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Chapter 1

INTRODUCTION

1.1. Research Background

1.1.1. Network Traffic and Digital Video Data

Exabytes per Month

2011 2012 2013 2014 2015 2016

Fig. 1.1. Global consumer internet traffic. [Source: Cisco VNI, 2012]

Mobile network technologies such as the 3G, 4G, and Long Term Evolution
(LTE) wireless standards have achieved rapid progress. Nevertheless, the
transmission of large amounts of multimedia data increases consumer traffic
dramatically on both wireless and wired networks. As shown in Fig. 1.1, global
Internet traffic is expected to almost four times from 2011 to 2016, according
to the Visual Networking Indexing Forecast from Cisco Systems, Inc. Internet
video is now 40 percent of consumer Internet traffic, and will reach about 60
percent by the end of 2015. In addition, the sum of all video types will

continue to be approximately 90 percent of global consumer traffic by 2015.
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Thanks to the development of digital video compression technology,
especially digital broadcasting has become more and more popular, such as
standard definition television (SDTV) and high definition television (HDTV).
Ultra high definition television (UHDTV) [1], [2], [3] proposed by NHK Science &
Technology Research Laboratories is the latest digital video format for
next-generation television beyond HDTV. UHDTYV includes 4K UHDTV (3840
pixels by 2160 lines, 2160p) and 8K UHDTV (7680 pixels by 4320 lines, 4320p)
which support frame rates up to 120 frames per second (fps). 8K UHDTV
(4320p) has 16 times the resolution of 1080p Full HDTV.

1.1.2. Video Compression Technologies

As video compression is the most significant attempt to reduce video data,
it is a process by which digital signals are simplified by eliminating
redundancy. Video coding technologies keep evolving along with massive
growth in online video traffic. Video compression standards, such as MPEG-1
[1], MPEG-2 (5], MPEG-4 [6], H.261 [7], H.263 [8], [9], and H.264/Advanced
Video Coding (AVC) [10], [11], have been developed through International
Organization for Standardization and International Electrotechnical
Commission (ISO/IEC) and International Telecommunication Union
Telecommunication Standardization Sector (ITU-T).

High Efficiency Video Coding (HEVC), also known as H.265, has recently
been jointly developed by ISO/IEC MPEG and ITU-T VCEG [13], [14], [15]. HEVC
has been designed for the benefit of network service providers and consumers.
HEVC also focuses on improving video coding efficiency for high resolutions
beyond HDTV. HEVC can achieve the bitrate savings more than half with
respect to H.264/AVC, particularly over sixty percent for the 4K UHDTV and
1080p Full HDTV sequences [12].

Table 1.1 describes main features between H.264/AVC and HEVC.
H.264/AVC adopted many advanced features such as variable block size
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motion estimation and motion compensation, multiple motion vectors per
macroblock, multiple reference frames, quarter-pixel precision motion
estimation and compensation, and context-adaptive binary arithmetic coding
(CABAC) for entropy coding. In H.264/AVC, each frame to be encoded is
divided into a grid of rectangles, called macroblocks. A macroblock normally
consists of 16x16 pixels, and is subdivided into smaller blocks of from 8x8 to
4x4, as shown in Fig. 1.2.

HEVC applies various new video coding features to obtain much higher
coding efficiency than H.264/AVC. The basic processing unit of HEVC is based
on coding tree unit (CTU) structure in place of macroblock units in H.264/AVC,
as shown in Fig. 1.3. All previous standards have been adopted the fixed array
size of 16x16 luma samples, but HEVC supports variable size CTUs. Slice
segments per picture are divided into a maximum of 64x64 or 128x128 sized
largest coding units (LCUs). Each LCU is partitioned into coding units (CUs)
varying in size from 64x64 to 8x8, which can be achieved as a recursive
quadtree approach. In intra prediction coding, each CU then is split into
2Nx2N or NxN, where N is the number of pixels, sized prediction units (PUs),
while the PU types in inter prediction include four symmetric partitions
(2Nx2N, NxN, 2NxN, and Nx2N) and four asymmetric partitions (2NxnU,
2NxnD, nLx2N, and nRx2N) by using asymmetric motion partition (AMP) [16]
designed for irregular image patterns. The intrapicture prediction mode of
HEVC has 33 angular modes with planar and DC modes, whereas H.264/AVC

uses only 9 intra prediction modes.

16x16 16x8 8x16 8x8 8x8 8x4 4x8 4x4
0 0f1
0 0 1 0 p o1 213
0 0 1
1 2 3 Type=4 Type=5 Type=6 Type=7
Type=1 Type=2 Type=3 Type=4 Submacroblock Types

Fig. 1.2. Macroblock partitions in H.264/AVC.
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Depth 0: 64x64
- Depth 1: 32x32
- Depth 2: 16x16

- Depth 3: 8x8

Fig. 1.3. Coding tree unit structure in HEVC.

Table 1.1. Feature Comparison between H.264/AVC and HEVC

Feature H.264/AVC HEVC
Half or less bitrate of Half or less bitrate of
Improvement
MPEG-2 H.264/AVC
Basic processing unit 16x16 Macroblock 64x64 Coding tree unit
Block partitions Variable block size: Prediction units:
P 16x16 to 4x4 64x64 to 8x8

Motion vector accuracy

Quarter-pixel

Quarter-pixel

8x8 and 4x4 Transform units:
Transform .
DCT approximation 32%32 to 4x4
Entropy coding CAVLC and CABAC CABAC .
(Parallel operations)
Intra prediction 9 modes 35 modes
Spatial MV prediction |Advanced MV prediction
Inter prediction (Median) (Spatial + Temporal)
& Direct mode & MERGE mode
Inter prediction interpolation Luma 6-tap + 2-tap Luma 7-tap or 8-tap
L o s In-loop deblocking filter
Built-in deblocking filter In-loop deblocking filter & SAO filter
Maximum resolution and fps Up to 4096x2304 Up to 8K UHDTV
at 59.94 fps at 120 fps
. i 10 times complexity of | 10 times complexity of
Encoding runtime
MPEG-2 H.264/AVC
Drawback High bitrate for UHDTV [High encoding complexity
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1.1.3. Video Encoder

Generally, a video encoder can be divided into three units: a temporal
redundancy eliminator, a spatial redundancy eliminator, and a statistical
redundancy eliminator (entropy encoder), as shown in Fig. 1.4 [17]. The
temporal redundancy eliminator estimates and extracts the motion of an
object using the close correlation between neighboring video frames, while
information related to stationary objects or background is eliminated. As
motion estimation (ME) is at the core of the temporal model, it occupies more
than half of the total encoding time [18]. Thus, a great deal of research into ME
has been conducted in an attempt to decrease the runtime of the ME module.

The H.264/AVC encoder as shown in Fig. 1.5 [11] is twice as efficient as that
of MPEG-2. H.264/AVC uses a lower bitrate to get the same quality with
MPEG-2. Although the advanced features allow it to encode video data more
effectively compared with conventional methods, the increased computational
complexity requires a certain level of CPU power to perform real-time video
encoding, especially in mobile applications.

The HEVC encoder as shown in Fig. 1.6 [14] can provide much higher video
coding efficiency compared to the H.264/AVC encoder by halving the bitrates
while maintaining almost the same subjective quality [12], but this is achieved
at the expense of a significant increase in computational complexity [15]. It is
known that HEVC coding requires up to 10 times more processing power
compared with H.264/AVC.

Temporal Residual Spatial Coefficients ll Statistical

\If;'de(: ————) Redundancy Redundancy Redundancy p———» Egﬁ‘:’fﬁd
pu Eliminator Eliminator Eliminator
Motion
Vectors
Stored
Frames

Fig. 1.4. Generic video encoder block diagram.
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Input »| Coder
Vide S
Silmt::; L‘on‘lroi Control
Hlyﬁj\n i ;- AR T e s e > Data
a WA Transform/ 5
H 1 gy Quant.
u -~ £ bculr.fQul.ull e I -------- ' Transf. cocffs'\
' 1 1 y 1
Split into 5 Decoder :.-_.:-___ Sc.:a.lmg. & Inv. E
Macroblocks | H H Transform i
16x16 pixels : i | N i Entropy
g : D | awropy |,
‘ ) h \ ! Coding
| i : |
i ! ! chijvcking '
: E Intra -frame Filter ;
H i Prediction !
i ! n "; 5 Output
: \o,_ Motion- i Video |
! Intra/Inter (‘mnpt.:nsauoa E Signal
""""""""""" ’,"t"""""""""'“"" Motion
¥ Data
» Motion
Estimation
Fig. 1.5. H.264/AVC encoder block diagram. [11]
Input .| General Coder » General
;;f'ldeo Control Control
ignal e Data
G [ 2
Transform, .
i Scaling & ! Quantized
o Quantization Scaling & Transform
SplitinteCTUs | | 1 ‘_ T Inverse Coefficients
! B! Transform
o i i : > Coded
$ ! H : Header Bitstream
E I . Intra Prediction/' FD&"}\?};’?& ’
' Intra-Picture Data
i Estimation L] "
i T Filter Control
: i Analysis | Filter Control
1 Data
! Intra-Picture *——-»
¥ ® prediction = bll e
i : Hanang Motion
.‘>3.- Vton” SAO Filters i
Intravinter | COmpensation 1 diit
: . ; » Outpu
Selection g ;__.-"" = Viddo
Motion : Decoded Signal
Estimation Picture
Buffer

Fig. 1.6. HEVC encoder block diagram. [14]
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1.2. Research Objective

The next emerging UHDTV technologies are being developed rapidly thanks
to enormous success and popularity of HDTV and the Internet. However, high
quality video streaming services includihg HDTV and UHDTV have been the
major cause current network traffic jam. Video coding standards such as
H.264/AVC and HEVC were released to decrease the massive traffic. Video
compression standards have also contributed powerfully to various
multimedia applications such as broadcasting, interactive communications,
digital storage media, medicine, video on demand (VOD), video surveillance
system, and so on. Particularly, HEVC enables broadcasters to sharply reduce
the bandwidth required to deliver UHDTV, whereas it has a much more
increased computational complexity in encoding due to many advanced
features, compared with previous standards. For this reason, it requires much
more powerful hardware with an additional expense.

Fig. 1.7 [17] and Fig. 1.8 [15] illustrate the computational complexity profiles
of H.264/AVC and HEVC encoding, respectively. As shown in Fig. 1.7,
“mv_search.c,” which carries out the ME process, accounts for over 60 percent
of the total encoding time of H.264/AVC. Similarly, Fig. 1.8 shows that the
complexity of “TComRdCost,” “TComlInterpolationFilter,” and “TEncSearch,”
which are encoding classes related to the ME process, is over 60 percent of the
total encoding time of HEVC. ME has been adopted in most modern video
compression standards including H.264/AVC and HEVC because it is a
significant core part to efficiently reduce a large amount of video data by
extracting motion vector information between adjacent frames. As mentioned
above, the high complexity of ME greatly affects the processing speed of the
latest video encoders and it will be a critical factor in real-time hardware or
software applications for video encoding. Accordingly, many researches on ME
have been conducted for a long time. In this research, the focus is on the

development of low complexity ME techniques.
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mv_search.c 67.31

® block.c 8.19

m refbuf.c 6.95

macroblock.c 3.48

= rdopt.c 3.37
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Total Encoding = ' m cabac.c 2.98
memcpy.asm 2.91
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Fig. 1.7. Computational complexity distribution for H.264/AVC encoder.
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Fig. 1.8. Computational complexity distribution for HEVC encoder.
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1.3. Thesis Organization

The dissertation consists of seven chapters, which is organized in the
following sequence: Chapter 1. INTRODUCTION; Chapter 2. RESEARCH
TRENDS; Chapter 3. INTEGER-PIXEL MOTION ESTIMATION; Chapter 4.
VERTICALLY SYMMETRICAL LINEAR MODEL BASED FME; Chapter 5. DATA
TREND APPROXIMATION BASED INTERPOLATION-FREE FME; Chapter 6.
ENHANCED 1-D PARABOLIC PREDICTION BASED FME; Chapter 7.
CONCLUSIONS.

In Chapter 1, a state-of-the-art video compression standard such as
H.264/AVC and HEVC are introduced. Although the advanced technologies
allow it to encode video data more effectively compared with conventional
methods, the increased computational complexity requires a certain level of
CPU power to perform real-time video encoding, especially in mobile
applications. The complexity of the data structure and algorithm of an HEVC
encoder is higher than 10 times an H.264/AVC encoder. The ME runtime of a
video encoder is recognized as the greatest portion of overall video encoding
time. Accordingly, the ME technique will be very significant attempt for
alleviating the computing complexity in HEVC.

In Chapter 2, various integer-pixel ME (IME) algorithms and fractional-pixel
ME (FME) algorithms are reviewed and introduced. Over the past few years,
many fast IME algorithms have been developed to replace the conventional full
search algorithm with a high level of computational complexity.
Block-matching algorithm is the most well-known IME method in video coding.
The position of the motion of an object in video sequence can be represented
as fractional-pixel as well as integer-pixel. Although FME has a strong impact
on peak signal-to-noise ratio (PSNR) of the coded images, the total video
encoding time is much more increased because it is performed after the IME
process is terminated. The FME process also makes frequent memory access
and a certain amount of computation due to interpolation operations, which
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are needed to produce fractional-pixel search positions.

In Chapter 3, some block-matching based techniques for fast IME are
proposed. The existing fast IME algorithms utilize a variety of search
strategies to speed up the search process. The conventional high-performance
hybrid ME algorithm adopted in the H.264/AVC reference software encoder
combines many improved technologies, but there is the potential for speed
improvement. Therefore, a modified hybrid ME algorithm is presented to
further reduce the computational complexity of the conventional method.

In Chapters 4, 5, and 6, interpolation-free prediction techniques for fast FME
are proposed. In both H.264/AVC and HEVC, the typical full fractional-pixel
search (FFPS) at quarter-pixel motion vector (MV) resolution always checks 16
fractional-pixel search positions. The exhaustive search method used in FFPS
provides the excellent search quality whereas it causes a serious waste in
computational complexity. Thus, low complexity interpolation-free based FME
techniques are presented in the thesis. These techniques focus on performing
FME without interpolation operations in order to minimize the use of
fractional-pixel search points. In Chapters 4 and 5, although the proposed
methods overcome the shortcomings of the existing prediction based FME
methods, the reconstructed image quality and reduced bitrate ratio are not
fully satisfactory. In Chapter 6, therefore, a novel technique using specific
correction coefficients is also introduced. The technique can further improve
the performance of the existing methods, whereas it requires a small number
of fractional-pixel search points in computational complexity.

Finally, Chapter 7 concludes and summarizes the thesis. The future works
related to this research field will also be discussed shortly in the final chapter.
In addition, the chapters in the thesis can be positioned as described in Table
1.2, of which the abbreviations are listed in Table 1.3 and Table 1.4. The
positioning of all the ME algorithms mentioned is represented in Table 1.5 and
Table 1.6; they are also explained briefly in Chapter 2.
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Table 1.2. Positioning of Each Chapter in the Thesis

Research Video Coding Standard
Field

H.264/AVC

HEVC

Video Encoder

Integer-Pixel ME

N/A

Fractional-Pixel ME




12 Chapter 1. INTRODUCTION

1.4. Research Direction and Area Covered by Thesis

All the block-based integer-pixel and fractional-pixel motion estimation (IME
and FME) algorithms mentioned in the thesis are listed in Table 1.3-Table 1.6.
Each ME algorithm will be briefly explained in Chapter 2. As shown in Table
1.5 and Table 1.6, the MV search speed and search accuracy comparisons
among the algorithms are dependent heavily on the experimental results in
the referenced papers, and it is difficult to compare precisely their
performances because the test conditions, encoding configurations, and
implementation environments for each simulation are different from each
other. Therefore, the performance evaluation of the ME algorithms may be
somewhat subjective. Table 1.5 and Table 1.6 represent simply the unit of
search speed as five grades such as “Exhausted,” “Very slow,” “Slow,” “Fast,”
and “Very fast,” whereas that of search accuracy is represented as “Very low,”
“Low,” “High,” “Very high,” and “Lossless.” “lossless” in the Tables means
lossless ME approach fully using all the search points required for finding the
best matched MV, whereas “lossy” represents lossy ME approach partially
using them for speeding up — in other words, when an ME algorithm provides
the best quality at all times, it is regarded as “lossless”; otherwise, “lossy.”

As shown in Table 1.5, the conventional full search (FS) [66], [67] algorithm
can always produce the best matched MVs at the slowest search speed, while
the small diamond search (SDS) [63], [65] has poor performance in search
accuracy but its processing speed is very fast. SDS, for this reason, is
employed complementally to refine the best MV in the final search step of
some fast ME algorithms such as the efficient three-step search [63] and the
unsymmetrical-cross multi-hexagon-grid search (UMHexagonS) [65].
UMHexagonS, the test zone search (TZS) [67], and the edge based partial
distortion search (EPDS) [43] give high performance with relatively low
computational cost. On the other hand, in the case of FME as shown in Table
1.6, the exhaustive full fractional-pixel search (EFFPS) [see Fig. 6.15 (a)]
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provides the best search quality of all the FME algorithms. Nevertheless, since
EFFPS has a significantly high computational complexity and does not
consider hierarchical search by fractional-pixel resolution change, it has not
been adopted in most of the modern video encoders; alternatively, the
two-step full fractional-pixel search (FFPS) [66], [67] has replaced EFFPS up to
now, in spite of its lossy ME approach. On the contrary, the parabolic
prediction based fractional-pixel search (PPFPS) [68], [69], [70], [71] without
using additional fractional-pixel search points has an extremely low
computational cost, whereas the performance of prediction is insufficiently
competitive compared with the other FME algorithms reliant on interpolation.

Chapters 3-6 in the thesis propose some integer-pixel and fractional-pixel
ME techniques, respectively. The proposed ME algorithms are developed along
with the following three considerations: first, they should be compliant with
the recent video compression standard such as H.264/AVC or HEVC; second,
they should gain a competitive advantage over the existing high-performance
algorithms; third, they should not limit their practical applications, for
instance, consider implementation on mobile devices. The experimental
results in Chapter 3 demonstrate the performance among the proposed IME
algorithms and the anchor IME algorithms, adopted in the reference software
encoder of H.264/AVC, such as the fast full search (FFS) [66] and UMHexagonS.
In Chapters 4-6, the simulations compare the performance among the
proposed FME techniques, FFPS, and the center-biased fractional-pixel search
(CBFPS) [65]; FFPS is used as a reference fractional-pixel ME algorithm in both
H.264/AVC and HEVC, whereas the reference integer-pixel ME algorithms,
CBFPS and the test zone search (TZS) [67], are only for H.264/AVC and HEVC
respectively. All the other ME algorithms used for the simulations in the thesis
are directly implemented based on the reference software encoders. In the
light of the observations above, the thesis will make various attempts to
further improve the existing fast integer-pixel and fractional-pixel ME
algorithms such as UMHexagonS and PPFPS.
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Table 1.3. Referenced Integer-Pixel Motion Estimation Algorithms

Approach Abbr. Full Name Ref. No.
FS Full Search [66], [67]
FFS Fast Full Search [66]
PDS lPartial Distortion Search [36], [37]
Lossless FFSSG IFast Full Search with Sorting by Gradient [42]
FFSSD  [Fast Full Search with Sorting by Distortion| [42]
SEA Successive Elimination Algorithm | [44]
MSEA IMultilevel Successive Elimination Algorithm| [46]
ASO Adaptive Search Order [47]
NPDS Normalized Partial Distortion Search [40]
APDS Adjustable Partial Distortion Search [41]
EPDS [Edge Based Partial Distortion Search [43]
3SS Three-Step Search [48]
N3SS INew Three-Step Search [57]
4SS [Four-Step Search [58]
BBGDS |Block-Based Gradient Descent Search [59]
DS  [Diamond Search [60]
Lossy HEXBS |Hexag0n—Based Search [61]
CDS Cross-Diamond Search [62]
E3SS [Efficient Three-Step Search [63]
CDHS Cross-Diamond-Hexagonal Search [64]
SDS Small Diamond Search [63], [65]
EHS [Extended Hexagon-Based Search [65]
UMHexagons$ E:asrs;r;]men'ical{ross Multi-Hexagon-Grid (65]
TZS Test Zone Search [67]
ENS [Eight Neighbor Search [71]
vl RDS IRewsed Diamond Search - o] el
Proposed x ' ; e
3 Lossy [ EDWS , 1amond,Web-gmd Search (DWS) Combmed [78]’ o
- e ith Effiaent Stationary Block Skip Method S




1.4. Research Direction and Area Covered by Thesis

15

Table 1.4. Referenced Fractional-Pixel Motion Estimation Algorithms

earch

Approach Abbr. Full Name Ref. No.
Lossless EFFPS [Exhaustive Full Fractional-Pixel Search Fig. 6.15
FFPS Full Fractional-Pixel Search [66], [67]
CBFPS Center-Biased Fractional-Pixel Search [65]
PPFPS Parabolic Prediction Based Fractional-Pixell[68], [69],
(1-D_PM) [Search (One-Dimensional PPFPS) [70], [71]
Quadratic Prediction Based Fractional-Pier
QPFPS Search (QPFPS not using the modified SDS (69]
Lossy fin its final search step is the same with|
1-D_PM.)
PDEPS [Prediction Based Directional Fractional-Pixel| (72]
Search
MPEPS ll;/lotlon Prediction Fast Fractional-Pixel| (73]

l]’ast and Efficient Fractional-Pixel Search




16

Chapter 1. INTRODUCTION

Table 1.5. Relative Performance Comparison among IME Algorithms

Integer-Pixel MV Search Speed
Performance Eval.
Exhausted|Very Slow| Slow Fast Very Fast
FFS
PDS MSEA
Lossless FS SEA
FFSSG ASO
FFSSD
-
&)
g EPDS
9 Very High UMHexagonS |EDWS|
< TZS
g
3 T
:% Chap. 3
High NPDS APDS
% —  Sect. 3.4.1
= /
% RDS
ﬁ N3SS BBGDS T
Tl
g" 2 335 : FEDe DS
) ass  |E3ss| EDS
=
Very Low SDS

The target area in the thesis is indicated as shown in this formatted text.
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Table 1.6. Relative Performance Comparison among FME Algorithms

Fractional-Pixel MV Search Speed

Performance Eval.

Exhausted|Very Slow| Slow Fast Very Fast
Lossless EFFPS

-
&)
5
0 Very High FFPS
< Chap. 6
= 'dl
o
P
8 CBEFPS “)
5 . PDFPS| fu

High QPFPS A
E MPFPS| &
)
.E
.é FEFPS
-g Low Chap.s —\
.8 IFBFPS
<
(&3

VSLFPS
Very Low Chap. 4 L
PPFPS

The target area in the thesis is indicated as shown in this formatted text.
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Chapter 2

RESEARCH TRENDS

2.1. Motion Estimation in Video Compression
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Fig. 2.1. The principle of the block matching algorithm.

Motion estimation (ME) has been used to efficiently eliminate the temporal
redundancy in video compression. ME is also developed for different types of
applications such as image sequence analysis, video coding, computer vision,
and image stabilization. The existing ME techniques can be roughly
categorized into time-domain and frequency-domain algorithms. The
time-domain algorithms include matching algorithms and gradient-based
(recursive) algorithms. The frequency-domain algorithms, meanwhile, include
phase correlation algorithms, discrete cosine transform (DCT) matching

algorithms, and the wavelet transform matching algorithm [19].
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In addition, motion estimation techniques can be classified into pixel
recursive approach [20], [21], [22], [23] and block matching approach [24]
according to their elementary units, i.e., pixels or blocks. Pixel recursive
algorithms try to calculate the displacement of each pixel separately. There
are some merits of pixel recursive approach; it can cope with the problem of
multiple moving objects and does not have any overhead for transmitting
motion information. However, pixel recursive approach recursively employs
the luminance change for each pixel in order to seek the motion information
of objects, and therefore the decoder requires the expense of high
computational complexity, almost the same as the encoder. Pixel recursive
approach also has a relative weakness in noise, discontinuities in the motion
field, and large displacements [25], [26].

On the other hand, block matching algorithms have been adopted by many
reference video encoders due to their low computational cost and robustness
to errors. Various block matching based ME algorithms are briefly introduced
in section 2.3. In block matching, each block in the current frame is compared
with the search area in the reference frame in order to find the best matched
block pointed to by motion vector, and then only the motion information is
transmitted to perform video data compression, as described in Fig. 2.1. The
best motion vector corresponds to the block position with the minimum
distortion which can be computed by block distortion measurement (BDM)
criteria such as the sum of absolute differences (SAD), the mean absolute error
(MAE), the mean squared error (MSE), and the sum of absolute transformed
differences (SATD) [17], [19]. SAD and MAE have been commonly used as fast
video quality metric for block matching ME due to their simplicity.
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2.2. Distortion Measurement Criteria

The sum of absolute differences (SAD) is the most frequently used BDM
criterion because of its low complexity. The SAD function used for block

matching ME can be computed as follows:

M-tN-I

SAD(u,v) =Y. Y| C(i, )= R(i +u, j +V)| (1)

=i

-~

where MxN denotes the macroblock size and C(i, j) and R(i+u, j+v) represent
current and reference area samples respectively. The best motion vector (u, V)
is determined by the candidate having the lowest matching error SAD value. It
is effectively the simplest metric that calculates every pixel in a block. For low
complexity implementation, the constant division by MxN in the mean

absolute error (MAE) criterion shown in (2) is excluded from the SAD function.

1 EE L. , . SAD(u,v)
= z: -R , L QA 2
MAE(u,v) MxNS4 ICG )= RGE+u,j+ W) MxN 2)

MAE is a widely used cost function along with SAD. The average distortion
value produced by MAE represents the differences between the current block
and the reference block but is unconcerned about the relationship between the
pixel values in the blocks. In some cases, the MAE function may cause
suboptimal results in fast ME algorithms because its performance worsens as
the search range becomes wider due to multiple local minima [27], [28]. On the
other hand, the sum of squared differences (SSD), also known as the sum of
squared errors (SSE), and the mean squared error (MSE) are generally
considered to provide better results compared to SAD and MAE respectively,
as they can be explained as Fuclidean distance between two samples, which is
similar to the human visual perception. However, the SSD and MSE functions

require much higher computational complexity due to one multiplication per
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pixel difference, as shown below.

ES
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The sum of absolute transformed differences (SATD) is a well-known block
matching metric used in the recent video compression standards such as
H.264/AVC and HEVC, which is used for fractional-pixel refinement and intra
prediction mode decision in the recent video encoders. The SATD function
works by applying a Hadamard transform (HT) of the differences between the
pixels in the current macroblock and the corresponding pixels in the reference
block, as described in (5) and (6). Even though SATD produces superior
prediction quality from both the perspectives of subjective and objective
metrics, it has far more increased computational complexity than that of SAD.

SATD(,v) = 3 3 | HT(C G, ) RG+u, j+ V)] (5)

(=0 J=

~

1 1 1
1 -1 -1
-1 -1 1
-1 1 -1

1
1

HT(Diff)=M[Diff |M", M= (6)
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1

Rate-distortion optimization (RDO) [29] can be utilized to enhance the
quality performance in video encoding. The RDO technique was developed to
effectively reduce the amount of video data with minimal quality loss. That is,
RDO explains the tradeoff between bitrate and quality. In a generic video
encoder the discrete cosine transform (DCT) is performed, followed by the
quantization and entropy encoding process. For that, RDO requires much
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heavier computational burden than those of other video quality metrics, such
as SAD, SSD, and SATD. It is used for inter prediction mode selection in
H.264/AVC and coding unit (CU) depth decision in HEVC, which are performed
after the final step of the ME process. The rate-distortion cost (RDcost)
formula is defined as shown in the following equation.

RDcost = Distortion + 4, x Rates (7)

where Distortion indicates block matching metric such as SAD, SSD, and SATD,
. 1s the Lagrangian multiplier for adjusting the tradeoff between distortion
and bitrate, mode represents the available modes in inter coding, and Rates
denotes the number of bits needed to be encoded. In the RDcost formula, SAD
is generally used as the BDM criterion for integer-pixel ME, whereas SATD is
applied to the fractional-pixel refinement process.

Peak signal-to-noise ratio (PSNR) is very well-known as a quantitative image
quality metric for evaluating the distortion of reconstructed image.
Particularly, the luminance PSNR (Y-PSNR) is recognized to be more
appropriate for the measurement of visual quality than that of chrominance
(Cb and Cr) components [30]. The formula for PSNR, where n is the number of

bits per sample, can be easily calculated based on the MSE criterion as follows.

PSNR =10xlog,, ((2;4;;)2 J (8)

Bjontegaard delta matric [31] is widely used to effectively represent the
average difference between two rate-distortion curves consisting of pairs of
PSNR and bitrate. In the research on the recent video coding standards such as
H.264/AVC and HEVC, Bjontegaard delta PSNR and bitrate (BD-PSNR and
BD-Bitrate) provide objective values for close analysis of simulation results at
various quantization parameters (QPs). To evaluate BD-PSNR and BD-Bitrate,
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the normal rate-distortion curves passing through four data points can be
interpolated by applying a third order logarithmic polynomial, as given below.

Fogn =F(x)=c,x’ +¢,x* +c,x+¢,, x=log(BIT) (9)

F,

Bitrate

=F(y)=c,y’ +¢y’ +c,y+c;,, y=Ilog(SNR) (10)

where Hx) and Hy) denote the interpolation curves for BD-PSNR and BD-Bitrate
respectively, ¢, ..., ¢, are the coefficients for line fitting, and x and y are the
logarithms of the output bitrate and PSNR (BIT and SNR) respectively. The
BD-PSNR value over the whole range of bitrates [bl, bu] is expressed as the
average difference AL between the integrals of the two interpolation curves
F (%) and F(x), and in the same way A, in BD-Bitrate is computed with the

Bitrate

PSNR interval [s], su], as shown in (11) and (12) respectively.
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2.3. Overview of Integer-Pixel Motion Estimation

The conventional full search (FS) [66], [67] algorithm, also known as the
exhaustive search algorithm, can achieve the optimal search result and
excellent rate-distortion performance because it performs brute-force
distortion measurement against every block within the search window in the
reference frame. As the FS algorithm also realizes simple data flow and
uncomplicated logical operation circuit, it can be easily implemented on
hardware devices. Implementation examples of ME architecture based on FS
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are shown in [32], [33], [34]. However, if the video frame size or the search
range in encoding configuration is greatly increased, FS becomes extremely
wasteful in terms of computation. The FS process used for ME is known to
occupy about 60 to 80% of the total encoding time [35], and the overwhelming
computational load makes it often inappropriate for real-time video coding
applications. For this reason, in order to replace the exhaustive FS method,
various fast integer-pixel ME techniques have been developed over the past
few years. Most of the alternative ME algorithms to FS can be grouped into two
main techniques, fast exhaustive search and partial ones. Fast exhaustive
search approach, which is commonly using all or almost all of the search
points within a search range, performs faster than the conventional FS
technique, while maintaining the MV search quality; it can also be represented
as lossless ME approach. In partial search approach, most of search points are
ignored strategically for high speed search. Therefore, the computational cost
of partial search methods is normally lower than that of fast exhaustive search
approach, but they are with some degradation in search quality.

Fast exhaustive search approach, also known as the fast full search (FFS) [66]
technique, can achieve the same block matching performance as FS. Fast
exhaustive search methods are attractive enough due to having lower
complexity without any degradation in quality. Partial distortion elimination
(PDE) [36], [37] is a significant lossless ME algorithm, which was adopted in the
reference software encoder of H.264/AVC [38]. In a different way, the HEVC
test model (HM) reference software [67] implements a FFS-like technique;
when the fast encoder mode parameter is set to on, only a set of even rows in
each block is used for the block distortion computation. The main idea of
partial distortion search is explained in [39]. PDE can alleviate the
computational cost by omitting unwanted computation during matching error
operations when the accumulated partial distortion is larger than the
previously measured minimum distortion within the search window. The
modified and improved PDE algorithms are introduced in [40], [41], [42], [43],
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respectively. However, some of the modified PDE techniques [40], [41], [43]
cause a little bit quality degradation and bitrate increase, which result in lossy
motion estimation, even though they attempt an additional reduction in
computational cost.

Successive elimination algorithm (SEA) [44] is also frequently cited as fast
exhaustive search approach. SEA is possible to reduce a high number of
matching evaluations by applying the sum norm for each block; if the sum
norm is inconsistent with a necessary condition derived by Minkowski's
inequality [45], the search process for the corresponding block can be skipped.
Multilevel SEA (MSEA) [46] can reject many candidates by using the sum norms
of subblocks after dividing a block into several subblocks. In [47], the adaptive
search order (ASO) is presented as an improvement of MSEA.

Partial search approach attempts a decrease in computation by reducing the
number of candidate samples to find the best matched block or performing
the early termination or predicting the best motion vector for the current
macroblock. Each partial search algorithm is based on various techniques such
as unimodal error surface assumption [48], [49], spatio-temporal correlation
between the neighboring blocks and frames [50], [51], motion vector
probability distribution prediction [57], [58], [60], [62], [64], multi-resolution
frame structure [52], [53], [54], and integral projection [55], [56].

In particular, most of the partial search techniques are using general
characteristics of real-world video sequences, which primarily include
unimodal error surface assumption and motion vector probability distribution.
Though the distortion cost increases monotonically as the search point moves
away from the optimal one with the global minimum cost, it is not true for all
the cases because of the irregular and unsteady motion of objects and
background in video sequence. Therefore, the ME search process, such as the
three-step search (3SS) [48] using unimodal error surface assumption, could
often easily be trapped at a local minimum [57].

Through observational evidences that the motion vector probability
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distribution for real-world image sequences is center-biased [57], [58], [60],
[62], [64], many competitive partial search algorithms have been proposed up
to the present, which try to decrease the number of search points with some
degradation in block matching accuracy with respect to FS. For example, the
new three-step search (N3SS) [57], the four-step search (4SS) [58], the
block-based gradient descent search (BBGDS) [59], the diamond search (DS)
[60], the hexagon-based search (HEXBS) [61], the cross-diamond search (CDS)
[62], the efficient three-step search (E3SS) [63], the cross-diamond-hexagonal
search (CDHS) [64], the unsymmetrical-cross multi-hexagon-grid search
(UMHexagonS) [65], and the test zone search (TZS) implemented in the
reference software such as JSVM [66], ]MVC [66], and HM [67] are fast
block-based ME algorithms, developed to effectively reduce the computational
complexity of the integer-pixel ME (IME) module. Each of the existing IME
algorithms has a different search strategy to satisfy both the accuracy of
estimation and the search speed.

In this thesis, the proposed fast IME techniques are introduced for further
reduction in computational complexity based on unimodal error surface
assumption, spatio-temporal correlation, and motion vector probability
distribution prediction, which will also archive negligible rate-distortion
performance degradation, compared to UMHexagonS [65].
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2.4 Overview of Fractional-Pixel Motion Estimation

1
Fig. 2.2. A search path example of the conventional full fractional-pixel search
algorithm; the two-step refinement process is hierarchically performed from

half-pixel (Step 1) to quarter-pixel (Step 2).

Most motion estimators follow the IME process with a fractional-pixel ME
(FME) process. The location of a moving object in a video sequence can be
represented at fractional-pixel, as well as integer-pixel precision. FME
improves the image quality visibly, but requires higher computational
complexity. The runtime of the FME module is over 30% of the total encoding
time [18]. The conventional two-step full fractional-pixel search (FFPS) [66],
[67], also called the hierarchical fractional-pixel search, is wasteful and
inefficient owing to its fixed number of search points, as shown in Fig. 2.2. In
addition, an interpolation process (upsampling) must be performed to create
the fractional-pixel search area for half-pixel or quarter-pixel search point
refinement, which requires a high computational complexity and frequent
memory access. To ameliorate these issues, techniques such as the
center-biased fractional-pixel search (CBFPS) [65], the fast sub-pixel ME having

lower computational complexity [68], the quadratic prediction based
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fractional-pixel search (QPFPS) [69], the low-complexity algorithm for
fractional-pixel motion estimation [70], and the fast ME with interpolation-free
sub-sample accuracy [71] have been developed.

CBFPS is a typical interpolation-based fast FME algorithm adopted in the
reference encoder software of H.264/AVC. After predicting fractional-pixel
MV, The small diamond search pattern (SDSP) is applied to refine the
estimated MV. However, if predicted MV is not accurate, the FME search would
occasionally be trapped into the local minimum.

Some parabolic prediction based techniques have been proposed in [68],
[69], [70], and [71] respectively. In [68], three parabolic models are introduced
to approximate the block matching error at half-pixel accuracy. The two
dimensional parabolic model in [68] is also used in the low-complexity
algorithm for FME [70]. Even though the parabolic models require very low
computational complexity for determining the best predicted fractional-pixel
MV, they do not provide a detailed solution for quarter-pixel or less-than-one
accuracy. In addition, the quality performance of the parabolic prediction
based methods requires further improvement for practical applications.

QPFPS is based on the one-dimensional (1-D) mathematical model. In this
algorithm, a degenerate quadratic prediction function is used to approximate
the matching error value within the fractional-pixel ME search area. The local
coordinates of five integer-pixel positions are utilized to compute the model
coefficients. To obtain the minimum matching error, the differential operation
is performed on the quadratic prediction function. The predicted position is
located at the center of SDSP, and then the small diamond search (SDS)
algorithm is carried out to refine the best fractional-pixel MV.

The low-complexity algorithm for FME is using a 1-D parabolic
decomposition of the two-dimensional (2-D) parabolic model. The existing 2-D
parabolic model FME algorithm is not actually suitable in quarter-pixel
resolution ME. Thus, the 1-D parabolic decomposition-based method was

proposed to fix the shortcoming in quarter-pixel resolution ME. The FME
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algorithm has lower computational cost and better performance at
quarter-pixel MV accuracy, compared to the conventional 2-D parabolic model.

On the other hand, there are many minor improved FME methods. The
prediction-based directional fractional-pixel search (PDFPS) [72] combines
some techniques such as fractional-pixel MV prediction, early termination,
quarter-pixel small diamond search refinement, and directional search. PDFPS
produces low computational cost with a slight PSNR loss and bitrate increase.
The motion prediction fast fractional-pixel search (MPFPS) [73] tries to reduce
computation by using the simplified adaptive search range (SASR) and the
mixed small diamond search pattern (MSDSP). The simulation results in [73]
show that the computational load is lower than that of PDFPS. The fast and
efficient fractional-pixel search (FEFPS) [74] is based on a unimodal error
surface assumption. The FME method can further decrease the number of
search points by searching only some positions in a particular quadrant,
compared to CBFPS.

In this thesis, the proposed fast FME techniques focus on predicting the best
fractional-pixel MV without using interpolation operations for reduction in
computational complexity. Chapters 4 and 5 present various
interpolation-free techniques to overcome some drawbacks to the existing
mathematical prediction based FME methods. However, although the
proposed techniques can improve further the prediction performance at very
low computational cost, the improvement of performance may be not fully
satisfactory for practical use. The performance of video encoding techniques
can be considered as a tradeoff between rate-distortion and computational
cost. In other words, it is also important to adjust the balance between
complexity and performance. In Chapter 6, therefore, a novel FME technique is
proposed for a reasonable improvement in rate-distortion performance at the
expense of low complexity. In the experimental results of each chapter, the
performance of the proposéd algorithms will be thoroughly evaluated in terms
of PSNR and bitrate as well as computational complexity.
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Chapter 3
INTEGER-PIXEL MOTION ESTIMATION

3.1. Introduction

Motion estimation (ME) is an effective and representative technique for
removing the temporal redundancy in video sequences. Block-based motion
estimation has been adopted by most video compression standards including
MPEG-2, H.264/AVC, and HEVC. The block-matching approach is the most
popular technique for block-based motion estimation. The full search (FS) [66],
[67] algorithm evaluates exhaustively all the reference blocks within a search
range in order to determine the best matched block. Even though FS provides
outstanding quality performance and simple data flow and circuit control, a
prohibitive amount of computation is required if the search range becomes
too large. This high computational complexity makes it often not suitable for
real-time implementations. Over many years, many fast integer-pixel (IME)
algorithms have been proposed to replace FS with a high level of
computational complexity. Each fast IME algorithm uses a different search
strategy to satisfy both the search quality and search speed. The
unsymmetrical-cross multi-hexagon-grid search (UMHexagonS) [65] was
proposed as a reference IME algorithm for the reference video encoder of
H.264/AVC. UMHexagonS is a highly efficient IME algorithm, but there is the
potential for speed improvement. Thus, in this chapter, some fast IME
techniques are proposed to further improve the speed performance of
UMHexagonS. The proposed techniques have been developed based on close
analysis of the statistical data for real-world video sequences as well as the
existing techniques used in UMHexagonS. The results of the simulations will
demonstrate the performance of the modified fast IME algorithm combined
with the proposed techniques.
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3.2. Related Work

In this section, a high-performance hybrid integer-pixel ME algorithm,
UMHexagonS, is analyzed, and then its modified approach will be proposed
for further reduction in computational complexity. UMHexagonS embedded in
the H.264/AVC JM (Joint Model) reference software [66], [75] combines many
advanced techniques, including early termination, MV prediction, and search
patterns of cross, diamond, and hexagon. As shown in Fig. 3.1 (a), a 16 points
large hexagon pattern is considered based on the fact that horizontal motion
is generally much more frequent than that of vertical motion for real-world
video sequences. The two search patterns of Fig. 3.1 (b) and (c¢) are adopted in
the extended hexagon-based search (EHS) [65], which is used as a
sub-algorithm in the UMHexagon$ algorithm.

(a) (b) (©)
Fig. 3.1. The Search patterns used in UMHexagonS. (a) Large hexagon pattern,

(b) Hexagon search pattern, and (¢) Small diamond search pattern.
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The search process of UMHexagonS is described in Fig. 3.2. The procedure of

UMHexagonsS is also summarized as follows:

Step_0) Before the IME process, the start search point should be decided at
first; then, it performs the early termination (ET) operation [65].

Step_1) First, an unsymmetrical-cross search is made. The spacing between
checking points is two and there are twice as many points horizontally than
vertically; then, it performs the ET operation.

Step_2) Starting from the best point found in the cross search step, next
small rectangular full search is made; then, it performs the ET operation.

Step_3) A multi-hexagon-grid search strategy is taken (from 1 to SR/4,
SR=search range). The 16 points hexagon pattern used in the grid search has
more points at the left and right edges; then, it performs the ET operation.

Step_4) In the final search step, EHS (Step_4-1) or small diamond search
(Step_4-2) is used to refine the best MV found in the multi-hexagon-grid stage.

14 -12 10 8 6 -4 -2 0 2 4 6 8 10 12 14

QStep1 AStep2 [1Step3 WV Step 41 WV Step 4-2

Fig. 3.2. The search process of UMHexagonsS.



3.3. Observation: Motion Vector Distribution 33

3.3: Observation: Motion Vector Distribution
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(a) (b)
Fig. 3.3. Motion vector distributions for (a) “Claire” and (b) “Stefan.”

The current search pattern in the UMHexagonS process, as explained above,
varies with the conditions of each search step. The search patterns used in
UMHexagonS can be improved by removing unnecessary search points and
reforming into more robust shapes. For this, a statistical analysis on various
motions from real-world video sequences is required. As shown in Fig. 3.3 and
Fig. 3.4, the motion vector probability (MVP) distributions are resulted from
simulations using the full search algorithm with a search range SR = +7.
Sequences used for Fig. 3.3 (a) and (b) are CIF Sequence “Claire” (100 frames)
and CCIR601 Sequence “Stefan” (200 frames) respectively. Fig. 3.4 is using
three CCIR601 Sequences - “Garden,” “Stefan,” and “Susie” (30 frames). In Fig.
3.3 (a), over 89% of motion vectors are found at the central point (0, 0). Within
the central 5x5 area, most of motion vectors are also found. The MVP
distribution for the CCIR601 sequence “Stefan” including tough and rough
sports scene is shown in Fig. 3.3 (b). Unlike the distribution as illustrated in Fig.
3.3 (a), Fig. 3.3 (b) does not show altogether center-biased MVP distribution but

wide distribution.
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Fig. 3.4. Motion vector probability (%) distribution for three CCIR601s.

Fig. 3.4 displays the results of MV's accumulated distribution for the three
CCIR601 sequences. The MVP distribution diagram can be divided into nine
regions to comprehensively analyze the general MVP distribution tendency of
video data. In Fig. 3.4, it can be seen that the portion of MV within the 5x5
region in the center of the search range is the highest at 53%. Moreover, the
portions of MVP in the horizontal and vertical regions are especially high in
the regions other than the central region. The major cause for this
phenomenon is closely related to the fact that the camera capturing the
images mainly moves in horizontal and vertical directions. Based on this
observation, the proposed fast integer-pixel motion estimation techniques are

presented in the following section.
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3.4. Proposed Techniques

3.4.1. Revised Diamond Search Algorithm

(a) Large diamond-shaped pattern (LDSP) of DS
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(b) Redefined LDSP (RLDSP)  (c) Small X-shaped pattern (SXSP)

R4

(d) Small diamond-shaped pattern (SDSP)

Fig. 3.5. Redefined search patterns from LDSP used in original DS.

The dense search points in the large diamond-shaped pattern (LDSP) of the
original DS algorithm, as shown in Fig. 3.5 (a), are inadequate for searching
wide-area movements. On the other hand, in Fig. 3.5 (b), the redefined large
diamond-shaped pattern (RLDSP) of the distributed search points is more
appropriate for horizontal and vertical searches. Furthermore, the small
X-shaped pattern (SXSP) as shown in Fig. 3.5 (c), which has branched out from
LDSP, can flexibly cope with local minimum block distortion measure (BDM)
points. The small diamond-shaped pattern (SDSP) as shown in Fig. 3.5 (d) is

used in the final search step of the proposed revised diamond search (RDS)
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algorithm. Two Examples of search paths of the proposed RDS are shown in
Fig. 3.6. The search process of the RDS algorithm using RLDSP, SXSP, and SDSP

can be summarized as follows:

Step_1) The five checking points of RLDSP are tested. If the minimum BDM
point is located at the center, go to Step_3; otherwise, go to Step_2.

Step_2) A new RLDSP with the center at the previous minimum distortion
point is formed. If the minimum BDM point obtained is located at the center of
RLDSP, go to Step_3; otherwise, recursively repeat this step.

Step_3) Switch the search pattern from RLDSP to SXSP. If the minimum BDM
point occurs at the center of SXSP, go to Step_4; otherwise, repeat Step_2.

Step_4) One of the five checking points of SDSP is determined as the new
minimum BDM point, which is the final MV.
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Fig. 3.6. Two examples of search paths of RDS.






