooriginal and
computergenerated content. Also, immersive video content is occasionally described-as high
realistic [Doma_17, Wien_1%ada_22.

Immersive videos are video recordings where a scene is recorded in all directions at the
same time. Theyra usually shot using an omnidirectional camera (also known as a 360°
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camera), or a collection of separated cameras, which are connected and mounted in a spherical
array. In the immersive video, a heawbunted display (HMD) can be used to give users the
option to select their field and direction of view by head movement, to simulate-aaddl

viewing experience [Jeon_13yng_22

2.6 Multiview Video Representations

Many ways of representation are used to recreate a scene. The type of representation
depends on the content that camera systems can produce on their own or by processing original
data. Many approaches have been proposed to represerditheesional scenes, like image
based representation, geomdbgsed representations, and intermediateresgmtations
[Ozak_07, Smol_09].

Imagebased representations usually require a large number of cameras to achieve good
performance rendering [Smol_09]. Views are generated using interpolation from the available
camera views without using any geometricadd®l. The main advantage of imagased
representations is the possible high quality of virtual view synthesis, avoiding any three
dimensional scene reconstructions. In imbgseed representation, complexity is a primary
problem, as the quantity of datalie processed is huge. Examples of this kind arspage
and lightfield [Fuji_94, Ozak_07, Tani_12a].

Geometrybased representations may require a lower number of cameras but rely on
complicated image processing algorithms (e.g., geometry estimatiorittaigs, etc.). View
generation is usually expensive and requires human assistance. Examples of this approach are
pointcloud and 3D meshes [Ozak 07, Nata_11]. This approach is used in movies, computer
games, etc.

Another approach is called intermediatpresentations, which include both a geometrical
model and standard camera views. Multiview Video plus Depth (MVD) representation is one
example of intermediate representations [Mull_11, Tani_12c].

Some ways to represent multiview video are presentedsirséiation as multiview video
plus depth, point cloud, and rapace.

2.6.1Multiview Plus Depth

Multiview plus depth (MVD) is the most commonly used representation for applications
like Free Viewpoint Television (FTV) [Tani_12c, Stan_18] andif®ension& Television
(3DTV) [Kubo_07] [Ozak_07] [Lafr_16]. MVD includes a number of viéwgery diversified,
sometimes less than 10, sometimes more tharn @ depth maps. In Fig. 2.6, an example
of a multiview video plus depth maps is shown. A depth map septe the geometric
information about a scene. Depth maps can be estimated by using algorithms of depth
estimation [Seno_15, Du_19, Miel_ZB8chr_22.
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Due to limited communication channel throughput, the transmission of all videos from
cameras to the deder is not possible, because it requires too high bitrateen with the use
of the latest technology. MVD provides the ability to produce a synthesized view as viewed by
a virtual camera. Such a virtual camera can be put in the position of anoth@ammegh or an
arbitrary position. Thus, MVD requires sending a limited number of views and depth maps to
the decoder. The remaining (unsent) views will be produced at the decoder side based on
transmitted views [Puri_16, Ceul_18]. The views which are pratiatéhe decoder side, are
called virtual views. The virtual views can be generated by view synthesis [Dzie_16, Li_18a,
Nam_232. Thus, the generation of virtual views permits users to alter the viewpoint within the
scene freely [Tani_12c].

Because the retred data of multiview video plus depth video is huge, many methods have
been presented to compress multiview video plus depth maps, and it will be mentioned in
Section 2.7.

Fig. 2.6. An example of multiview video plus depth maps foBhket test seqance.

2.6.2 Point Cloud

Point clouds are groups of points representing 3D objects, as shown in Fig. 2.7. A point
cloud consists of a set of coordinates indicating the location of each point, along with one or
more attributes, such as color, transparency, and material propsstesaded with each point.
Threedimensional point clouds can be captured utilizing many cameras and depth sensors in
different setups. Also, point clouds are used to create 3D meshes and other models used in 3D
modeling for various fields, including artbcture, geographic information systems, medical
imaging, manufacturing, 3D gaming, and various virtual reality (VR) applications [Lins_01,
Ozak_07, Schw_1%ran_22.

Point clouds are distinguished by simplicity and versatility. Point clouds are flagible
noise, as there are no suppositions on the structure, such as the smooth manifold assumption
needed for meshes [Lins_01]. Also, this approach does not require preprocessing and thus is
suited to reatime applications. However, point clouds are disoizgth and there is no

27



Yasir AlOb ai di AModel i Dg mehsCodads Vi ar

correspondencer correlation between frames. This problem creates a challenge to exploiting
temporal redundancies for compression. Point clouds often consist of millions to billions of
points that require significant storage space/@nttansmission bandwidth. Therefore, the
compression of data is important in point cléaased applications [Tulv_16]. A point cloud

can be compressed in two ways [Graz_20]. The first way is called-bmksr point cloud
compression (MVCC) which consts of projecting the thredimensional space onto a set of
two-dimensional patches and encoding them using 2D video techniques. The second way
(geometrybased point cloud compression-R&C)) is to cross the thremensional space
directly to generate theredictordSchw_19].

Fig. 2.7. An example of point cloud representation with MATLAB.

2.6.3 Ray-Space

Ray-Space representation is one of the ways used to represent 3D scenes by converting the
original mul ti vi ew [Fupn®4 €asi_l1Pah In Additoy, tesppcaisa met e r
virtual space, but it is straightforwardly joined to real space.

In a threedimensional scene, a ray is represented by using a set of parameters, which can
describe all rays of 3D space. The ray parameatelisate the direction of the light ray and the
coordinates of the intersection of the ray andptane [Adel_91, Mcmi_95, Levo_96]. In Fig.

2.8, aray in a 3D scene is represented by four parameters; two parameters for the direction (
() of the light rg and the other two for the positiox, §) that represents the intersection of the
ray and the reference plane.

In ray-space representation, the image information from a specific viewpoint is represented
as one subspace of all the 1gyace. The data caped by the organization presented in Fig.
2.8a can be shown as afspyace shown in Fig. 2.8b. The five views in Fig. 2.8a correspond to
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the 1st to 5th vertical sections in Fig. 2.8b. Thus, an arbitrary viewpoint image can be created
by reading and transfming the corresponding data in the -space. Therefore, regpace
representation can be used in applications like Free Viewpoint Television [Tani_12b] and 3
dimensional television [Shao_05, Tani_12b].

Since rayspace ixomposed of a large number of 2D real images, it has a huge amount of
data, and thus, must be compressed before storage or transmission. Since most-sptueray
compression methods only use tdionensional intrdrame redundancies, they are similar to
the still image compression techniques, leading to low compression efficiency. Therefore,
compression is one of the important issues that must be overcomesirai@g/representation.

Visual Field
(Horizontal)

6\6
.
Y \I\Somo‘“‘““
A O
Positioh Visual Field
(xy) (Vertical)

T 6 OA+
Direction

)| 7 \K

—

Visual Field
(Vertical)

N

Viewing Zone

a. Real Space b. RaySpace

Fig. 2.8. Definition of RaySpace [Fuji_94Tani_12a].

2.7 Compression of Multiview Video Plus Depth Maps

As already mentioned in Section 2.6.1, MVD includes multiple videos and associated depth
maps, which means that the volume of MVD data is huge. Therefore, MVD must be
compressed before transsimn and storage. Many methods have been proposed to compress
multiview video plus depth maps: simulcast coding, multiview video coding, and 3D video
coding.
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2.7.1 Simulcast Coding of Multiview and Multiview Plus Depth Video

A straightforward method to cgpress multiview video plus depth is to use 2D coding,
usually known as simulcast coding. Simulcast coding consists of independently encoding the
views and depth maps, meaning that each view is coded separately, and each depth map is
coded separately. F@axample, standard video encoders such as AVC [Rich_03b], HEVC
[Sull_13, Sze_14], VVC [Sull_18, Bros_2Bami_23, or AV-1 [Riza_18,Trow_2(Q can be
utilized for this purpose. Fig. 2.9 shows the compression of stereoscopic video plus depth by
using simulcascoding. An example of the prediction structure of a simulcast coding algorithm
is explained in Fig. 2.10, where each view is independently coded, and compression only
exploits temporal redundancy [Merk_O7Jhe arrows in Fig. 2.10 indicate the directioh
prediction in GOP (all arrows from a reference picture to the prediction target picture).

An advantage of simulcast coding is that standard video encoders can be used for multiview
plus depth coding. This approach is the simplest solution, compasggdrtedlutions, as it only
exploits temporal redundancy and does not exploit spatial redundancy between views, keeping
the computational cost and the coding delay on levels achieved byfsthgeart schemes in
video coding. Also, it is a suitable solutifor the current technology, as each of the views can
be decoded using existing decoders.

: Bitstream :
View i 2Dvideo | > 2D video Recqnstr_ucted
encoder decoder view i
- S Bitstream g p
Depth map 2D video 2D video Reconstructe
[ encoder |~ > decoder > depth map
Bitstream
View i+1 2Dvideo | > 2D video Rec_ons.tructed
encoder decoder view i+1
_ Bitstream :
Depth map 2D video 2D video Reconstructed
i+1 encoder |~ e > decoder | depth map+1
1
1

Fig. 2.9. Simulcast coding of stereoscopic video plus depth.
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Fig. 2.10. An example of prediction structdioe stereoscopic video plus depth in simulcast
coding.

2.7.2 Multiview Video Coding

Multiview video coding involves coding two or more views togetmerthen sending them
in a single bitstream. Fig. 2.11 presents a block diagram of the compression of stereoscopic
video plus depth by using multiview coding. Multiview video coding techniques (e.g., MV
HEVC, MVC) [Vetro_11, Tech_16Chou_22, Huv_23, Deng3Pprovide a more effective
method to code multiview video plus depth than simulcast coding by taking advantage of inter
view redundancy. The approach exploiting the temporal redundancies can be used to eliminate
inter-view redundancy by disparilyased tehniques. The disparity between various views is
treated as a movement in the temporal direction, and the same methods utilized to model motion
fields are used to model disparity fields [Hann_13, Chen Fi§].2.12 explains an example
of a multiview codirg structure with both temporal and irigew prediction for stereoscopic
video plus depth. The arrows in Fig. 2.12 show the direction of prediction from a reference
picture to the prediction target picture.

One of the essential features of multiview videaling is that the primary blodkased
coding and the decoding process of 2D coding stay fixed. In addition, the primary principle of
multiview video coding is to reuse the tgomensional coding tools, with modifications made
only to highlevel syntax orihe slice header level and above. Multiview video coding uses one
of the views as a base view, while the rest of the views as dependent views, as shown in Fig.
2.12. The base view is coded by using standard 2D video coding. In contrast, the dependent
views are created by interew prediction to achieve high compression performance.
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View i 5 5 Reconstructed
_ view i
Multiview Bitstream | Multiview
vide0 Lo > video
: encoder decoder
View > 3 Reconstructed
i+1 view i+1
Depth Reconstructed
mapi [ N _ ™| depthmapi
Multiview Bitstream | Multiview
Vide0 b > video
Depth encoder decoder Reconstructed
map i+1 > > depth map i+1

Fig. 2.11. Compression of stereoscopic video plus depth by using multiview coding.

Time

Views

| Dependent view | Base view

Depth maps

Dependent depth || Base depth

Fig. 2.12.Example ofprediction structure with both temporal and intesw predictions
for stereoscopic video plus depth in multiview video coding.
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2.7.3 3D Video Coding

3D video coding consists in joint compression of all videos and depth maps, which means
exploiting the correlations between views and between video and depth components
[Doma_13, Tech_16]. 3D video coding does not exploit only temporal andvieter
redundancies, but also the intmmponent redundancy for video and depth.

3D video coding (e.g., 3BVC, 3D-HEVC) is anextension of the standards of video
coding (e.g., AVC or HEVC) that are being used by adding extra coding tools and inter
prediction techniques between components, as indicated by the red arrows in Fig. 2.14. One of
the views, which is callethe base view or independent view, is coded independently of the
other views using 2D HEVC video coding. The other views are called dependent views because
they may be coded depending on the data of the other views. 3D video coding uses quantization
paraneters for views and depth maps to find a traffebetween the quality of views and
bitstream size. Also, camera parameters are additionally included in the bitstream for view
synthesis [Doma_13, Chen_15]. 3D video coding is used in many practical appsicatich
as advanced thredimensional television (3DTV), fredewpoint television (FTV), and 3D
digital cinema applications. Fig. 2.13 presents a block diagram of the compression of
stereoscopic video plus depth by using 3D video coding. In additign2RA.4 shows a 3D
video coding structure.

View | > : Rec\zga’ltriucted
Depth Bitst Reconstructed
map | > MUItiView Itstream MUItiView —> depth map |
video plus video plus
View deptjh ddep:jh Reconstructed
1 > encoder ecoder |=—>t view i+1
R nstr
Dep_th 3 econst uc.ted
map i+1 depth map i+1

Fig. 2.13. Compression of stereoscopic video plus depth by using 3D video coding.
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View i (Base viewy View i+1 (Dependentiew)

v v

2D video Depth map Video coder for Depth map coder|
coder — coder dependent views > for d(_apendent
views
l l | A 4 l
L
Multiplexer
Bitstream

Fig. 2.14. 3D video coding structure with the intemponent prediction (red arrows) for
stereoscopic video plus depth.

2.8 View Synthesis

In threedimensional video applications (e.g., FTV, 3DTV, etc.), it is necessary to use the
view synthesis process to create virtual views. Virtual views are generated by methods of view
synthesis from videos and depth maps obtained by a camera systenmth@&hvigpal view
quality depends on the quality of views and depth map information in the view synthesis
process [Dzie_1@&uri_16].

Many virtual view synthesis methods were proposed in research [Tani_09, Dzie 16,
Li_22, Zhan_2P Therefore, virtual view ythesis methods can be classified according to
several aspects. The first one is the number of real views that are used to synthesize the virtual
view. Most methods allow using two real views to create a virtual view [Tani_09, Li_13,
Jin_16a], while othemethods of synthesizing a virtual view depend on three or more real
views [Dzie_16, Ceul_18]. Secondly, the existing methods can be divided according to the
camera arrangement in multiview systems, such as systems with linear camera arrangement
[Akin_15, Jun_15] or nonlinear camera arrangement [Doma_14, Yu_16]. Thirdly, the
synthesis methods can be categorized according to the type of camera used in a multiview
system: lightfield cameras [Levo 06, Kim_13, Yao_16], or omnidirectional cameras
[Wegn_17, Domal8]. Fourthly, the methods of synthesis view can also be classified
according to the computation time. Methods that allow the synthesis of virtual views-in real
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time can also be classified as designed for FPGA (Field Programmable Gate Array)
[Wang_12], gaphics cards [Rogm_09, Do 11, Yao_16], or CPU (Central Processing Unit)
[Dzie_18b].

2.9 Encoder Modeling and Bit Allocation for Multiview Video Plus Depth

The issue of bit allocation for multiview video plus depth has already been studied in many
previousworks [Fehn_04, Mull_09, Stan_13a]. As is well known, the aim of bit allocation is
to obtain the highest possible quality of synthesized views based on the decoded views and
depth map data at the assumed bitrate. Therefore, many methods have been prdpuked
the bit allocation for multiview video plus depth maps; let us present a review of the previous
studies.

A study on the influence of bitrate allocation for video and depth data based on the
synthesized view quality was presented in [Bosc_11, B&cwhile no formula was proposed
that satisfies this requirement. In similar research [Mull_09], the authors did not propose any
formula to solve the bit allocation issue, like in [Bosc_11, Bosc_13].

In [Morv_07], the effect of sequence coding on théual view quality has been studied,
but the results obtained in this research were based on very limited assumptions, where only
intracimage coding was used. Also, the study was based on the analysis of the results of using
only two sequences of a very glian nature.

Another study discussed the bit allocation issue [Fehn_04], using an approach depending
on a fixed ratio (5:1) to allocate bits between views and depth maps, meaning that the approach
did not consider the influence of the content factor invilkers and the depth maps on the
guality of the virtual view. Therefore, this approach is rarely used to calculate bitrate allocation
for multiview video plus depth.

A model was proposed by [Klim_14a] to calculate bit allocation by finding a nonlinear
relaionship between the quantization parameter for vi€¥® and the quantization parameter
fordepthmaps@D) . Fur t her more, the authors did not
coding with their proposed approach against coding with other approactti&s.tbe previous
study [Klim_14a], the authors in [Stan_13a, Klim_14b] used linear models to describe the
relationship between the quantization parameters of the video data and depth data. In this study,
the coding performance with algorithmically optemd QP-QD guantization parameter pairs
was compared with a referenc@H = QD).

Some researchers did not provide a formula to represent the relationship b@®veenh
QD in order to calculate bit allocation for multiview plus depth, while other studies introduced
some models to describe this relationship. All models proposed in the previous studies are only
suitable for finding bitrate allocation with linear multiview seqces. Therefore, the issue of
bitrate allocation for MVD video remains open.
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2.10 Influence of the Depth Map on Virtual View Quality

One of the most important issues in multiview video plus depth is to know the influence
of depth map fidelity on theguality of the synthesized virtual view [Mull_11, Puri_16].
Therefore, many studies have examined this issue, as will be further presented.

In [Nur_10], the authors studied the impact of the spatial resolutions of depth maps
encoded in various qualities @D video quality and depth perception. Additionally, the
authors concluded that the higher the spatial resolution of depth maps was, the more did the
video quality and depth perception increase.

The authors in [Yama_10] proposed using the luma PSNR avefdige synthesized view
produced from uncompressed views and compressed depth maps relative to the synthesized
view from uncompressed views and depth maps as a measurement of the effect of depth map
quality.

Another research studied the relationship leetvdepth map quality and synthesized
video quality measured by perceptual quality metrics [Bani_13]. Two possible depth map
artifacts, which are only generated in depth map compression with quantization parameters 25
and 45, were applied to the depth rsaguence corresponding to the left view of a stereo video
pair. The synthesized views were created depending on the original views and the distorted
depth map sequence. Subjective evaluations showed that the synthesized video quality depends
on the depth @p quality.

The influence of a virtual depth map synthesized from neighboring views on virtual view
guality was studied in [Lee_11]. The authors found that the boundary regions in the synthesized
depth image only led to producing visual artifacts in tineial image. Furthermore, the authors
suggested an eddmsed depth map coding method, which only encodes the boundary areas,
including the edge blocks, and skips the remaining areas without encoding.

In previous studies, the effect of depth map qualityvotual view quality has been
studied, but the outcomes obtained in these studies were based on certain assumptions, meaning
that these studies were not based on comprehensive research on this issue. Therefore, such a
comprehensive study will be presahia the dissertation.

2.11 Conclusions

This chapter presents the scientific and technical challenges of multiview video. One of
these challenges is how to represent a 3D scene by using multiview videos. Many ways were
presented to represent a 3D sceke ihultiview video plus depth, point cloud, and-space.
Multiview video plus depth is the most popular and widely used representation in research and
applicationg such as virtual navigation, fragewpoint television, and virtual realityrelated
to 3D video. Multiview video plus depth will be considered in this dissertation because this
format will allow any intermediate view within a particular range to be produced using view
synthesis. Consequently, it can reduce the number of transmitted viedisodally, the video
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plus depth representation is suitable for rendering and compression [Merk_07]. In contrast, the
point cloud and raygpace formats will not be considered in the dissertation because they lack
effective and reliable compression methods.

Due to the required data of multiview video plus depth, the video is still very large, which
is why many ways have been presented to compress multiview video plus depth maps, which
are simulcast coding, multiview video coding, and 3D video coding. Theic&® coding is
the most effective compared to other codecs, especially with MVD sequences which have been
acquired using cameras with parallel optical axes and densely distributed in a line (linear
camera arrangement). Simultaneously, the efficiency ofi@&o coding is significantly lower
with MVD sequences which have been obtained by using cameras sparsely located around a
scene, and their optical axes convergent with the parallax -@0 1@egrees of arc even
(nonlinear camera arrangement) [Doma_16dn&dl6]. Therefore, all MVD compression
methods will be considered in the dissertation.

In multiview video plus depth, the bitrate allocation between views and depth maps affects
the compression efficiency. Although many methods of bit allocation for nawitivideo plus
depth were presented in Section 2.9, these presented methods correspond only to linear
multiview sequences, meaning that they are not compatible with nonlinear multiview
sequences. Therefore, a new bit allocation method for multiview viteo gepth was
presented to meet this requirement in the dissertation.

As is well known, rate control plays an important part in 2D and 3D video coding to satisfy
different communication channéhroughputand limited storage memory space. All video
codecsneed rate control to deal with variable bitrate properties of the coded bitstream and to
produce good video quality at a given bitrate. Rate control algorithms usually depend on
encoder modeling and bit allocation. The bit allocation can be performadeen¢vels: GOP
, Frame, and blocklevel. In contrast, encoder modeling can be performed with three
approaches: the-R approach,theqg appr oac+, apmpd oa@ madBd Wih e R
be considered in the dissertation due to this model's accurdeteimining the bitrate for any
video coding.
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Chapter Three

Methodology of Experiments

3.1 Goals of Experiments

Rate control is not a part of the video coding standard; yet, it is an essential part of the
encoding process. The encoder has to control many parameters to reach a target bitrate, and
also at the same time, provide good quality of decoded video.

The maingoals of the experiments are as follows:

1. Assessment of models for bitrate or number of bits as functions of the quantization step
or quantization parameter.

2. Estimation of ratelistortion (RD) characteristics for various parameters of encoders.
That way the optimum or neamptimum parameters of the encoders will be estimated.

3. Assessment of the rate control techniques based on the models derived.

3.2 Test Sequences Used in Experiments

The dissertation mainly deals with multiview plus depth video (MM the sake of
limited complexity, the experiments are limited to a "two views plus two depth maps" video.
The experiments are executed using video test sequences recommended by the Moving Picture
Experts Group (MPEG) affiliated with the International @rigzation for Standardization
(ISO). In all experiments, two sets of test sequences are used, which are training and
verification sets. The training set is used to estimate the parameters of the proposed models,
while the verification set is used to asst#ss proposed models. The test sequences differ in
their content and resolution.

The 2D sequences used in the experiments are summarized in Table 3.1. Table 3.2 shows
the multiview plus depth (MVD) sequences used in the experiments. For MVD video, the
gual ity is measured for a synthetic view. Ttk
3.2 provides the view number that defines the geometrical location of the synthetic view. The
reference views for synthesi sewse ftiobkedin)orr
3.2. Fig. 3.1 presents examples of frames for one view of each MVD seguence
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Table 3.1: Test 2D sequences used

in experiments

Sequence name Resolution | Frame rate
Training sebf 2D sequences
PeopleOnStreet [JCT] 256C 1600 30
Traffic [JCT] 2560 1600 30
Kermit [Sala_19] 192G 1080 25
Poznan_Block2 (view 2) [Doma_16b] 1923 1080 25
Poznan_Fencing (view 2) [Doma_16b] 1923 1080 25
BBB.Bultterfly (view 49) [Kova_15] 128G 768 25
BBB.Flowers (view 39Kova_15] 128C 768 25
Ballet (view 3) [Zitn_04] 1024 768 25
Breakdancers  (view 2) [Zitn_04] 1024 768 25
Keiba [JCT] 83 480 30
RaceHorses [JCT] 832480 30
Basketball_Drill [JCT] 832480 50
Basketball_Pass [JCT] 416 240 50
BQSquare [JCT] 416 240 60
Verification set of 2D sequences
Poznan_CarPark (view 3) [Doma_09] 1923 1088 25
FourPeople [JCT] 1283 720 60
ChinaSpeed [JCT] 1024 768 30
BQMall [JCT] 832480 60
BlowingBubbles [JCT] 416 240 50

Table 3.2: Test MVsequences used in experiments

. Used Synthesized
Sequence name Resolution . .
views view
Training sebf MVD sequences
Ballet [Zitn_04] 1024 768 3,5 4
Breakdancers [Zitn_04] 1024 768 2,4 3
BBB.Butterfly [Kova_15] 128G 768 49, 51 50
BBB.Flowers[Kova_15] 128G 768 39, 41 40
Kermit [Sala_19] 1923 1080 57 6
Poznan_CarPark [Doma_09] 192G 1088 3,5 4
Verification set of MVD sequences
Poznan_Block2 [Doma_16b] 192G 1080 2,6 4
Poznan_Fencing [Doma_16b] | 1923 1080 2,6 4
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Fig. 3.1. Examples of views from test sequences used in experiments.
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3.3 Test Video Codecs

The experiments are executed using the lstamdard video codecs (mentioned in Section
2.7), as shown in Table 3.3.

Table 3.3: Video codecs used in experiments

Video coding standard Reference software Commqn test
conditions
AVC (Advanced Video Coding) (ISO/IEC; JM codec in versiorn [Tour_09]
1449610, ITU-T Rec. H.264]JAVC_std] 19.00 [AVC] -
Single | HM codec in versior
view 16.18 [HEVC] [Boss_12]
HEVC (HI?;QEE'CEPS%XE%O HTM codec in
9) Multiview |  version 16.3 [MVHEVC]
230082, ITU-T Rec. [MVHEVC]
H.265) [HEVC_std]
HTM codec in
3-D version 16.3 [BDHEVC]
[SDHEVC]
VVC (Versatile Video Coding) VTM codec in
(ISO/IEC 230983, ITU-T Rec. H.266) version 7.3 [Boss 19]
[VVC_std] [VVC]

The encoders are configured according to the MPEG common test conditions for 2D and
3D sequences in the experiments, as shown in Table 3.3. The data are obta@Rdther
guantization parameteralues from 15 to 50, which corresponds to the used dstriamt
practice. The GOP structure used in the experiments for all codecs is | B3 B2 B3 B1 B3 B2 B3
BO B3 B2B3B1B3B2B3P B3B2B3B1B3B2B3B0B3B2B3B1B3B2B3a GOP
that comprises 32 frames.

3.4View Synthesis

The stateof-the-art synthesis software called View Synthesis Reference Software (VSRS
3.5) is often used in the literature (e.g., [Rana_10, Luca 13, Oh_14, Liu_15, Miel_18a,
Raha_19, Miel_20Li_22, Zhan_2]. This software was developed and asntinuously
improved by the ISO/IEC MPEG community [Miel 18b]. Therefore, View Synthesis
Reference Software (VSRS 3.5) [Stan_13b] will be used in all experiments in this dissertation
to synthesize the virtual views
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3.5 Video Quality Assessment

Fig.3.2shows the virtual view quality assessment flow chart. Initially, views and depth
maps were encoded and then decoded using proposed compression techniques (shown in
Section 3.3). Then, decoded views and depth maps were used to create a required virtual view
This virtual view was compared via video quality assessment with the view acquired by a real
camera in exactly the same position in the 3D space as the created virtual view.

Video quality assessment is an essential matter in-&iie@goint televisiorsystem, where
the quality of virtual views determines the total quality of the system. Many quality measures
have been used to assess the quality of the virtual view [Lin_14, Fari_15]. Therefore, quality
evaluation methods can be divided into subjectiwe @jective onesSubjective assessment
of content is considered the most reliable assessment method, but it is the most expensive,
difficult, and timeconsuming method of content assessment [Wink _05, Koni_12]. On the other
hand, objective assessment (liktSNR) is considered a more straightforward and
uncomplicated assessment method than a subjective one. The objective assessment usually
provides a welmade content quality evaluation. Also, objective and subjective metrics in most
cases produce similargelts [Papa_11, Pino_14, Jung_17]. Therefore, objective assessment
(PSNR) is used in many studies (e.g., [Merk_07, Noor_13, Oh_14, Doma_15, Jin_16b]) to
measure the quality of the virtual view. Due to the above reasons, the objective measure (PSNR,
IV-PSNR has been chosen for virtual view quality evaluation in the dissertation

View (k1)  Depth (i1) View (i+1) Depth (i+1)

| | | |

Encoder

(EJ'“;L Bitstream

Decoder

A\ 4 A\ 4 \ 4 \ 4

Viewsynthesis for view (i)

Original View (i) Synthetic View (i)

! !

Quality assessment of the virtual view

Fig. 3.2.Virtual view quality assessment flow chart
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3.5.1 PSNR

The term peak signako-noise ratio (PSNR) [Wink_05, Akra_14, Joshi_1%jkh 22,
Wali_22 is an expression for the ratio of the maximum signal power to the power of distortion
that affects the quality of its representation. PSNR is expressed in decibels according to formula
(3.1). PSNR is defineds

OR0)

T e 4 ” LAy
0 YOO mesﬁ 5 =

(3.1)

=y

Legend:

"Q'AQ - sample value for the original imagixel with coordinates j,

"Q"@Q- sample value for the synthesized image! with coordinates |j,

M - number of rows of pixels of the imagesepresents the index of that row,

N - number of columns of pixels of the imageepresents the index of that column,
n - number of bits per pixelin all cases described in this workequals 8.

The value of PSNR is usually measured only for the luminance component of the picture
because the distortions in chrominance components of the image are less visib@8]Su
Also, determining the virtual view quality only for luminance is a common practice, often used
in literature (e.g., [Jun_15, Dzie_16, Ceul_18, Fach_18, Li_18a]). Therefore, PSNR will be
calculated only for the luminance component (Y component)eopicture.

In a virtual view, the PSNR measure doesn't always reflect the quality measured using a
subjective method. For example, a very small object edge shift that often occurs in the
synthesized view does not c¢haesghe qualityef thei ewer
virtual view measured by PSNR [Puri_15]. Although PSNR measurement is not accurate in all
cases, PSNR is characterized by simplicity. Thus, in most publications in the field of virtual
view synthesis, the quality of synthesized viesvdetermined by PSNRherefore, YPSNR
(PSNR for luminance component) will be used in this dissertation to calculate the virtual view
quality.

Recently, a new method has been proposed, which-BSINR, to measure the quality of
synthesized views to s@ some cases of the inaccuracy of PSNR mentioned above

3.5.2 IV-PSNR

IV-PSNR [Dzie 19, Dzie 20, Dzie_22% an objective quality metric proposed for
stereoscopic, multiview, and immersive video applications and it is PSNR with some
modifications. The corresponding pixel shift and global color shift are the substantial
modifications that were added to regular PSNIRe corresponding pixel shift aims to take out
the effect of a little shift of object edges produced by thprogectionerror. Whereas, the
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global color difference intends to lessen the impact of various color characteristics of diverse
input views

IV-PSNR value is calculated as:

06 Y8 Y— (3.2)
Legend:
IV-PSNR(C) - IV-PSNR for componerg,
CCW(C) - color component weight for each color compor@éige.g.,6 6 @ p for the

luminance component, and 6 w T® vthe chrominance components
[Dzie 19, Dzie_20)),

L - number ofcomponents (e.gL, for YUV is 3).
IV-PSNR(C)s calculated by using equation (3.3).

o' &y
VG OYOH prd i€ 290 - © (3.3)
B Ak h h
N —h —

o voo—h — O
Legend:
W - width of the image,
H - height of the image,
MAX - maximum value of luma (a color component),
Q - original image,
Q - synthesized image,
o} - size of the analyzed block in the original view,

GCD(C) - global color difference for componeGt

According to [Dzie 19, Dzie 20]9 L is chosen in the experiments, which
corresponds ta 2pixel shift of object edges.

The global color difference is determined as follows:
'H#$ Gdw—B B Qo Qaftdd M YOS (3.4)

whereMUD(C) is the maximum unnoticeable difference for color compoenn the
experimentsMUD =1% was assumed for all the color components, according to [Dzie 19,
Dzie_20].
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3.6 Bjgntegaard Metrics

Bjgntegaard metrics are widely utilizedresearch to compare the coding efficiency of the
codecs [Hann_13, Stan_13¥u_13, Klim_14b, Oh_14, Same_ 16, Stan_18, Topi_19,
Mans_20, Meue_20, Siqu_20, Bros_RIerk 22, Kim_23. Therefore, Bjgntegaard metrics
will be used in experiments in this dissertation to compare the coding performance with the
proposed approach against ttoding performance with other approaches.

Bjontegaard metrics can be divided into two metrics. The first metric (represented by
&eBitrate [kbps]) calcul ates the average bit
streams produced by each of thelgred codecs for the same quality of decoded images, as
shown in Fig. 3. 3a. Whereas the secoRBNR metri
[dB]) computes average quality differences by comparing the quality of decoded images done
for the same bitrate, ahown in Fig.3.3b. In Bjgntegaard metrics, the comparison results are
usually calculated by four points generated with diffei®@® values, but it can be easily
extended to an arbitrary number of points when needed. A detailed explanation of the method
for calculating Bjgntegaard metrics can be found in [Bjon_01].

The Bjgntegaard rate is computed between the twd Burves, as shown in Fig.3.3.

&@PSNR and @&Bitrate are calculated in the f ol
YO "YD Y- , (3.5)
Y6 Qo1 369 , (3.6)

where,0 O w0 Qg 0 ®Wwandb Qsare the integration bounds, as shown in Fig.3.3.

In Fig.3.3, the coding efficiency of Codec 1 is better than Codec 2 because it achieves a
smaller bitrate at the same quality of the decoded image. Besides, Codec 1 accomplishes a
better quality of decoded image for the same bitrate than Codec 2.

PSNR PSNR
D W Codec 2 Codec 2
0 Q¢
> > Bitrate
Bitrate 0 Q¢ 0 W

Fig. 3. 3. Bj Bntegaard metrics: (a) e
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3.7 Trust-Region Method

The trustregion method is one of the optimization methods used in solving systems of
nonlinear equations. The trugigion method can use neonvexapproximate models due to
the limitations of the trust region. This is one of the advantages of thedgish method
compared to the line search method. The #region method is reliable, efficient, and robust,
it has powerful convergence charactécstand it can be applied to unconditional problems.
But, the trustregion method may tend to calculate slower than other methods (for example, the
line search method) in each iteration. The tregion method requires more computational
effort than othe methods in some cases (such as Hessian remains bouBged|)87,
Alex_ 98, Conn_00, Mess_15, Bute_17].

To estimate the parameters of the encoding model (i.e., the parameters @) tinedrl),
the trustregion optimization method can be used. Becausettinstregion optimization
method is often used in the literature of nonlinear systems (such as [Rodr_11, Mone_13,
Wang_20Db]), it will be used in the dissertation to calculate the encoder models' parameters. In
experiments, this method is implemented Isng the optimization toolbox of MATLAB
[Math]. The number of iterations and tolerance value used in experimeqts (s 1t and
p p T, respectively.

The trustregion method is based on decreasing the objective function (theateatl
function whose valumust be reduced over the set of possible alternatives) within a predefined
space. The first step is to determine the radius of the trust region around the current best
solution. Inside this radius, the objective function is decreased to produce a véatorjsv
the minimization direction. The iterative modification of the tmegion radius is essential for
the trustregion method. The step is rejected, the radius is decreased, and a new, more local
solution is computed when the objective function carb®teduced inside the trustgion
area. Whereas if a step succeeds in reducing the objective function as approximated, then the
trustregion radius is increased. In general, the direction alters whenever thregiostradius
is changed [Mess_15, Butk7].

3.8 Conclusions

In this chapterthe virtual view quality assessment procedure for stereoscopic video plus
depth was presented. Also, tdomensional videos and MVD sequences used in the work have
been shown. The modern versions of codecs of suatesdéo coding standards have been
selected to execute the main goals of the dissertation. Also, PSNR -#%NR have been
chosen to calculate the quality of the synthesized virtual.viém trustregion methodhas
been chosen to estimdtee parameters of the-RQ model used in the dissertation.
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Chapter Four
VVC and HEVC Video Encoder Modeling Using AVC Data

4.1 Main Ildea and Motivation

In this chapter, the first part of the original research results is presented. The chapter deals
with two-dimensional (2D) video coding, as multiview video coding may be implemented by
simulcast coding using any of the 2D video codecs.

This chapter relates to solving the problem of rate control fordiw@nsional video. As
mentioned in Section 2.1,egeral internationally standardized tsdonensional video
compression technologies were developed like AVC [Rich_03b, Tour_09], HEVC [Sull_13],
and VVC [Bros_20]. AVC coding is the least complex compression technology among those
three [Topi_19].

In a video encoder, the output bitrate depends on the complexity of the content. Rate control
is used to adjust the compressed video bitrate so that the channel throughput constraint can be
met. Thus, rate control is an essential task to ensure the successfuigsanrsof compressed
video data through tighiand or timevarying channels in communication systems. Many
methods have been proposed to implement rate control, as shown in Section 2.3, aQd the R
approach is one of the more efficient approaches t@oatieol. The quantization step siZ@)(
controls the bitrate and the number of bits assigned to individual frames that much depend on
video content features. For example, Fig. 4.1 and Fig. 4.2 sh@ac&ves for the two test
sequences for different codecs

In Fig. 4.1 and Fig. 4.2, it is observed that the shapes@fdRaracteristics for different
codecs (AVC, HEVC, and VVC) are roughly similar for the given content. As it is well known,
a common aim of rate control is to adjust encoder parameters tvachtarget bitrate. An
AVC encoder is much faster than HEVC and VVC encoders, as mentioned in Section 2.1.
Therefore, the complexity of the estimation of HEVC and VVC models can be significantly
reduced by deriving the relationship between the HEVC aw@ ¥hodel parameters and the
AVC model parameters that can be estimated much faster.

In this chapter, we consider the practical usage of the similarity of-QeRaracteristics
for AVC, HEVC, and VVC codecs. In particular, we consider the estimation &CH&nd
VVC model parameters from the AVC model parameters. The goal is to use such parameters
in rate control. The rate control is dealt with both for the &&el and for the framé&vel in
this chapter.
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Fig. 4.1. Experimental curves for tReopleOnStreetequence for different codecs.
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Fig. 4.2. Experimental curves for tReaaceHorsesequence for different codecs.
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4.2 R-Q Model Used

Severabtudies have described the relationship betweemuimder of bits and quantization
step size using & models, as shown in Subsection 2.3.1. For AVC, the model used in
[Graj_10] was experimentally compared to the standard model [Li_03]. For the MPEG test
sequences defined for AVC, for typical broadcastabes, the approximation error for the
model used in [Graj_10] was, on average,-tmed of the error obtained with the technique
used in the AVC reference software, as mentioned in [Graj_10]. Therefore, the model from
[Graj_10] is used in this dissertai.

In this model, the relationship between the number of video bits and quantization step size
for a given frame type in the 2D sequences is proposed. For matching the experimental data,
the RQ model is used as folloW&raj_10]:

6 om —, (4.1)
where:
0 - bitrate or frame sizéhe number of bits per framejtimated using the model
n WMWG - parameters that depend on sequence content

Q - quantization step size.

The model parameters can be estimated by minimizing the error between the experimental
curves and the curves obtained from the model. The best estimate of the model parameters
means getting the smallest ertmtween these curves. The accuracy of the approximation of
the experimental data is measured as the following [Graj_10, Choi_13, Lian_13, Guo_15]

YQa GoeiQd B S "* pmmb (4.2)
where:
YQoQoE i O - relative approximation error,
6 0 - bitrate or frame size of the video,
6 O - approximate bitrate or frame size of the video estimated using the
model.

In this chapter, it will be demonstrated that the model from Eq. 4.1 is valid also for HEVC
and VVC. Moreover, astonishing relations between the model paranoétdre encoders of
different types are demonstrated. Obviously, the total number of bits or the bitrate for a given
quality of the decoded video is very different for AVC, HEVC, and VVC and it is roughly in
the ratio of 4:2:1, respectively [Sull_13, Br@d]. Nevertheless, when considering thR
model, the similarity of the & curves is striking.
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4.3 Model Parameters for AVC, HEVC, and VVC Codecs

The R-Q model (Eq.4.1) has been derived independently for each framargdatrate.
Also, the RQ model used has three parameters that depend on the sequence content. As
mentioned in the previous section, the parameters' values can be estimated by approximation
error minimization over the interval of the quantization s@p (

The model parameters apbtained using the truségion optimization method with the
number of iterations equal tp p 1T and with the tolerance value pf p 1 (see Section
3.7). Nevertheless, the choice of the nonlinear optimization method is not crucial for the
dissertation, ad other methods can be used.

For example, Table (4.1) shows the model parameters and the average relative
approximation error for the frame size of thigdme type for different codecs. More detailed
data may be found in Appendix A (Table A.1 to A.7).

Table 4.1 Model parameters and the average relative approximation error for the frame
size of Hrame type for different codecs

Relative error [ % |
Sequence Codecs a b c

mean | std. dev.

AVC 1061.70| 0.87 -1.69 3.94 2.74

Ballet HEVC 765.02 0.88 -1.55 1.09 0.89

VVvC 590.02 0.76 -2.25 1.50 1.11

AVC 8328.46| 1.03 -2.52 3.09 2.35

Poznan_Blockg HEVC 5200 0.93 -3.13 1.63 1.31

VVvC 4200 1.01 -3.35 1.62 1.42

In Table 4.1, it is noticed that parametbrand c of the model used for all codecs have
approximately similar values for the given content. Thus, it has been considered that parameters
b andc for the HEVC and VVC models are similar to paramebeasdc for the AVC model
in all experiments. Accordinglhythe rate control model for HEVC and VVC based on AVC
data can be proposed by discovering the relationship between pararoetee HEVC and
VVC models and parametarof the AVC model. This is the rationale for the estimation of
HEVC and VVC model paraeters using the AVC model parameters.

Forthe experiments, reference software for AVC, HEVC, and VVC was used, as shown in
Section 3.3. A training set of 14 standard MPEG/JVET test sequences (diverse resolutions and
frame rates) was used, shown in Table 3.

The data were obtained f@P values from 25 to 50, which corresponds to practically used
bitrates. ThiQP interval corresponds to the interval of the quantization @tépm about 11
to 208. The GOP structure used in the experiments for all caxlé&S3iB2 B3 B1 B3 B2 B3
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BO B3 B2 B3 B1 B3 B2 B3 P B3 B2 B3 B1 B3 B2 B3 BO B3 B2 B3 B1 B3 B2B®QP
andQ values are the basic values for GOP. Qteoffsets were set according to the MPEG
common test conditions for individual frame types, shown in Table 3.3.

In the experiments, the trusggion optimization method was used. Nevertheless, the choice
of the nonlinear optimization method is not crucal the dissertation, and other methods can
be used.

In this section, the approximated curves are estimated using the model paraméters (
andc), where the values of parameteof AVC, HEVC, and VVC models were estimated
directly from experimental data of the training set (Table 3.1) for AVC, HEVC, and VVC,
respectively. While, the values of parameteendc of AVC, HEVC, and VVC models were
estimated directly from experimehtdata for AVC, as mentioned aboweor the training set
of video sequences, as shown in Table 3.1, the mean relative approximation errors for
individual frames of various types, as well as for total bitrate, are summarized in Tables 4.2
and 4.3, withmoredetails in Appendix A

Table 4.2Mean relative approximation error for the frame size of different frame types for
the training set

Frame Relative error [ %
type AVC HEVC VVC
mean | std.dev.| mean | std.dev.| mean std. dev.

I 3.47 2.55 1.85 1.48 2.31 1.97
P 4.58 3.46 2.99 2.15 3.83 3.29
BO 5.30 3.67 8.99 7.82 9.90 9.11
Bl 6.28 3.92 8.27 5.92 10.23 8.01
B2 4.28 2.97 16.69 9.79 24.17 15.92
B3 3.61 2.54 17.30 10.04 27.64 17.49

Table 4.3 Mean relative approximation error for the bitratetfog training set

Relative error [ % ]
Bitrate AVC HEVC VVvC
mean | std.dev.| mean | std. dev.| mean std. dev.
GOP 3.99 3.13 13.21 7.24 20.77 14.54

Table 4.2 shows that the accuracy of the model is higher for frames with larger numbers of
bits (I and Hrames), but the efficiency decreases for frames with smaller numbers of bits (BO,
B1, B2, and B3 frames)or the approximation of bitrate, the accuracy is satisfactory for
approximate estimation, as shown in Figs. 4.3 and 4.4 and in FigsBBL.2 in Appendix B.
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Fig. 4.3.Experimental and approximated curves for bitratdPioznan_Block2ndBallet
sequences for the HEVC codec

1.4 T T T T
—Poznan-Block2-Real data
1.2¢F - --Poznan-Block2-Model (Eq. 4.1)
—Ballet-Real data
— 1r - - -Ballet-Model (Eq. 4.1) 1
2
s 08 1
[0)
§ 0.6 1
Doat |
0.2r 1
0 | s
0 50 100 150 200

Fig. 4.4.Experimental and approximated curves for bitratéPlmznan_BlockandBallet
sequences for the VVC codec

Basedon the results obtained in the experiments (Appendix A: Table A.1 to Table A.14),
Figs. 4.5 and 4.6 show a(AVC) a(HEVC)anda(AVC}a(VVC)pairs for the bitrate for all
training sequences. Furthermore, Table 4.4 shtwve relationshigpetween the values of
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parametera of the AVC model and the values of parametef the HEVC and VVC model
for the bitrate for training sequences
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Fig. 4.5. All pairs ofa(AVC} a(HEVC)for the bitrate for all training sequences.
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Fig. 4.6.All pairs ofa(AVC) a(VVC)for the bitrate for all training sequences.
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Table 4.4The relationship between parametesf the AVC model and parameteof the
HEVC and VVC models for bitrate (for a GQP)

Sequences | a(AVC) | a(HEVC) | a(VVC) wo w oo w 0
WO wo WO wo
PeopleOnStreet| 815.011| 618.851 | 446.706 0.76 0.55
Traffic 814.018| 458.627 | 385.493 0.56 0.47
Kermit 530 312.190 | 246.836 0.59 0.47
Poznan_Block2| 200.000| 127.140 | 111.384 0.64 0.56
Poznan_Fencin¢ 107.024| 68.334 | 57.497 0.64 0.54
BBB.Butterfly 30.000 | 17.5106 | 14.214 0.58 0.47
BBB.Flowers 105 62.461 | 51.351 0.59 0.49
Ballet 10.1000| 7.095 | 5.8471 0.70 0.58
Breakdancers 16 11.189 | 8.926 0.70 0.56
Keiba 40.000 | 17.074 | 13.908 0.43 0.35
RaceHorses 190.000( 111.161 | 90.950 0.59 0.48
Basketball _Drill{ 80.003 | 52.591 | 43.093 0.66 0.54
Basketball_Pasy 52.009 | 42.467 | 35.705 0.82 0.69
BQSquare 58 48.352 | 44.025 0.83 0.76
It has been found that and are roughly similar values for different test

sequences, as shown in Table h4igures (4.5 and 4.6) and Table 4.4, it has been observed
that a linear relationship is most appropriate for describing the relationship between the model's
parameters for codecs. Therefore, the linear relationship will be proposed to describe the
relaionship betweea(AVC)anda(HEVC)and betweea(AVC)anda(VVC)
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4. 4. Method of Estimation of the Model Parameters for HEVC and VVC from
AVC Data

The goal of this section is to propose a VVC and HEVC encoder model estimated from the
AVC model for he same video sequence or the same frame. The VVC or HEVC model can be
obtained in the following steps [Doma_21]:

1. Estimation of, b,andc parameters of Eq. 4.1 for AVC.

2. Calculation of parametarof the VVC and HEVC model from the valueafor AVC.
Use the following relations:

® O0wo | Jv 0 wq (4.3)
Owwo | 0 0 w3 (4.4)
where anevc and avvc are general constants derived from experimental data for a large
training set of test video sequences.

3. For VVC or HEVC, use the following parametaa@iEVC)or a(VVC)from Eq. 4.3 or
Eq. 4.4 b(AVC)andc(AVC)

This way, the parameters of the HEVC andC models can be calculated by estimating
the parameters for the respective AVC model

Through experiments with the training set of test sequences, the universal constants
and are estimatedlables 4.5 and 4.6 show the values of and| in Egs. 4.3 and
4.4 for the frame size of various types and bitrate

Table 4.5: Parameteas(Eqgs. 4.3 and 4.4) for the proposed model for the frame size of
various types for different codecs.

Frame type | |

I 0.69 0.61
P 0.69 0.59
BO 0.89 0.75
Bl 0.85 0.71
B2 0.83 0.66
B3 0.39 0.30

Table 4.6: Parametesas(Egs. 4.3 and 4.4) for the proposed model for bitrate for different
codecs.

Bitrate | |

GOP 0.65 0.54
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4.5 Resultsfor the HEVC and VVC Models Derived Using AVC Parameters

Thegoal of the research is éstimate the accuracy of the HEVC and VVC models obtained
according to the procedure from Section 4.4. It means that the model is not derived directly
from the experimental data for HEVC or VVC, as in Section 4.3. This time, the model of an
HEVC or VVC enoder is obtained from AVC data only.

The verification set, shown in Table 3.1, is used to assess the accuracy of the proposed
method in Section 4.4. The verification set includes sequences with different resolutions and
diverse frame rates. For the ver#imon sequences, the mean relative approximation errors for
individual frames of various types, as well as for the bitrate, are summarized in Tables 4.7 and
4.8. The details of the results in Appendix C. Fig. 4.7 and Fig.4.8, and all figures in Appendix
D show experimental and approximated curves for frame sizes of various types and bitrate for
FourPeopleandBQMall sequences for HEVC and VVC codecs

Table 4.7 Mean relative approximation error for the frame size of different frame types for
the verificaton set

Frame Relative error [ % ]
type HEVC VVC
mean std. dev. | mean | std. dev.

I 6.37 1.96 6.86 2.39
P 11.83 4.37 11.88 4.26
BO 15.79 5.74 18.30 6.03
B1 20.67 4.68 22.89 5.47
B2 25.41 7.80 30.15 8.70
B3 28.70 8.63 30.35 10.89

Table 4.8 Mean relative approximation error for bitrate for the verification set

Relative error [ % ]
Bitrate HEVC VVC
mean std. dev. | mean | std. dev.
GOP 14.77 6.61 18.96 9.36
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Fig. 4.7. The experimental and approximated curves for bitrateoimPeopleandBQMall
sequences for the HEVC coding.
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Fig. 4.8. The experimental and approximated curves for bitrateoimPeopleandBQMall
sequences for the VVC coding.
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Based on the experiments, the proposed method in Section 4.4 can be used for both bitrate
estimation and the estimation of the frame size for a given frame. In both cases, the estimation
of three parameters by curve fittingquires at least three encodings. In the proposed approach,
HEVC or VVC encodings are replaced by AVC encodings. This approach significantly reduces
the estimation time, as each video encodingi$ fimes faster for AVC as compared to VVC
[Topi_19]. Alsg HEVC and VVC encoders were compared to the AVC encoder in the
experiments, and it has been found that the AVC encoder was aBautdl29 times simpler
than HEVC and VVC encoders, respectivebh@qwn in Table E.1 in Appendix EYhe
respective reductiois smaller for HEVC; therefore, the approach is more interesting for VVC
than for HEVC.

4.6 Conclusions

The R-Q model is proposed to implement rate control for the codecs considered in this
chapter. In addition, a new approach is presented to estinegp@rameters of the rate control
model for HEVC and VVC by depending on AVC dafthe experimental data illustrate that
the model accurately describes the bitrate as a function of the quantization step for VVC and
HEVC encoders in the most frequently dsetervals of quantization paramete@R(values
from 25 to 50).

An interesting original observation is that the models for AVC, HEVC, and VVC are
closely related to each other. Obviously, the bitrates for AVC are the highest, whereas the
bitrates for VVC are the lowest, but the shapes of thediatertion curves are roughly similar.
Thus, the estimation of a single model parameter for the VVC or HEVC model is sufficient to
estimate the -parameter model knowing the AVC model for the saoment.

For VVC or HEVC encoders, the next original achievement is the proposal to estimate the
bitrate or the number of bits in a frame using the respective experimental data obtained for the
AVC encoder. As the estimation of the three parameters of the model requires at least three
encodings, such an approach is very interesting for VVC, because VVC encoding (of a
sequence or a single frame) ¥ Zimes more complex than AVC encoding (8@pendk E).

The accuracy of the proposed approach is high for the | frame and P frame (large frames),
while it is significantly lower for B frames. As B frame sizes are small, the error can be clearly
observed for any small difference between the experimerda@proximated data (see Tables
C.814 and Figs DAL2 in AppendixC andAppendixD, respectively).
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Chapter Five

Viewsi Depths Bitrate Allocation for Stereoscopic Video

5.1 Motivation and Goal

Compression of multiview plus depth (MVD) video (mentioned in Section 2.7) has a
significant effect orthe quality of synthesized viewlull_11, Alob_18a]. As mentioned in
Section 2.10, the quality of virtual views depends both on the quality of viewsratite
quality of depth maps. Moreover, therate allocation between views and depth maps has a
major impact on the quality of the virtual views synthesized from decoded views and depth
maps.Therefore, in practical video encoder control, there is d teeecide how to allocate
the available bit budget to views and detiaps

In Chapter 1, the importance of advanced stereoscopic systems was mentioned. The
importance of such systems implies the importance of compression of stereoscopic video plus
depth This chapter deals with the bitrate allocation in compression of stereoscopic plus depth
video.Compression ofwo-view plus depttvideo may produce different qualities of a virtual
view at a specified bitrate depending on the quantization steps forviolatthh and depth.
Therefore, the essential requirement in the compression of stereoscopic video plus depth is to
select the pairs of the quantization steps for both video and depth for the best quality of the
virtual view for a given bitrate. As discussedChapter 2, the quantization step in modern
video encoders (HEVC and VVC) is determined by the quantization parameter (a quantization
parameter is an integer number), as shown in Eq. 2.1, which means that quantization steps for
video and depth are determad by the quantization parameters for vid@®)and depth@D),
respectively.

The task of bitrate allocation to views and daptmpsmay be solved by finding a formula
for QD as a function oQP to achieve the best quality of the virtual view for aegivbitrateas
follows:

00 "Q0 0. (5.1)

In this chapter, we use a hypothesis that a reasonably accurate approximation of Eq. 5.1
exists as a general formula with the coefficients independent from the video content. Thus, this
means that the formula can be derived using a training set of stggeogicleo sequences (as
shown in Table 3.2). Also, for simplicity, it is assumed that the quantization para@keier
constant for all views, and the quantization param@t@rns constant for all depth maps for
each view, respectively.

The compression efficiency of codecs that use the proposed bit allocation procedure will
be estimated by the quality of the views synthesized from the stereoscopic video plus depth
obtained at the output of a video codec that exploits the proposed bitratgiaiigprocedure.
These measurements use another set of stereoscopic video sequences (the verification set from
Table 3.2).
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For the considerations of this chapter, the quality of the virtual view will be measured by
PSNR Wink_05, Joshi_1pand IV-PSNR [Dze_20, Dzie_22] by comparing the virtual view
synthesized from decoded views and depth maps with that obtained by a real camera at exactly
the same spatial position (see Section 3B virtual view position to be synthesized will
always be chosen-betveen input viewst-or simplicity, PSNR is mostly calculated only for
the luma component.

In order to derive the model with its parameters, the experimental data are collected for all
training sequences, i.e., quality measurements and bitrateQRpQD) pairs are collected
from reasonable intervals QP andQD. The Paretaptimum 0 () ‘O  pairs that form an
optimum RD (ratedistortion) c ur v e ar e chosemdd OT hpmairs sse t g
approximated by @ ‘O Q0 0 function.

5.2Estimation of the Set of the Optimum |F [Pk  Pairs

In order to derive the formula for bitrate allocation (Eqg. 5.1), the optin@iPn QD) pairs
(GWQ pairs that belong to ®Y) for all traini
found, as in [Alob_18b, Alob 19, Alob_20]. All possible quantization parameter pairs
0 ) ‘O are tested in the range of 15 to 51 in order to find the opti@@QD setings
according to the block diagram presented in Fig 3.2, which means that two views and two
depths have been encoded, decoded, and synthesized for each pair. Thathetheg of
experimental data i n 0dD®earssuctthatpi ck up the se

§ 0 &0 'O pair corresponds to bitrate 0 (0 'O and qualityd "YU & &0 ©O;
f Forany 0D O and 0O O bel onging to H, there e
0 0D 'O such thatt achieves:

—~r

@VYOoXYIO O0VYOXYIO or 0YOXIDO 0°YO¥TD O and
6 0o 6 00OO 6 00D O).

In Fig. 5.1, colored points represent the results of virtual view synthesis with the use of
encoded views and depth maps with allplesible combinations of quantization parameters
for views and depth maps; each color represents a constant vglRexntl different values of
QD. In contrast, the blue line represents the optimQm® QD) pairs. The optimum@P, QD)
pairs belong to thenwelope over the cloud of PSNittrate points that form the bestR(rate
distortion) curve (Appendix F).
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Fig. 5.1. The best#® curve obtained from the optimur@P , QD) pairs ofBBB.Flowers
sequence for the HEVC codec for giv@R values with differenQD values:
(@0 0N ¢ LU O XN w., wheres is the set of natural numbe(s) 0 0N ¢ bo po X.
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5.3 Derivation of the Analytic Model |- - [ |F |}

In Section 5.2, the proposed methodescribed to derive Paretptimum QP, QD pairs
in the sense of the minimum bitrate for a given quality of the synthesized view or the best
guality of the synthesized view for a given bitrate. Consequently, the bitrate allocation model
(EqQ. 5.1) can beatived based on the optimu@R, QD) pairs obtained in the previous section.
In that way, the relation ‘O "QU0 0 can be derived according to polynomial regression:

1 A first-order polynomial regression relationship between both quantization
parameters is
00 ‘DO T . (5.2)
1 A secondorder polynomial regression relationship between both quantization
parameters is:
00 "0 ,DO T. (5.3)
1 A third-order polynomial regression relationship between both quantization
parameters is:
00 « DD %DV .DO [. (5.4)

The parameters of the polynomial regression [Wei_05sRef, Yan_09, Cela_16] are
estimated using the leasfiuares fitting to the optimun@@, QD) pairs. Table 5.1 shows the
parameters of the polynomial regressiont@r training sequences (mentioned in Table 3.2).

Table 5.1:Parameters of polynomial regsesn models (Egs. 5.2, 5.3, and 5.4) for optimum
(QP, QD) pairs for HEVC coding.

First-order Secondorder
regression : Third-order regression (Eq. 5.4
regression (Eq. 5.3
(Eq. 5.2)
Sequences
‘ f " . T . %o r
Ballet 1.38| -18.48 | 0.01 | 0.86| -8.98 | -0.003| 0.37 |-12.42| 146.16

Breakdancers 1.27| -9.00 | -0.04| 4.25|-62.27| -0.002| 0.14 | -2.50 | 17.85

BBB.Butterfly 1.17| -11.96 | -0.01| 2.26 | -32.28| 0.002 | -0.24 | 10.81 | -135.68

BBB.Flowers 1.22| -12.28 | -0.01| 2.06 | -27.53| -0.001| -0.01 | 1.77 | -24.14

Poznan_CarPark 1.44 | -18.65 | -0.04| 4.30| -69.89| -0.001| -0.01 | 3.30 | -57.95

Kermit 1.13| -11.43| -0.02| 2.38 | -34.94| 0.002 | -0.23 | 10.51 | -133.74

Fig. 5.2 shows the approximate relationship betw@emndQD for the optimum pairs for
two training sequences using polynomial regression.

In Table 5.1, it has been noticed that the parameters of Eq. 5.2 for the training sequences
have roughly similar values, which means a general modél ("Q0 0) for MVD sequences
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can be derived, while the parameters of Egs. 5.3 and 5.4 have different values (i.e., a general
model cannot be derived). In Fig. 5.2, it has been observed that the curves of Eq. 5.2 are similar
for all sequences, while the curves o6EH.3 and 5.4 are quite different for each sequence. The
advantage of the firgirder polynomial regression models is related to their simplicity. Due to
the abovementioned reasons, it is suitable to useofidetr polynomial regression to derive the

QD model based o®P for each codec.

Firstorder polynomial regression

Ballet BBB-Butterfly
55 T T T T 1 50 T T T

50F oA 45t
457 40+
401
A o o350
o . 1 o

30
30F
25| 25+

20 . . 20

15 . . . . | 15 I I . L
25 30 35 40 45 50 25 30 35 40 45 50

QP QP
Secondorder polynomial regression

Ballet BBB-Butterfly
55 T T T T 1 50 T T

45t
401
35+

a

o
30t
251

20

. . I . | 15 . .
25 30 35 40 45 50 25 30 35 40 45 50

QP QP
Third-order polynomial regression

Ballet 50 BBB-Butterfly

15 . . . . | 10 I . . .
25 30 35 40 45 50 25 30 35 40 45 50

QP QP

Fig. 5.2.The approximate relationship betwe@® and QD for the optimum pairs foBallet
andBBB.Butterflysequences with the use of polynomial regression. The dots represent
optimum QP, QD pairs forBallet and BBB.Butterflysequences. The red curves
represent curves obtained from polynomial regression model

Fig 5.2 demonstrates that the value®Q#&f(the quantization parameters common for both
views) andQD (the quantization parameter common for both depth maps) are strongly
correlated for the optimun@QP, QD) pairs.
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5.4 Bitrate Allocation Models
5.4.1 Introduction

In order to derive a global mod@D = f(QP), the experiments have been performed using
several test multiview video sequences with depth maps (as in Table 3.2).

The experiments and measurements were organized according to the block diagram
presented in Fig 3.2. The reference software for cod¢€YC, VVC, MV-HEVC, and 3D
HEVC) has also been used to encode and decode views and depth maps (see Section 3.3). The
reference model software VSRS v.3.5 [Stan_13b] has been used for view synthesis, as
mentioned in Section 3.4.

5.4.2 Specific Models for Inlividual Codec Types

The parameters of the firstder model€ andb in Eq. 5.2) are estimated using the least
squares fitting to the optimun@QP, QD) pairs for the training test sequences for different
codecs (shown ifigs. G.1- G.24 inAppendix G). Tle parameter values andb) estimated
individually for different codecs are collected in Table 5.2 for the training test sequences.

Table 5.2: Model parameters derived individually for training test sequences and various

codecs.
HEVC VVC MV-HEVC 3D-HEVC
Sequence
‘ b ‘ b ‘ b : b
Ballet 1.38|-18.48] 1.15 | -6.15| 1.39| -15.28 ] 1.13| -1.64
Breakdancers 1.27| -9.00 | 1.30 | -10.65| 1.26 | -8.43 | 1.17| -4.19
BBB.Butterfly 1.17 | -11.96] 1.19 | -12.86| 1.10| -7.86 | 1.05| -3.84
BBB.Flowers 1.22|-12.28] 1.18 | -991 | 1.26| -11.97] 1.06| -0.44
Poznan_CarPark | 1.44 | -18.65] 1.50 | -21.27] 1.41| -14.29 ]| 1.25| -7.55
Kermit 1.13| -11.44) 1.22 | -14.58] 1.15| -11.21 ] 1.20 | -11.34
Average 1.20| -11.27} 1.22 | -11.25} 1.20 | -9.41 | 1.11| -3.40

For a given codec, the values of parameters for the training sequences havih @sanhe
values. This yields a model with the parameters being constants but specific for the individual
codec typesTherdore, the parameter values of the model obtained individually for different
codecs can be averaged over six training test sequences as summarized in Table 5.2 (shown in
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Figs. G.25 G.28 in Appendix G)Consequently, for codec modeling, the average valties
model parameterg @ndb jare used.

5.4.3 Proposed Global Model for Codecs

In Table 5.2, it has been noticed that model parameteasdb) for different codecs and
training sequences have similaues; therefore, a global model for codecs caprbposed.
Based on the leasguares fitting, the parameteesgndb) of the global model are estimated
for the optimum QP, QD) pairs for all training sequences and all codecs, as shown in Fig.
G.29 presented in Appendix G. The value of the global muat@imeters obtained on average
over all codecs and all training test sequences are shown in Table 5.3.

Table 5.3: Global proposed model parameters for all codecs

U b
Global model 1.17 -8.41

5.5 Assessment of the Proposed Models

In thissection, experimental assessment is provided for the specific models (Section 5.4.2)
and for the global model (Section 5.4.3). Firstly, we assess the exactness of the proposed
specific models, i.e. the models that are specific to the codec type andtéra.cbne quality
of the synthesized virtual views achieved using the proposed specific models (the parameter
values for Eq. 5.2 are shown in Tables 5.2 and 5.3) is compared to the reference approach and
optimum QP, QD) pairs for many different test sequues for the verification set (shown in
Table 3.2). The reference approach for independent codécs isO ‘Q while the reference
approach for joint coding is defined in CTC (Common Test Conditions) [Mull_14]. Tables 5.4
and 5.5 show the assessment ofileis dedicated to the given compression technology. The
coding efficiency of the given technology is assessed by calculating the average difference
between the curves for PSN® P S NaRd bitrated B i t) just asen extension of the well
known Bjgntegaal metric (shown in Section 3.6) to work with more than four points.
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Table 5.4: Bitrate reductions calculated by Bjgntegaard rates between the specific model for
different codecs (Eq. 5.2 with average parameter values shown in Table 5.2) against
coding wih reference and optimur@P, QD) pairs for verification sequences.

Specific model for different Specific mod_el for different
| codecs vs optimurQP, QD)
codecs vs reference approg :
Codec pairs
aPSNR aBitrate aPSNR aBitrate
[dB] [%] [dB] [%]
Poznan_Block2
HEVC 0.10 -15.89 -0.13 26.70
VVC 0.06 -13.97 -0.13 41.50
MV-HEVC 0.07 -8.34 -0.33 52.10
3D-HEVC 0.28 -34.36 -0.22 37.17
Poznan_Fencing
HEVC 0.04 -17.81 -0.09 54.03
VVC 0.02 -10.40 -0.06 31.51
MV-HEVC 0.02 -7.74 -0.10 53.21
3D-HEVC 0.05 -23.05 -0.06 40.26

From the results shown in Table 5.4, it was noticed that the usage of the specific models
proposed for different codecs (Eq. 5.2 with average parameter values shown in Table 5.2)
resulted in a decrease in totatrate and an improvement in the virtual view quality for
sequences when compared to the reference approach. This means that the choice of the
guantization parameters using the special model for different codecs outperforms the reference
approach for thbitrate allocation for stereoscopic sequences. The specific models for different
codecs (Eq. 5.2 with average parameter values shown in Table 5.2) with optyRu@L)
pairs for the verification sequences led to an increase in total bitratedmutdease in virtual
view quality.

Table 5.5: Bitrate reductions calculated by Bjgntegaard rates between the global proposed
model for codecs (Eqg. 5.2 with parameter values shown in Table 5.3) against coding
with reference and optimun@P, QD) pairs for veification sequences.

Global model vs reference| Global model vs optimum
Codec approach (QP, QD) pairs
aPSNR aBitrate aPSNR aBitrate
[dB] [%] [dB] [%]
Poznan_Block2
HEVC 0.05 -7.51 -0.18 36.76
VVC 0.04 -9.31 -0.16 49.36
MV-HEVC 0.08 -9.80 -0.32 49.68
3D-HEVC 0.42 -47.10 -0.10 17.51
Poznan_Fencing
HEVC 0.02 -12.06 -0.11 63.68
VVC 0.01 -3.71 -0.07 45.70
MV-HEVC 0.02 -6.91 -0.10 53.53
3D-HEVC 0.08 -40.16 -0.04 26.65
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In Table 5.5, it was observed that the global model (Eg. 5.2paitameter values shown
in Table 5.3) led to a decrease in total bitrate and an improvement in the virtual view quality
for sequences when compared to the reference approach. Based on the results shown in Tables
5.4 and 5.5, that is on the comparison of $pecific models for different codecs with the
reference approach and the comparison of the global model with the reference approach, it can
be concluded that the specific models led to a decrease in total bitrate and an improvement in
the virtual view qubity for sequences when compared to the global model. The specific models
obviously outperform the global model, and the global model outperforms the reference
approach in the bitrate allocation for stereoscopic sequences.

In Figs. 5.3 and 5.4, the-R (rate-distortion) curves fothe Poznan_BlockZequence
(HEVC codec) are depicted for the specific and global models. Additional plots are provided
in Appendix H. It is worth to remind, that in the figures and pp@ndixH, PSNR or IVPSNR
is calculated fothe virtual views with the reference to the original (uncompressed) view

Poznan-Block?2

27.5 T T 1 [
27 -
/M
© 265 .
a2
Z
N
A~ 26 1
s
25.57 ——The proposed model for HEVC 7
° +QP = QD
——Optimum QP-QD for Poznan-Block2
25 1 I I I I
0 0.5 1 1.5 2 2.5 3

Bitrate [ Mbps |

Fig. 5.3. RD curves for the specific model proposed for HEVC (Eg. 5.2 with average
parameter values shown in Table 5.2), the reference app@ach { 'Q, and the
optimum QP, QD) pairs for HEVC codec for theoznan_Block®equence.
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Fig. 5.4. RD curves for the global proposed model (Eg. 5.2 with parameter values shown in
Table 5.3), the reference approach{ 0 ‘Q, and the optimumQ@P, QD) pairs for
HEVC codec for théoznan_Block®equence.

The global model (Table 5.3) is of particular practical importance. The experimental results
demonstrate that it gives a simple rule for bitrate allocation between views and depth that yields
higher rae-distortion performance of the video codecs for stereoscopic video plus depth.

Additionally, the specific model (Eq. 5.2 with average parameter values shown in Table
5.2) and the global model (Eq. 5.2 with parameter values shown in Table 5.3) have been
compared to the reference approach and the optif Qi ID) pairs for verification sequences
by calculatinggp| -RSNRandpB i t (Bjentegaard rates), as shown in Tables 5.6 and 5.7.
Figs. 5.5 and 5.6 depict-B (ratedistortion) curves for théoznan_BlockZequence for
HEVC codec to the specific and global model. For more figures, see Appendix H (Figs. H.5
H.8 and Figs. H.15H.18 in Appendix H).
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Table 5.6: Bitrate reductions calculated by Bjgntegaard rates between the specific model for
different codecs (Eq. 5.2 with average parameter values shown in Table 5.2) against
coding with reference model and the optimup#(QD) pairs for the verification
sequences.

Specific modefor different Specificmod_elfor diferent
codecsss Optimum(QP, QD)
codecsy/s Reference approac :
Codec pairs
aV-PSNR aBitrate aV-PSNR aBitrate
[dB] [%] [dB] [%]
Poznan Block2
HEVC 0.09 -10.70 -0.10 12.59
VVC 0.06 -8.32 -0.10 16.71
MV-HEVC 0.07 -5.73 -0.26 24.22
3D-HEVC 0.30 -20.79 -0.20 18.50
Poznan Fencing
HEVC 0.01 -2.45 -0.08 15.11
VVC 0.01 -1.97 -0.05 11.66
MV-HEVC 0.01 -2.10 -0.07 14.09
3D-HEVC 0.02 -6.07 -0.01 2.04

Table 5.7: Bitrate reductions calculated by Bjgntegaard rates between the global model for
codecs (Eq. 5.2 witharameter values shown in Table 5.3) against coding with the
reference and the optimur@P, QD) pairs for verification sequences.

Global model vs Referenc Global model vs Optimum
Codec approach_ (QP, QD) pai.rs
aV-PSNR aBitrate aV-PSNR aBitrate
[dB] [%] [dB] [%]
Poznan_Block2
HEVC 0.04 -4.78 -0.15 18.64
VVvVC 0.04 -5.86 -0.12 19.69
MV-HEVC 0.08 -6.77 -0.24 22.85
3D-HEVC 0.44 -31.25 -0.08 8.66
Poznan_ Fencing
HEVC 0.01 -2.24 -0.09 15.82
VVC 0.01 -1.36 -0.05 11.87
MV-HEVC 0.01 -0.24 -0.07 12.88
3D-HEVC 0.02 -7.36 -0.01 3.67
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Fig. 5.5. RD curves for the specific model proposed for HEVC (Eg. 5.2 with average
parameter values shown in Table 5.2), the reference app@ach { ‘Q, and the
optimum QP, QD) pairs for HEVC codec for theoznan_Block®equence.
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Fig. 5.6. RD curves for the global proposed model (Eq. 5.2 with parameter values shown in
Table 5.3), the reference approadh{ 0 ‘Q, and the optimumQ@P, QD) pairs
for HEVC codec for th@oznan Block2sequence.

70



Yasir AlOb ai di AModel i Dg mehsCodads Vi ar

Regardless of the method used to calculate the quality of the virtual view (PSNR or IV
PSNR), the experiments presented in this section prove that the specific model for individual
codec types (Eq. 5.2 with average parameter values showiable 5.2) and the global
proposed model for codecs (Eq. 5.2 with parameter values shown in Table 5.3) led to a decrease
in total bitrate and an increase in virtual view quality for sequences when compared to the
reference approach. This means thatgipecific model and the global model outperform the
reference approach in the bitrate allocation for stereoscopic sequences. But comparing these
presented models (Eq. 5.2 with parameter values shown in Tables 5.2 and 5.3) with optimum
(QP, QD) pairs for theverification sequences led to an increase in total bitrate and a decrease
in virtual view quality, as might be expected. Consequently, the highest quality of the virtual
view can only be obtained by appropriate bitrate allocation between views and @ggth m

5.6 Comparison of Models Proposed in This Chapter with Models Presented in
Previous Studies of Bit Allocation for MVD

As mentioned in Section 2.8everal models have been proposed to find the bit allocation
for multiview video plus depth maps. [Klim_14a], a seconarder equation to describe the
relationship between the quantization parameter for vi@Is &nd the quantization parameter
for depth maps@D) was proposed, reading as follows:

00 ™WipudDO CBIXDO p® YU (5.5)

Also, the authors in [Klim_14b] presented the following mathematical model of the
0 ‘00 0 function

00 pp A0 08 ¢ (5.6)

In [Stan_13a], a firsbrder model to describe the relationship betwdéenquantization
parameters of the video data and depth data was proposed:

00 PPV ¢8 1 (5.7)

Tables 5.8 and 5.9 shaP SNRandaBitrate calculated by Bjgntegaard rates between the
proposed model in Eq.5(Tables 5.2 and 5.3) and the presented models in the previous studies
(Egs. 5.5, 5.6, and 5.7n Tables 5.8 and 5.9, a positive number denotes that the proposed
model results in an increase in the bitrate or increase in the virtual view quality cdrtgpare
the bitrate or quality obtained from the models presented in the previous studies (Egs. 5.5, 5.6,
and 5.7), while a negative number indicates a reduction in the bitrate or decrease in the virtual
view quality.
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Table 5.8:Bitrate reductions calculatl by Bjgntegaard rates between specific model for
different codec$Eq. 5.2 with average parameter values shown in Tabl@§ainst
coding with the presented models in the previous studies (Egs. 5.5, 5.6, and 5.7)
for the verification sequences (stioin Table 3.2) for different codecs.

Specificmodel for Specificmodel for Specific model for
different codecs vs thdifferent codecs vs tlf  different codecs vs the
Codec m_odel presented in m_odel presented in  model presented in
[Klim_14a] (Eg. 5.5) | [Klim_14b] (Eq. 5.6)] [Stan 13a] (Eq. 5.7)
a&PSNR | aBitrate | aPSNR | aBitrate | aPSNR aBitrate
[dB] [%] [dB] [%] [dB] [%]
Poznan_Block2
HEVC 0.28 -37.87 0.51 -58.27 0.58 -62.75
VVC 0.18 -36.51 0.33 -58.30 0.37 -62.47
MV-HEVC 0.36 -35.95 0.72 -57.55 0.80 -61.40
3D-HEVC 0.13 -18.11 0.31 -39.06 0.33 -40.40
Poznan Fencing
HEVC 0.10 -38.88 0.17 -57.97 0.19 -61.87
VVC 0.10 -33.65 0.19 -52.74 0.22 -56.97
MV-HEVC 0.10 -36.99 0.21 -59.87 0.24 -61.27
3D-HEVC 0.02 -17.68 0.08 -30.06 0.08 -27.61

Table 5.9:Bitrate reductions calculated by Bjgntegaard rates between the global model for
codecsEqg. 5.2 with parameter values showrable 5.3) against coding with the
presented models in the previous studies (Egs. 5.5, 5.6, arfidr3t® verification
sequences for different codecs.

Global model vs the Global model vs the Global model vs the
model presented in model presented in model presented in
Codec [Klim_14a] (Eq. 5.5) [Klim_14b] (Eqg. 5.6) [Stan 13a] (Eq. 5.7)
aPSNR aBitrate | aPSNR aBitrate aPSNR | aBitrate
[dB] [%] [dB] [%] [dB] [%]
Poznan Block2
HEVC 0.22 -30.72 0.46 -52.81 0.52 -57.71
VVC 0.16 -33.11 0.31 -56.13 0.35 -60.52
MV-HEVC 0.37 -37.06 0.73 -58.31 0.81 -62.11
3D-HEVC 0.25 -32.00 0.43 -49.97 0.44 -51.16
Poznan_ Fencing
HEVC 0.09 -34.50 0.15 -52.80 0.18 -57.75
VVvC 0.09 -30.04 0.18 -50.22 0.20 -54.68
MV-HEVC 0.10 -36.45 0.21 -59.49 0.24 -60.91
3D-HEVC 0.05 -30.04 0.11 -38.64 0.11 -36.51

Figs. 5.7 and 5.8 show-R (ratedistortion) curves for th€oznan_Block&equence for
codecs for the proposed model in this chapter (Eg. 5.2 with parameter values shown in Tables
5.2 and 5.3) and the presented models in the previous studies (Egs. 5.5, 5.6, and 5.7).
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parameter values shownTable 5.3)and the models in the previous studies (Egs. 5.5, 5.6,
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Based on the experiments (Tables 5.8 and 5.9, and Figs. 5.7 and 5.8), it has been noticed
that the specific model (Eq. 5.2 with average parameter values smdwahble 5.2) and global
proposed models (Eqg. 5.2 with parameter values shown in Table 5.3) led to a decrease in the
total bitrate and an increase in the virtual view quality of the sequences compared to the models
presented in previous studies (Egs. 5.6, and 5.7). Thus, these results prove that the specific
and global proposed models outperform the models presented in the previous studies of bitrate
allocation for MVD.

This section provides the rules fitre calculation of theQD value as a function dP.
Therefore, the bitrate control for stereoscopic video plus depth may be again treated as the
bitrate control with one control parameter, i.e. the single quantization parameter.

5.7 A General Model for the Bitrate Ratio for Videos in Total Bitrate of
Stereoscopic Video as a Function @P

This section introduces a model for bitrate analysis between videos and depth maps based
on the quantization paramet€R) applied to the videos. Optimur@P, QD) pairs have been
determinedn Section 5.2. Currently, it is required to check what bitrate part represents the
views and depth maps. According to the data collected for the optiQEnQD) pairs, the
relationship between the bitrate ratio for videos from total bitrate (the ofrat® views plus
the bitrate of two depth maps) aQdP is derived.

The proposed model is derived as a formulafer——— value derivation based dpP

settings:
"Q0 0h (5.8)
where:
(A0 O] - bitrate for two views,
YE O - bitrate for two views and two depth maps,
00 - quantization parametéor video.

Several models can be suggested to find the relationships betareer— and QP for
HEVC coding based on polynomial regression (shown in Tableahd &ig. 5.9):
91 Afirst-order polynomiategression relationship is:
OO ®8 (5.9)
1 A secondorder polynomial regression relationship is:
A0 A0 A8 (5.10)
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To determine the accuracy of the proposed models, a Sum of Squared Error (SSE) [Jain_89]

can be used. SSE is a measure to calculate the accuracy by adding the squared error and is as
® @ , wheren represents the number of saepli denotes the

follows: "Y"YO B

actual value, and indicates the predicted value. The lower the SSE the more accurate the

prediction.

Table 5.10Parameters of polynomial regression models (Egs. 5.9, 5.10, and 5.11) for
optimum QP, QD) pairs for HEVCcoding.

Flrst-oro!er Seconeorder regression Third-order regression
Sequences regression
& ¢ | SSE| & H & | SSE|  § é é & | SSE
Ballet 0.001 ] 0.28| 0.55]| 0.001 | -0.08 | 1.46| 0.16 | -0.0001| 0.008| -0.29 | 3.52| 0.03
BBB.Flowers -0.004| 0.66| 0.31| 0.001 | -0.06 | 1.50| 0.04 | -0.0001| 0.002| -0.10 | 1.87 | 0.03
Poznan_CarPark 0.012 | 0.18| 0.77] -0.001| 0.01 | 0.16] 0.76| -0.0001| 0.014| -0.44 | 4.65]| 0.16

Firstorder polynomial regression
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o
3

View-bitrate / Total-bitrate
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v
=
=

o
Secondorder polynomial regression
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Third-order polynomialegression
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Poznan-CarPark
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Fig. 5.9. The approximate relationship betweer—— andQP for the optimum pairs for

Ballet, BBB.Flowers andPoznan_CarParlsequences with the use of polynomial regression.
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In Table 5.10, it has been observed that the parameters of Eq. 5.11 for the stereoscopic
sequences have approximately similar values, which means the general model

(——— Q0 0 for stereoscopic sequences can be obtained, while the parameters of Egs.

5.9 and 5.10 have different values (i.e., a general model cannot be obtained). In Fig. 5.9, it has
been noted that the curves of Eq 5.11 have the samefshéipe stereoscopic sequences, while

the curves of Egs. 5.9 and 5.10 have different shapes for each stereoscopic sequence. Based on
Table 5.10, the error values (SSE) of Eq. 5.11 are the lowest compared to the error values of
Egs. 5.8 and 5.9. Due to thbove reasons, it is suitable to use torder polynomial regression

to derive the————— model based o®P for HEVC coding.

Parametersd, @, @, ando are calculated with the utilization of leasjuares fitting to
the optimum———— - QP pairs generated by the proposed algorithm, as shown in Figs. I.1
- 1.6 in Appendix I.In Table 5.11, the obtained results asthgred. The average model is
derived from the optimum——— - QP pairs for all training sequences using the least

squares fitting (shown in Fig. .7 in AppendixThus, the average values of the parameters of
theHEVC codec model are used.

Table 5.11: Parametess, @, @, and® for polynomial regression model approximation (Eq.
5.11) of the optimum view_Bitrat®P curve algorithm.

Sequence w () w w
Ballet -0.0001 0.0079 -0.2878 3.5213
Breakdancers -0.0001 0.0101 -0.3194 3.6657
BBB.Butterfly -0.0001 0.0052 -0.1837 2.6206
BBB.Flowers -0.0001 0.0020 -0.0967 1.8678
Kermit -0.0001 0.0039 -0.1348 2.2485
Poznan_CarPark -0.0001 0.0144 -0.4410 4.6515
Average -0.0001 0.0057 -0.2055 2.8094

Through the experiments with stereoscopic sequences, as shown in Appendix |, it is noticed
that the average bitrate ratio for views is about 60%:Barakdancers BBB.Butterfly
BBB.Flowers andPoznan_CarParlt is about 55%, 67%, 53%, and 61%, respetyivBut
for some sequences, lilgallet, the average bitrate ratio for views is different due to many
details required in depth maps to produce excellent quality of the synthesized view, where the
average bitrate ratio for views Balletis about 35%. Bsed on the above results, it has been
observed that the bitrate ratio for views and depth maps varies depending on the content in the
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views and depth maps, which means that the bitrate ratio for videos and depth maps is not
constant.

5.8 Conclusions

In this chapter, the optimunQP, QD) pairs are found that form the best rdistortion
curve. It is noticed that an increase in bitrate does not always lead to an increase in the quality
of the synthesized virtual view.

Based on the optimunQP, QD) pairs, tle specific models for each codec (Eq. 5.2 with
average parameter values shown in Table 5.2) and the global proposed model for codecs (Eq.
5.2 with parameter values shown in Table 5.3) have been derived to estimate the quantization
parameter QD) for depth maps based on the quantization parame@®) (for video
components in data compression of stereoscopic video plus depth. The presented models
significantly improve the control of the compression of stereoscopic video plus depth. The
introduced modelensure almosgperfect bitrate distribution between video and depth at any
required bitrate. Based on the test sequences, the bitrate reduction is-866tit @awing
from a comparison between the proposed models and the reference approach. The results
remain the same regardless of the compression technology used (HEVC, VVEIEME,
3D-HEVC). Also, the specific and global proposed models have been compared to the models
presented in previous studies. The results prove that the specific and global propdséd
outperform the models presented in previous studies of bitrate allocation. In other words, the
models proposed in this chapter allow better bitrate division between video and depth data from
the models presented in previous studiesomparison kigveen the proposed models in this
chapter and the models presented in previous studies, the proposed models 16& & 17
bitrate reduction across all test sequences.

Moreover, a model has been presented to find the relationship between view bitrate/total
bitrate and the quantization parameter for videB)(to determine the suitable bitrate ratio for
views and depth maps in the stereoscopic sequences. Thus, it is possible to know the bitrate
ratio for views or depth maps in the total bitrate of the ssexgaic sequence depending@R.

Also, the results prove that the bitrate ratio for views and depth maps in the total bitrate of
stereoscopic video varies depending on the content in the views and depth maps. This means
that the bitrate ratio for videos @depth maps is variable.
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Chapter Six
Influence of Depth Map Fidelity on Virtual View Quality

6.1 Motivation and Aim of the Work

Bitrate allocation between view and depth data is one of the essential problems considered
in multiview systems. During the work to derive the bitrate allocation models in the previous
chapter, it has been noted that not all MVD sequences behave in thevegmas shown in
Appendix F. Some of the test sequences present unexpected and surprising behavior.
Specifically, decreasing the bit allocation for the depth component leads to an increase in the
quality of the virtual views in some bitrate range underitideo bitrate constancy condition.

This unexpected behavior has been noted only for some sequences, but not all test sequences.

The previous studies on the influence of depth map quality on virtual view quality have not
mentioned thiphenomenon, which means that these studies did not achieve a comprehensive
study. Therefore, the goal of this chapter is to present a comprehensive study on this subject.

6.2 Study of the Influence of Depth Map Fidelity on Virtual View Quality

To studythe influence of depth map fidelity on virtual view qualitpise was added to
depth maps. Then, the quality of the virtual view produced from the unmodified views and
depth maps (depth maps without noise) is compared to the quality of the virtual véewedbt
from the unmodified views and modified depth maps (depth maps with noise).

In the experiments, adding noiNles implemented as the addition of random values with a
probability of uniform distribution betweenN and ) to each of the values storgddepth
maps.N is an integer number (such as 1, 2, 3, etc.)

6.3 Methodology of Experiments

Fig. 6.1 presents the flow chart used to study and assess the effect of noise added to depth
maps on the quality of virtual views.

Initially, two views with two related depth maps are independently encoded and decoded
using HEVC coding [HEVC]. The next step is to create a virtual view depending on decoded
views with associated depth maps. Then, this synthesized view is compared with the view
obtained by the re@amera in the same position in 3D space as the virtual one.
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Noise
i-17th HEVC ! HEVC
Depth map —| Encoder [T® Decoder —»
| %) . _
i-17th HEVC ! HEVC 2 Virtual View
Real view » Encoder —» Decodr [ £ 5| at position of i-th
: S, i-th camera Real View
| 7p]
i+1ith HEVC ||| HEVC 3
Real view » Encoder |—» Decoder ¥ >
i+17th HEVC | ! | HEVC
Depth map Encoder —» Decoder
f e ' !
Total-Bitrate PSNR

Noise

Fig. 6.1. The scenario of adding noise to depth maps in the flow chartperfoemed
experiments [Alob_18al].

The experiments were performed on many test multiview video sequences with depth maps
(i.e., Ballet, Breakdancers BBB.Butterfly and BBB.Flower$, as shown in Table 3.2. To
compress views and depth maps, the referenttevase of HEVC, namely HM v.16.18
[HEVC], has been used (mentioned in Section 3.3). For view synthesis, the reference model
software VSRS v.3.5 [Stan_13b] has been used, as mentioned in Section 3.4. For the sake of
simplicity, it has been assumed that thentization paramet&P is constant for all views,
and the quantization parame@D is constant for all depth maps.

6.4 Results of the Experiments

To find the optimumQP-QD settings, all QP, QD) pairs were tested)P andQD values
both from 15 to 50). It resulted in many encodings and virtual views generated, for which the
data have been collected. Then, the optim@mR, QD) pairs were calculated based on the
proposed method irAJob_18b, Alob_19, Alob_2PDFigs. 6.2 and 6.8how the optimumd@P,
QD) pairs forBreakdancerandBBB.Butterflysequences. OptimunQP, QD) pairs belong to
the peak envelope over a cloud of PSbiRRate points that form the best ratistortion curve.
For the Breakdancerssequence, when applying @tiger compression (selecting higher
guantization parameter values, i.e., decreasing bitrate), the quality of the synthesized view
increases. After reaching a maximum pgihe highest point in the PSNR), it starts decreasing.
This increasing part of the-R curve is unexpected and surprising because the result of the
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decreased number of bits required to represent the MVD sequence leads to a better quality of
the virtual view. Also, it is noticed in Appendix Fif. F.1)that theBallet sequence behavior

is similar to theBreakdancersequence behavior. However, this observation does not apply to
the BBB.ButterflyandBBB.Flowerssequences.

Breakdancers

|
m _
o
e
a4 In this part, an increase in total bitrate leads to a
Z 3 decrease in the quality of the synthesized view. I
x 1
A~ i
1

30 i 8

>
29.5 |
29 | | | | |
0 5 10 15 20 25 30

Bitrate [ Mbps ]

Fig. 6.2. The best® curves for the unmodified depth maps for the optimQ@i, QD) pairs
for the Breakdancersequence.

BBB-Butterfly
44 T T T T

An increase in total bitrate leads to an increase in
/s the quality of the synthesized view.

30 | | | | | | 1
0 0.5 1 1.5 2 2.5 3 3.5

Bitrate [ Mbps |

Fig. 6.3. The best® curve for the unmodified depth maps for the optim@®R,(QD) pairs
for theBBB.Butterflysequence.
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The experiments will be repeated to study the effect of depth map quality on the quality of
the virtual gnthesized view, but this time by adding noise to depth maps (this additive noise
simulates some effects of inaccurate depth estimation). Many noise values added to depth maps
are tried. Then, the optimunQP, QD) pairs are obtained from data gathered ufio
experiments for everd value. The noise valud is the value randomly added to or subtracted
from the depth samples.

The relationship between the quality of the virtual views and the total bitrate for the
considered test sequences with various quaflitdepth maps is shown in Figs. 6.4, 6.5, 6.6,
and 6.7. The lines (blue, red, green, and magenta) denote the optl@R)NQD) pairs
(optimum RD curves). The blue line represents the quality of a virtual view synthesized from
video and depth maps withaubise(unmodified depth maps), whereas red, green, and magenta
lines express the quality of virtual views produced from video and depth maps with different
noise () added. Additionally, the black line represents the quality of the virtual view
synthesizd from the uncompressed and unmodified video and depth maps. In contrast, the
(QP, QD) pair with the highest quality of the virtual view for a given depth map quality is
represented in black squares. Despite the amount of noise added, the highest quality of the
virtual view is achieved for the sar@d value. Nevertheless, the more noisadged, th&D
value should be higher.

Ballet-1024x768

33 T |
32.5 —= — -
g 32 (P.DY=(2.17) T -
— (QP,QD)=(22,25)
a2 1
%31'5 (QP,QD)=(22,30)
A
> 31 — Without Compression and Noise | |
—+—Without Noise
30.5 —Noisel |
Noise2
——Noise3
30 1 | 1
0 5 10 15 20

Bitrate [ Mbps |
Fig. 6.4. Optimum FD curves for different quality of depth maios the Ballet sequence.
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Breakdancers-1024x768

(QP,QD)=(22,15)
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205 —Noisel .
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Fig. 6.5. Optimum FD curves for different quality of depth majos the Breakdancers
sequence.

BBB-Butterfly-1280x768

44 . .
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Fig. 6.6. Optimum FD cuwves for different quality of depth mafis the BBB.Butterfly
sequence.
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BBB-Flowers-1280x768
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Fig. 6.7. Optimum FD curves for different quality of depth mafos theBBB.Flowers
sequence.

As it is known, depth maps are usually produced by depth estina¢jorithms (such as
DERS (depth estimation reference software) [Stan_13c]), which means that depth maps are not
ideal. Therefore, it has been noticed in some cases that the quality of the virtual view produced
from decoded video and depth maps is bettan the quality of the virtual view produced from
the uncompressed video and depth maps because decoded depth maps are smoother than
uncompressed depth maps, as shown in Figs. 6.4 andltiss.can be explained by a
comparison between decoded depth mapsiandmpressed depth maps, as shown in Figs 6.8
and 6.9.
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(a)Uncompressed depth (b) Depthi QD=15 (c) Depthi QD=17
(d) Synthetic from (e) Synthetic from () Synthetic from
uncompressed QP=15,QD=15 QP=22,QD=17
(9) Real view (h) Synthetic from () Synthetic from
uncompressed view and uncompressed view and
decoded deptD=15 decoded deptD=17

Fig. 6.8. Comparison of the uncompressed depth map and the decoded depth map, and their
effect on virtual views for the HEV€odec for the Ballet sequendée circles mention
some artifacts that deteriorate the quality of the synthetic (virtual) pictures.
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(&) Uncompressed depth (b) Depthi QD=15 (c) Depthi QD=17

(d) Synthetic from (e) Synthetic from () Synthetic from
uncompressed QP=15,QD=15 QP=22,QD=17
(9) Real view (h) Synthetic from (i) Synthetic from
uncompressed view and uncompressed view and
decoded deptD=15 decoded deptD=17

Fig. 6.9. Comparison of the uncompressed depth map and the decoded depth map, and their
effect on virtual views for the HE¥ codec for the Ballet sequendée circles indicate some
artifacts that deteriorate the quality of the synthetic (virtual) pictures.
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In Figs.6.8 and 6.9, it can be noticed in the case of weaker compression (Buch as )
that thecompressed depth map is smoother than the uncompressed depth map because the
compression process will remove some errors in the depthwigpsmaintaining the content
in the depth maps. Additionally, it can be observed in some cases that the depth map
compressed with a higher quantization parameter v&lz=-17) is smoother than the depth
map compressed with a lower quantization parameter v@lDeX5), and this explains the
reason behind the phenomenon (a decrease in bitrate leads to an increageaftyhef the
virtual views) shown in Fig.6.2.

In order to measure the influence of the noise added to depth maps on the virtual view
quality, the bitrate reduction has been calculated by the Bjgntegaard rates (shown in
Section3.6) between the best rafestortion curve obtained from unmodified views and
unmodified depth maps and the best-@ittortion curve obtained from unmodified views and
modified depth maps, as shown in Table 6.1.

Table 6.1: The bitrate reduction calculated by the Bjgntegaardoetigeen the best rate
distortion curve obtained from views and depth maps without noise and the best rate
distortion curve obtained from unmodified views and modified depth maps.

Unmodified depth Unmodified depth | Unmodified depth maps
maps vs depth map, maps vs depth mapg vs depth maps with nois
Sequence with noise 1 with noise 2 3
aPSNR | aBitrate | aPSNR | aBitrate aPSNR aBitrate
[dB] [%0] [dB] [%0] [dB] [%0]

Ballet 0.06 -7.09 0.23 -19.47 0.25 -20.71
Breakdancers 0.01 -0.63 0.09 -9.22 0.13 -14.23
BBB.Butterfly 0.64 -12.60 2.09 -22.44 2.55 -31.39
BBB.Flowers 0.04 -2.39 0.17 -6.83 0.25 -10.16

Based on Table 6.1, it has been observed that the quality of the virtual views obtained from
depth maps with noise is lower than the quality ofinteial views obtained from depth maps
without noise.

Also, the relationship between depth map quality and the quality of virtual vieRSRR)
for several quantities of noise added is illustrated in Figs. 6.10 and 6.11. The quality of depth
maps (Depth BNR) is computed as the average depth map quality relatelial) and (-
1i th) views.
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Fig. 6.10. Effect of the fidelity of depth maps on virtual view quality forBhllet sequence.
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Fig. 6.11. Effect of the fidelity of depth maps on virtual viavality for the
Breakdancersequence.

The effect of added noise to depth maps on the virtual view quality is observed in Figs.
(6.4, 6.5, 6.10, and 6.11), however, only for high bitrates, when compression is weak. The
effect of added noise on virtual view quality becomes negligible if stracmapression is
applied. The explanation is that quantization noise produced by compression becomes more
robust than the noise added to depth maps before compression at some stage. Generally, the
guantization process deletes higbéquency components fromdeo; thus, it will remove noise
because noise is a higiequency signal. In the case of adding stronger noise to the depth maps,
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higher quantization is required to delete this added noise during the compression of MVD
sequences.

Figs. 6.12, 6.13, 6.14nd 6.15 show the optimu(@P, QD) pairs for the considered test
sequences for different quality of the depth maps. Also, for the values of the quantization
parametersQP) under 30, the higher the noise is added, the higbeshould be used to obtain
the highest possible quality of virtual views.

Ballet-1024x768

40 -

S
30 / : |

QD

——Without Noise
20 _—~ —Noisel
Noise2
—+—Noise3
10 | | | | | | | Il
10 15 20 25 30 35 40 45 50 55
QP

Fig. 6.12. The optimurfQP, QD) pairs for theBallet sequence for different fidelity of
the depth maps.
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10 15 20 25 30 35 40 45 50 55
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Fig. 6.13. The optimurfQP, QD) pairs for theBreakdancersequence for different
fidelity of the depthmaps.
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BBB-Butterfly-1280x768
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The optimurfQP, QD) pairs for theBBB.Butterflysequence for different
fidelity of the depth maps.
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6.5 Conclusions

The impact of the quality of the depth maps on virtual view quality is investigated in the
chapter. The influence of depth map quality on the quality of the synthesized vietestgds
by adding noise to depth mafshown in Section 6.2nd then comparing the bestCRcurves
obtained before and after adding noise to depth maps. Experiments in this chapter have proved
that depth maps' errors affect the virtual view quality. Addaily, experimental results
demonstrate that the bestlRcurves obtained from views and depth maps without noise can
result in 231% bitrate reduction compared with the bedd Rurves obtained from the views
and the depth maps with noisgnoisel, nois2, and noise3), which means that a decrease in
depth map quality by increasing the amount of noise added to depth maps leads to a decrease
of virtual view quality.

The effect of noise added to depth maps become more prominent on the virtual view quality
in some cases of weaker compression (higher bitrate, i.e., lower quantization parameters
values), where an increase in the depth map quality results in a decrease of virtual view quality
because the quantization noise (error) introduced by compressiarerdhan the added noise.

For higher compression cases, the quantization noise is higher than the added noise, which
means the difference between the qualities of virtual views achieved for different quantities of
added noise is negligible.

For somewhat Igih bitrates, the more noise is added to the depth maps, the Qibher
should be used to obtain the highest possible quality of virtual views.

Additionally, depth maps are usually obtained by depth estimation algorithms. It means
that depth maps are not femt (real cameras do not record depth maps), thus, smoother depth
maps are required to obtain a higher quality of synthesized views. For comenézated
sequences, it has not been observed that an increase in the bitrate of depth maps leads to a
decreae in the quality of synthesized views, but this phenomenon only occurred after adding
noise to the depth maps because the modified depth maps became less accurate (less smooth)
than the unmodified depth maps. Thus, this phenomenon occurs because addheany of
the depth data acquired or estimated.
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Chapter Seven

Encoder Model for Stereoscopic Video plus Depth

7.1 Objective of the Work

The RQ model is one of the efficient models to control the bitrate for stereoscopic video
plus depth{two videos and two depth magps) MVD coding. Many RQ models were proposed
to describe the relationship betweble quantization step size and the bitrate or frame size (the
number of bits per frameds described in Subsection 2.3.1. The model presented in [Graj_10]
(Eqg. 2.4) is one of the proposed@modelsor the twedimensional video. As mentioned in
Subsectio 2.3.1, the authors in [Graj_10] claimed that the model proposed in [Graj_10]
outperforms the quadratic@Q model (Eq. 2.2). Consequently, the goal of the chapter is to use
the model presented in [Graj_10] to control the bitrate and frame size for M\tiers=zs for
many compression techniques, depending on the bit allocation models obtained in Subsection
5.4.2.

7.2 Derivation of the RQ Model Proposed for Bitrate Control

Generally, the RQ model is used to control the bitrate and frame size for MVD seqaen
depending on the quantization step sie The quantization step size used in th@ Rhodel
is calculated based on the quantization parameter for viglo(§éhown in Eq. 2.1). Also, the
bitrate of the MVD sequence (two videos plus two depth mags)ésilated by MVD coding
with the bitrate allocation modeb (O "Q0 0) obtained in Subsection 5.4.2. In this section,
the used RQ model and its simplified models are presented.

According to Fig. 3.2, the experiments have been performed to conttwtrétte for MVD
sequences. Reference software for HEVC, VVC,-MEVC, and 3DHEVC (mentioned in
Section 3.3) was used to encode and decode two views and two depth maps. Multiview
sequences recommended by the Moving Picture Experts Group (MPEG) werasusiealn
in Table 3.2The data were gathered for values@® from 25 to 50, which corresponds to
practically used bitrates. Th@P interval corresponds to @ interval from about 11 to 203.

The QP values are the used values for GOP. Dtreoffsets wereset according to the MPEG
common test conditions (CTC) for individual frame types, shown in Table 3.3. The GOP
structure used in the experiments for all codecs is | B3 B2 B3 B1 B3 B2 B3 BO B3 B2 B3 B1
B3 B2 B3 P B3 B2 B3 B1B3B2B3B0B3B2B3B1B3B2B3
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7.3 R-Q Model Usedfor GOP-Level Bitrate Control

The RQ model is used to describe the relationship between the quantization step size and
the bitrate measured over the whole GOP. For matching the experimental dat§) thedel
is used afollows:

YO —, (7.1)
where:
R - estimated bitrate for two videos and two depth maps by the proposed
model with three parameters,
n MR - parameters of the model that depend on sequence content,
Q - quantization step siZer videa

Using the trustegion optimization method with the number of iterations equal tg Tt
and with the tolerance value pf p 1 (shown in Section 3.7Xhe model parameters are
estimated by minimizing the error between the experimental and approximated curves, and the
best estimate of the model parameters means getting the smallest error between these curves. The
accuracy bthe approximation of the experimental data is measured as follows [Graj_10,
Choi_13, Hu_ 13, Guo_15]:

Yoa oy eh — " snnp (7.2)
where:
YQa @erfo(@s - relative approximation error,
Y O - bitrate measured for two videos and two depth maps,
'Y Ofp - bitrate estimated using the proposed model.

In the experiments to estimateodelparaneters and errors, the number of GOP used for
all codecs is thre@.able 7.1 shows the values of the mean relative approximation error for the
considered MVD sequences. The values of parametdssandc shown in Table 7.1 are
calculated by finding mean values (average values) of the values of the parapnigtersic,
respectively, for the considered MVD sequences; more details in Appendix J (Tableblel
J.4). The experimental and approximate esgnof the bitrate foPoznan_CarParkand
BBB.Butterflysequences for different codecs are presented in Figs.7.1, 7.2, 7.3, amd 7.4.
Figs.7.1, 7.2, 7.3, and 7.4, the approximate curves are calculated using the model used with
parameters' values shownAppendix J (Table J:-Table J.4).
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Table 7.1: Mean relative approximation error for the bitrate of considered MVD
sequences (shown in Table 3.2).

Relative error [ % ]
Codec a b c
mean std. dev.
HEVC 55503 1.01 -3.84 5.88 3.99
VVC 73175 1.10 -3.33 3.10 2.54
MV -HEVC 71950 1.16 -3.54 3.24 2.39
3D-HEVC 62006 1.12 -2.70 2.71 2.13
12 |
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Fig. 7.1. The experimental and the approximated (curve estimated with the model (Eq.7.1))
curves for bitrate foPoznan_CarParlandBBB.Butterflysequences for the HEVC coding.
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Fig. 7.2. The experimental and approximated (curve estimated with the {|agdell))
curves for bitrate foPoznan_CarParlandBBB.Butterflysequences for the VVC coding.
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Fig. 7.3. The experimental and approximated (curve estimated with the model (Eq.7.1))
curves for bitrate foPoznan_CarParlandBBB.Butterflysequences for the MAEVC
coding.
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Fig. 7.4. The experimental and approximated (curve estimated with the {|Egdel))
curves for bitrate foPoznan_CarParlandBBB.Butterflysequences for the 3BEVC
coding.

Based on the experiments (Table 7.1, and Figs. 7.1, 7.2, 7.3, and 7.4), it has been observed
that theerrorof the used RQ modeffor the considered MVDexjuences ibw. Consequently,
the RQ model used can be employed to bitrate control for stereoscopic video plus depth.

7.4 Simplified Models for GOP-Level Bitrate Control

Based on the results of experiments in the previous subsection (Table fds,heen
noticed that the values of some of the model parameters are roughly similar for the considered
MVD sequences. Therefore, the model parameters that depend on sequence content can be
reduced by using the following two approachés.the experimentdo estimatemodel
parameters and errors, the number of GOP used for all codecs is three.
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74.1 A Model with Two Parameters

According to Table 7.1, the values of parametare about3.5 for the considered MVD
sequences for many compression techraqiliberefore, it is assumed that parametsrequal
to -3.5 for all MVD sequences for compression techniques. As a result, this approach uses two
parameters, instead of three, that depend on the video content. The model used in this approach
is the folloving:

YOI

(7.3)

where:

R - estimated bitrate for two videos and two depth maps by the proposed model
with two parameters,

n W® - parameters of the model that depend on sequence content,
Q - quantization step siZer videa

Based on Eg. 7.2, the model parameters are estimated by minimizing the error between the
experimental and approximated curves, as merdianéhe previous subsection.

The values of selected statistics of the mean relative approximation error for the considered
MVD sequences are shown in Table 7.2, with more details in Appendix K (Tabld€ 4.1
Additionally, Figs. 7.5, 7.6, 7.7, and 7.Bustrate the experimental and approximated curves
(curve estimated using the model of Eq. 7.3) of the bitrate folPtdman_CarParkand
BBB.Butterflysequences for different codecs.

Table 7.2: Mean relative approximation error for the bitrate of censidsequences.

Relative error [ % ]
Codec
mean std. dev.
HEVC 7.38 5.06
VVC 5.42 4.05
MV -HEVC 4.69 3.08
3D-HEVC 3.21 2.20
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Fig. 7.5. The experimental and approximgiadve estimated by the model (Eq. 7.3))
curves for bitrate foPoznan_CarParlandBBB.Butterflysequences for the HEVC coding.
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Fig. 7.6. The experimental and approximgi@dve estimated by the model (Eq. 7.3))
curves for bitrate foPoznan_CarParland BBB.Butterflysequences for the VVC coding.
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Fig. 7.7. The experimental and approximgiadve estimated by the model (Eq. 7.3))
curves for bitrate foPoznan_CarParlandBBB.Butterflysequences for the MAEVC
coding.
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Fig. 7.8. The experimental dmpproximatedcurve estimated by the model (Eq. 7.3))
curves for bitrate foPoznan_CarParlandBBB.Butterflysequences for the 3BEVC
coding.
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The performed experimen{$able 7.2, and Figs. 7.5, 7.6, 7.7, and Bl&wed that the
errorbetween the expenental and approximatgdurve estimated using the model of Eq. 7.3)
curvesof the considered MVD sequences is low, not exceeding 7% on avBesgl on the
results of experiments (Tables 7.1 and 7.2), it has also been noticed that the acctiracy of
model of Eq. 7.3 is about 2 percentage points lower than the accuracy of the modél.bf Eqg.
but the accuracy is acceptable, and only two parameters are estimstesti of three
parameters.

7.4.2 A Model with One Parameter

Based on the results ekperiments in Subsectior3{Table 7.1), it has been observed that
the values of parametdosandc are about 1.11 an@®.5, respectively, for the considered MVD
sequences for several codecs. Therefore, it is assumed in this approach that pdrameters
are equal to 1.11 an8.5, respectively, for all MVD sequences for compression techniques. As
aresult, this approach uses one parameter, instead of three, that depends on the video content.
The model used in this approach is the following:

Yo ra— (7.4)
where:
R - estimaed bitrate for two videos and two depth maps by the proposed model
with one parameter,
n @ - parameter of the model that depends on sequence content,
Q - quantization step sider videa

Based on Eq. 7.2, the modsrameter is estimated by minimizing the error between the
experimental and approximated curves, as mentioned in Subseétion 7.

The experimental and approximated curves (curve estimated using the model of Eq. 7.4) of
bitrate for thePoznan_CarParlandBBB.Butterflysequences for various codecs are shown in
Figs. 7.9, 7.10, 7.11, and 7.12. Furthermore, Table 7.3 presents the values of the mean relative
approximation error for the used MVD sequences, with more details in Appendiables
L.1-L.4).

Table 73: Mean relative approximation error for the bitrate of considered sequences.

Relative error [ % ]
Codec
mean std. dev.
HEVC 8.72 8.06
VVC 7.42 7.19
MV-HEVC 8.40 5.76
3D-HEVC 5.84 4.66
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Fig. 7.9. The experimental and approximaiadve estimated by the model (Eq. 7.4))
curves for bitrate foPoznan_CarParlandBBB.Butterflysequences for the HEVC coding.
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Fig. 7.10. The experimental and approximgtadve estimated by the model (Et4))
curves for bitrate foPoznan_CarParlandBBB.Butterflysequences for the VVC coding.
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Fig. 7.11. The experimental and approximgtdve estimated by the model (Eq. 7.4))
curves for bitrate foPoznan_CarParlandBBB.Butterflysequences for the WAHEVC

coding.
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Fig. 7.12. The experimental and approximgtdve estimated by the model (Eq. 7.4))
curves for bitrate foPoznan_CarParlandBBB.Butterflysequences for the 3BEVC
coding.
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Based on the results of experiments (Tables 7.1, 7.2, andt h&s been observed that the
accuracy of the model of Eq. 7.4 is about 4 and 2 percentage points lower than the accuracy of
the model of Eq. 7.1 and the accuracy of the model of Eq. 7.3, respectively, but the accuracy
is acceptable, and only one paraenés estimated.

7.5 R-Q Model Usedfor Frame-Level Bitrate Control

The RQ model controls the frame size for MVD sequences based on the quantization step
size. Thus, the following model is applied to match the experimental data:

o J0] ; LA— (7.5)
where:
B - frame size estimated for two videos and two depth maps by the proposed model
with three parameters,
n OO - parameters of the model that depend on sequence content,
Q - quantization step size for a given frame type.

Based on the trusegion optimization method with the number of iterations equal to
¢ p mand with the tolerance valuepf p 1 (shown in Section 3.7)he model parameters
are estimated by minimizing the error between the experimental and approxiorats) and
the best estimate of the model parameters means getting the smallest error between these curves.
The accuracy of the approximation of the experimental data is measured as follows [Graj_10,
Choi_13, Guo_15]:

YQa GRQy B 2 h e (7.6)
where:
Relative error (Q/?) - relative approximation error,
0 0 - frame size of théwo videos and two depth maps
6 Ofp - estimated frame size using the proposed model.

The number of GOP used in the experiments to estimatielparameters and errors is
three, and each GOP structure used is | B3 B2 B3 B1 B3 B2 B3 B0 B3 B2B3B1B3B2B3P
B3 B2B3B1 B3 B2B3B0OB3B2B3B1B3B2B31.

Table 7.4 shows the average relative approximation error calculated individually for each
frame type for the considered sequendé&® values of parameteasb, andc shown in Table
7.4 are computed by finding mesgalues (average values) of the values of the paranseters
andc, respectively, for the considered MVD sequensee more details in Appendix M (Table
M.1- Table M.12).
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Table 7.4Mean relative approximation error for the frame sizdifferent frame typesf
considered sequences.

Relative error [%]
Codec Frame a b C
type mean std. dev.
I 5648430 1.08 2.59 291 2.17
P 2532740 1.18 2.48 6.02 4.17
BO 2812274 1.27 2.43 7.03 5.94
HEVC
Bl 3673775 1.25 4.76 9.74 6.30
B2 3549056 1.36 3.57 11.18 6.82
B3 4404238 1.51 2.66 11.49 6.78
I 26395.75 1.06 3.16 2.28 1.94
P 27009 1.22 2.22 5.97 4.37
BO 9883 1.21 4.26 5.82 5.18
VVC
Bl 9848 1.23 2.19 6.46 5.78
B2 10153 1.23 3.00 7.51 7.28
B3 12625 1.24 3.00 10.08 8.34

Figs. 7.13 and 7.14 explain the experimental and approximated curves of the fraofie size
different frame type®or BreakdancersndPoznan_Fencingequencedn Figs. 7.13 and 7.14,
theapproximate curves are calculated using the model used with parameters' values shown in
Appendix M (Table M.1Table M.12).

The performed experimen{able 7.4, and Figs. 7.13 and 7.s#pwed that the accuracy
of the model is higher for large frames (idaP frames). However, the efficiency decreases for
frames with smaller numbers of bits (BO, B1, B2, and B3 fralnesause even for a small
difference between the experimental and approximated data, the error will be clearly observed.
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Fig. 7.13. The experimental and approximated (curve estimated by the model (Eq. 7.5))
curves for the frame siz# different frame typetor BreakdancerandPoznan_Fencing
sequences for HEVC.
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Fig. 7.14. The experimental and approximated (curve estimated by the model (Eq. 7.5))
curves for the frame siz# different frame typetor BreakdancerandPoznan_Fencing
sequences for VVC.

7.6 Simplified Models for Frame-Level Bitrate Control

According to the results of experiments shown in Table 7.4, it has been observed that values
of some of the model parameters are approximately similar for the considered MVD sequences.
Therefore, model parameters can be redumedsing the following twaspproaches. In the
experiments to estimateodelparameters and errors, the number of GOP used for each codec is
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three, and each GOP structure used is | B3 B2 B3 B1 B3 B2 B3 B0OB3B2B3B1B3B2B3P
B3B2B3B1B3B2B3B0B3B2B3B1B3B2B31I.

7.6.1A Model with Two Content-Dependent Parameters
Based on Table 7.4, the values of paranttee about 3 for the considered MVD sequences
for the used codecs (HEVC and VVC). Therefore, it has been assumed in this approach that
parametec is equal to 3 foall MVD sequences for the used codecs. As a result, this approach
uses two parameters, instead of three, that depend on the video content. The model used in this
approach is the following:
6 0l —, (7.7)

where:

B - frame sizeestimated for two videos and two depth maps by the proposed model
with two parameters,

n W& - parameters of the model that depend on sequence tonten
Q - quantization step size for a given frame type.

Based on Eqg. 7.6, the model parameters are estimated by minimizing the error between the
experimental and approximated curves, as mentioned in the previous subsection.

The values of the mean relative approximation error for the considered MVD sequences
are presented in Table 7.5; see more details in Appendix N (Tabl@ahteN.12).

Table 7.5Mean relative approximation error for the frame sitzdifferent frame typsof
considered sequences.

Frame Relative error [%]
Codec
type mean | std. dev.
I 4.48 2.69
P 6.69 4.60
BO 8.14 6.49
HEVC Bl 10.26 6.61
B2 11.35 6.94
B3 11.58 6.83
I 4.62 3.09
P 7.26 5.36
BO 8.75 6.15
we Bl 8.50 6.97
B2 9.53 7.87
B3 12.31 9.08
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The experimental and approximated curves of the frameo$idiéferent frame type$or
the BreakdancersandPoznan_Fencingequences for codecs are demonstrated in Figs. 7.15

and 7.16.
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Fig. 7.15. The experimental and approximated (curve estimated by the model (Eq. 7.7))
curves for the frame siz# different frame typetor BreakdancerandPoznan_Fencing
sequences for HEVC.
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Fig. 7.16. The experimental and approximated (curve estimated by the model (Eq. 7.7))
curves for the frame siz# different frame typetor BreakdancerandPoznan_Fencing
sequences for VVC.
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According to the performed experiments (Tablg, and Figs. 7.15 and 7.16), it is noted
that the efficiency of the model (Eq.7.7) is higher for large frames (I and P frames), but the
accuracy decreases for small frames (B frames), which mean that the results of the model of
Eq.7.7 are roughly similaio the results of the model of Eq.7Based on the experimental
results (Tables 7.4 and 7.5), it has been observed that the accuracy of the model of Eq. 7.7 is
about 1 and 2 percentage points lower than the accuracy of the model of Eq. 7.5 for HEVC and
VVC coding, respectively, but the accuracy is acceptable, and only two parameters are
estimatednstead of three parameters.

7.6.2 A Model with One ContentDependent Parameter

In the experiments (Table 7.4), it has been observed that the values of paramederare
about 1.24 and 3, respectively, for the considered MVD sequences for the used codecs (HEVC
and VVC). Therefore, it is assumed in this approach that pararbedesc are equal to 1.24
and 3, respectively, for all MVD sequences for the used codecs. As a result, this approach uses
one parameter, instead of three, that depends on the video content. The model used in this
approach is the following:

6 0 — (7.8)
where:
B - frame size estimated for two videos and two depth maps by the proposed model
with one parameter,
Q - quantization step size for a given frame type,
n @ - parameter that depends on sequence content.

Based on Eq. 7.6, the model parameter is estimated by minimizing the error between the
experimental and approximated curves, as mentioned in Subseétion 7.

Figs.7.17 and 7.18 illustrate experimental and approximated curves of the fraré size
different frame typegor the Breakdancersaand Poznan_Fencingequences for codecBhe
values of the mean relative approximation error for the considered sequeneeslaired in
Table 7.6; see more details in Appendix O (TableiOlable O.12).
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Fig. 7.17. The experimental and approximated (curve estimated by the model (Eq

curves for the frame siz# different frame typetor BreakdancerandPoznan_Fencing

sequences for HEVC.
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Fig. 7.18. The experimental and approximated (curve estimated by the model (Eq. 7.8))
curves for the frame siz# different frame typetor BreakdancerandPoznan_Fencing
sequences for VVC.
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