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Abstract
With consumers having access to a plethora of video enabled devices, efficient transmission
of video content with different quality levels and specifications has become essential. The
primary way of achieving this task is using the simulcast approach, where different versions of
the same video sequence are encoded and transmitted separately. This approach, however,
requires significantly large amounts of bandwidth. Another solution is to use scalable Video
Coding (SVC), where a single bitstream consists of a base layer (BL) and one or more
enhancement layers (ELs). At the decoder side, based on bandwidth or type of application, the
appropriate part of an SVC bit stream is used/decoded. While SVC enables delivery of different
versions of the same video content within one bit stream at a reduced bitrate compared to
simulcast approach, it significantly increases coding complexity. However, the redundancies
introduced between the different versions of the same stream allow for complexity reduction,
which in turn will result in simpler hardware and software implementation and facilitate the wide
adoption of SVC. This thesis addresses complexity reduction for spatial scalability,
SNR/Quality/Fidelity scalability, and multiview scalability for the High Efficiency Video
Coding (HEVC) standard.
First, we propose a fast method for motion estimation of spatial scalability, followed by a
probabilistic method for predicting block partitioning for the same scalability.
Next, we propose a content adaptive complexity reduction method, a mode prediction
approach based on statistical studies, and a Bayesian based mode prediction method all for the
quality scalability. An online-learning based mode prediction method is also proposed for quality
scalability. For the same bitrate and quality, our methods outperform the original SVC approach
by 39% for spatial scalability and by 45% for quality scalability.
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Finally, we propose a content adaptive complexity reduction scheme and a Bayesian based
mode prediction scheme. Then, an online-learning based complexity reduction scheme is
proposed for 3D scalability, which incorporates the two other schemes. Results show that our
methods reduce the complexity by approximately 23% compared to the original 3D approach for
the same quality/bitrate. In summary, our methods can significantly reduce the complexity of
SVC, enabling its market adoption.
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1. Introduction and Overview
Using video applications on a variety of devices has become interwoven into our everyday
lives. This is mainly due to the availability of a wide range of video-enabled gadgets and mobile
devices with network connectivity. To transmit video content to heterogeneous devices, this
content needs to be encoded in a way that is compatible with the playback capabilities of the
specific device. To support all kind of display devices, one solution is to encode the video
content with several configurations (compatible with devices) and transmit them separately
(simulcast coding). This approach is computationally expensive and requires large amounts of
bandwidth. Another solution is to use Scalable Video Coding (SVC), which enables multicast
service and video transmission to heterogeneous clients with different capabilities [1], [2]. An
SVC stream consists of a base layer (BL) and one or more enhancement layers (ELs). On the
decoder side, based on the type of the application and supported complexity level, the
appropriate part of an SVC bit stream will be decoded. Depending on the specifications of the
device and the limitations of the network, different types of scalabilities including
SNR/Quality/Fidelity, spatial (resolution), temporal (frame rate), color bit depth (low dynamic
range and high dynamic range), and the number of views (2D and 3D) or a combination of these
scalabilities may be used [3]. However, the redundancies introduced by scalable coding between
the different versions of the same stream allow for complexity reduction, which in turn will
result in simpler hardware and software implementation and facilitate the wide adoption of SVC.
As similar task and opportunity for complexity reduction arises in the case of multiview
applications, where two or more views share considerable amount of information compared to a
single view coding.
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Several years back, scalable coding was introduced in the form of H.264/SVC, which was an
extension of the H.264/AVC standard [1]. H.264/SVC supports temporal, spatial,
SNR/Quality/Fidelity scalabilities as well as combined scalability (a combination of the
temporal, spatial and SNR scalabilities).
Recently, with the standardization of the High Efficiency Video Coding (HEVC), which has
substantially higher compression capabilities (up to 45.54% in terms of bit rate) than the
H.264/AVC standard [4], [5] and the renewed interest from industry in scalable coding, the Joint
Collaborative Team on Video Coding (JCT-VC) of Moving Pictures Experts Group (MPEG) and
Video Coding Experts Group (VCEG) of ITU-T introduced the scalable extension of HEVC,
known as SHVC [6], [7].
Considering the superior performance of HEVC and the market trend towards the adoption of
a multiview system, the Joint Collaborative Team on 3D Video Coding Extension Development
(JCT-3V) of the ISO/IEC MPEG and the ITU-T have developed the 3D extension of HEVC (3DHEVC) with the objective to provide efficient compression of multiview video sequences [8,9].
In this thesis we address complexity reduction for spatial scalability, SNR/Quality/Fidelity
scalability, and multiview scalability for the HEVC standard. Reducing the complexity of these
standards allows for a simpler hardware and software implementation of the above standards and
that in turn will facilitate their wide adoption in the market. All our methods are implemented in
the MPEG reference software (SHM and 3D-HTM) and our results have been shared with
industry through MPEG contributions.
In Chapter 2, we present two methods for reducing the complexity of the spatial extension of
HEVC. Chapter 3 deals with the reduction of the computational complexity of the quality
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extension of HEVC. In Chapter 4, we present three schemes for the complexity reduction of 3DHEVC.
The following Sections in this introductory Chapter provide background information on
HEVC, SHVC, and 3D-HEVC. They also provide a literature review of the previously proposed
complexity reduction methods for those standards. Subsection 1.1.1 includes short overview of
the HEVC standard. Subsection 1.1.1.2 elaborates on the existing complexity reduction methods
proposed for HEVC. Subsection 1.1.2 provides basic background information of scalable video
coding, the scalable extension of H.264 (H.264/SVC), and the SHVC standard. Existing works
dealing with complexity reduction of H.264/SVC and SHVC standard are reviewed in
Subsection 1.1.2.1.1 and Subsection 1.1.2.2.1. Subsection 1.1.3 introduces Multiview/3D video
coding and the multiview video coding (MVC) standard. Subsection 1.1.3.1 elaborates on the
existing complexity reduction methods proposed for MVC. Subsection 1.1.3.2 provides
background information on 3D-HEVC. A literature review on the complexity reduction of 3DHEVC is presented in Subsection 1.1.3.2.3. Section 1.2 concludes the introduction with an
overview of the research contributions presented in this thesis.

1.1 Overview of Existing Work and Literature Review
In this Section we give an overview of HEVC, H.264/SVC, SHVC, MVC, and 3D-HEVC. In
addition, we review existing works for complexity reduction of the above-mentioned standards.

1.1.1 Overview of High Efficiency Video Coding
The HEVC standard is one of the most recent joint video projects of the ITU-T VCEG and
the ISO/IEC MPEG standardization organizations, which was finalized in January 2013. HEVC
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offers a substantially higher compression performance compared to the previous major video
coding standard (H.264/AVC [10]). Objective comparison results show that the current HEVC
design outperforms H.264/AVC by 29.14% to 45.54% in terms of bit rate or 1.4 dB to 1.87dB in
terms of PSNR [4]. The subjective comparison of the quality of compressed videos – for the
same (linearly interpolated) Mean Opinion Score (MOS) points shows that HEVC outperforms
H.264/AVC, yielding average bitrate savings of 58% [11].
HEVC utilizes a quad-tree based coding structure with support for coding units of more
diverse sizes than that of macro-blocks in H.264/AVC. The basic block in HEVC is known as the
coding tree unit (CTU), whose size is usually set to 64×64. CTU, which is also referred to as
largest coding unit (LCU), can be recursively split into smaller Coding Units (CU), which in turn
can be split into small Prediction Units (PU) and Transform Units (TU). Note that the process of
splitting CTU into smaller CUs is continued for D iterations. Here, D indicates the maximum CU
depth in the quad-tree structure of the CTUs [12]–[14] .
To reduce the spatial and temporal redundancies of video frames, HEVC employs more
complicated intra prediction modes and more flexible motion compensation than H.264/AVC
[7]. For intra prediction, HEVC uses 35 luma intra prediction modes compared to 9 used in
H.264/AVC. Furthermore, intra prediction can be done at different block sizes, ranging from 4×4
to 64×64 (depending on the size of the PU).
In the case of inter-prediction, HEVC introduces a technique called “motion merge”. For
every inter-coded PU, the encoder can choose between 1) the motion merge mode, 2) the SKIP
mode, or 3) explicit encoding of motion parameters. The motion merge mode involves creating a
list of previously coded neighboring (spatially or temporally) PUs (called candidates) for the PU
being encoded. The motion information for the current PU is copied from one selected candidate,
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avoiding the need to encode a motion vector for the PU; instead HEVC encodes only the index
of a candidate in the motion merge list as well as the residual data. In the SKIP mode, the
encoder signals the index of a motion merge candidate and the motion parameters for the current
PU are copied from the selected candidate. However, unlike the motion merge mode, for the
Skip mode, the encoder does not send any residual data. This allows areas of the picture that
change very little between frames to be encoded using very few bits.
In explicit coding, inter-coded CUs can use Symmetric and Asymmetric Motion Partitions
(AMP). AMPs allow for asymmetrical splitting of a CU into smaller PUs. AMP can be used on
CUs of size 64x64 down to 16x16, improving coding efficiency since it allows PUs to more
accurately conform to the shape of objects, without requiring further splitting [12]–[14]. For each
inter-prediction coded PU, the HEVC encodes a set of motion parameters, which consists of a
motion vector, a reference picture index and a reference list flag.
Although the increased number of intra modes, and more flexible inter prediction improve
the coding performance of HEVC, they also result in increased computational complexity. For
each mode, the HEVC encoder should perform transform, quantization, entropy coding, inverse
quantization, inverse transform, and pixel reconstruction to compute the accurate rate distortion
cost. The complexity of HEVC’s encoder has been an important research subject from the early
stages of its designing [15]–[17].

1.1.1.1 Overview of Complexity Reduction Methods Designed for HEVC
To reduce the complexity of the HEVC encoder, several methods have been proposed [18]–
[44]. To facilitate intra prediction, a fast mode decision method is proposed in [18]. In [19],
researchers proposed an early coding unit splitting and pruning method for intra coding. In
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another study, a low-complexity algorithm based on level and mode filtering that reduces the
angular modes is proposed for HEVC Intra prediction [20]. In [21], a texture complexity based
fast prediction unit size selection algorithm is proposed for HEVC Intra coding. Researchers in
[22] propose a low complexity HEVC Intra coding method for high-quality mobile video
communication which predicts the most probable depth range based on the spatial correlation
among CUs. Then, in order to improve the prediction accuracy, a statistical model-based CU
decision approach is proposed in which adaptive early termination thresholds are determined and
updated based on the rate distortion (RD) cost distribution, video content, and quantization
parameters. In [23], a complexity reduction method is proposed for HEVC Ultra high definition
formats (UHD) coding which predicts coding modes and quad-tree structure from those
optimized for the lower (high definition (HD)) resolution version of the input UHD video. In
another study, researchers propose a low-complexity block size decision for HEVC intra coding
using binary image feature descriptors [24]. In [25], a CU size selection method is proposed for
intra prediction, which uses gradient information of the CU image segment to derive texture
complexity.
As in the low-delay and random-access configurations of the HEVC encoder, inter prediction
is the major time-consuming process, several studies have focused on decreasing the complexity
of inter prediction [26]–[32]. In [26], an effective CU size decision method is proposed that uses
two approaches to reduce the complexity of HEVC encoder. The first approach determines the
quad-tree depth level. The second approach reduces the complexity of the motion estimation for
small block sizes. In [28], an early merge mode detection method is suggested that uses the mode
of the root blocks, all-zero blocks, and the motion estimation information. In [31], a fast CU
selection method is proposed which uses motion divergence to choose the CU size. A coding tree
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depth estimation method is presented in [32] which uses the spatial and temporal correlations for
complexity reduction of HEVC. In another study, a fast PU decision algorithm is proposed for
HEVC, which uses the correlation among spatial-temporal PU modes and texture complexity
[33]. In [34], a fast CU partitioning method is proposed for HEVC which uses Bayesian
classifier for prediction. Researchers in [43] propose a method that uses motion homogeneity
and RD cost information for CU size prediction.

1.1.2 Overview of Scalability and Scalable Video Coding
In general, a scalable video bitstream is a stream in which either some parts or the entire
stream can be decoded to match the capabilities of the display device. Spatial scalability is a type
of scalability in which the bit-stream can be pruned to some decodable subsets, which represent
the original content at different resolutions. On the other hand, temporal scalability describes
cases in which the resulting subsets represent the source content at different frame rates. Quality
scalability is a term used to explain cases in which the sub-bitstreams provide the same spatiotemporal resolution as the original bitstream with different visual qualities. Quality scalability is
also known as fidelity or signal to noise ratio (SNR) scalability [1].

1.1.2.1 Overview of the Scalable Extension of H.264
The previous scalable video coding standard, known as H.264/SVC, is an extension of the
H.264/AVC standard [1]. H.264/SVC supports temporal, spatial, SNR/Quality/Fidelity
scalabilities as well as combined scalability (a combination of the temporal, spatial and SNR
scalabilities).
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In H.264/SVC there are three inter-layer prediction schemes: Inter-layer texture prediction,
inter-layer motion prediction, and inter-layer residual prediction. In residual prediction, the
residual signal of the corresponding block in the lower layer is up-sampled block-wise (if
necessary) and the resulting signal is used as the reference to predict the residual signal of the tobe-encoded block in the enhancement layer. Hence, the difference between the prediction signal
and residual signal is encoded instead of the residual signal of the enhancement layer [1].
In Inter-layer motion prediction, the partitioning data of the EL block together with the
associated reference indexes and motion vectors are derived from the corresponding coding
information of the co-located motion vectors of the corresponding blocks in the reference layers.
Note that inter-layer motion prediction is available for the case that the corresponding block in
BL is inter-coded. In Inter-layer texture prediction, a reconstructed signal of a corresponding
block in lower layer is up-sampled (if necessary) and the resulting signal is used for predicting
the to-be-encoded block in the enhancement layer [1].

1.1.2.1.1 Overview of the Complexity Reduction Methods Designed for H.264/SVC
The scalability features explained in the previous Subsection come along with a significant
increase in coding complexity compared to H.264/AVC. The complexity of H.264/SVC is
mainly due to the additional temporal and spatial prediction processes involved in coding the
multiple layers. Reduction of the scalable encoder’s complexity is required especially for realtime applications, where processing power is limited. This has been achieved by utilizing the
correlation between the base layer and enhancement layers. In [45]–[57], the coding information
(i.e., mode) of the already encoded neighboring blocks in the base and/or enhancement layer is
utilized to reduce the computational complexity of H.264/SVC. In [45], the complexity of
temporal prediction is reduced by computing the conditional probability that a specific inter
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prediction mode is selected for encoding a macroblock (MB) in the enhancement layer given the
mode of the corresponding MB in the base layer. This statistical information is used to select the
appropriate inter prediction mode for encoding MBs in the enhancement layer, based on the
selected modes for the corresponding MBs in the base layer and neighboring MBs (Top and Left
MBs) in EL. The method is employed to decrease the complexity of quality and spatial
scalability. In [46], [54], an early mode-search termination (ET) method was proposed, which
uses the RD cost values of the already encoded blocks to predict the RD cost of to-be-encoded
blocks in the enhancement layer for the quality scalability. The proposed ET method is only
applied to the skip and inter-prediction modes of H.264/SVC. To terminate the EL mode search
of SVC with spatial scalability, researchers in [47] propose to use an all-zero block (AZB)
detection method. In [55], a threshold for RD cost is proposed for mode prediction in the EL. In
[56], a low complexity mode decision method for spatial scalability is used for predicting the
zero motion and zero transform coefficients in the current to-be-coded block of EL uses the
coding information of the corresponding block in the lower layer. In [57], it is reported that the
Intra16*16 mode is not required to check for encoding the EL. So, to decrease the complexity of
spatial scalability few modes will be checked for intra prediction when the corresponding BL is
encode using intra prediction [57]. In addition, a fast mode decision method is suggested to
decrease the complexity of temporal scalability. Each MB is classified into two different classes,
namely, MBs with high motion and MBs with low motion. When the corresponding block in the
base layer belongs to MB with low motion, its MB mode will be checked for the to-be-encoded
MB in EL. Otherwise, the MB modes of the already encoded neighboring blocks (upper block
and left block) will be checked. Finally, the RD cost of the skip mode is also computed. The
chosen MB mode is the mode which has the lowest RD cost [57].
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1.1.2.2 Overview of Scalable Extension of HEVC
HEVC’s compression performance has led to a significant interest from industry in
developing a scalable version of this standard. To address this interest, MPEG and ITU have
introduced the scalable extension of HEVC, known as SHVC [58]–[60]. In this regard, highlevel syntax design of existing HEVC standard was modified to provide SHVC which supports
quality scalability, spatial scalability, and their combinations. In order to improve the
compression performance, SHVC uses inter-layer motion prediction and inter-layer texture
prediction, in addition to the advanced prediction features of HEVC [58]. In the inter-layer
motion prediction process of SHVC, in addition to the temporal and spatial neighboring PUs
currently used in HEVC, the motion parameters (motion vector and the reference picture index)
of the co-located CU in the BL can be added to the merge candidate list [58]. In the Inter-layer
texture prediction of SHVC, inter-layer reference pictures (or its up-sampled version) are used as
the reference pictures in addition to the temporal reference pictures [58]. To enable this
prediction mode in HEVC, there is no need to change the block level syntax (which determines
the CU splits) and decoding process. Here, only the high level syntax has been changed to add
the corresponding reconstructed pictures from the reference layers to the reference list. In this
prediction mode, inter-layer reference pictures are used as the reference pictures in addition to
the temporal reference pictures. Moreover, to specify whether the current prediction Unit (PU) is
predicted from an inter-layer reference picture or a temporal reference picture, a signaled
reference picture index is used [58].
Considering that HEVC is already complex, it is inevitable that the scalable extension with
its multi-layers of scalability to also be highly complex. Reduction of this complexity, which will
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address cost efficiency and power requirements, is one key factor that may enable the
widespread adoption of this emerging standard.

1.1.2.2.1 Overview of the Complexity Reduction Methods Designed for SHVC
Some work has been done to address the complexity of SHVC [61]–[63]. A fast mode
decision method is proposed in [63] for all intra spatial scalability. This approach uses the
correlation of the CU depth and intra prediction modes of the enhancement layer and the base
layer for mode prediction. In [61], a low-complexity intra coding tool has been proposed to
the scalable HEVC call for proposals based on content statistics. In [62], a fast mode and
depth decision algorithm for Intra prediction of Quality SHVC is proposed. This method only
checks partial modes based on the relationship between the modes. In addition, it skips the
depths with low possibilities that are determined based on their inter-layer correlations and
textural features. As mentioned before, the methods proposed in [61]–[63] are only able to
reduce the complexity of intra coding in SHVC but fail to address the complexity in inter
prediction for spatial SHVC.

1.1.3 Introduction to Multiview Video Coding
Multiview display systems are anticipated to be available in the consumer market at
affordable prices in the next few years. This projection stems from the recent advances in display
technology, the showcase of high-quality multiview display prototypes in recent trade shows and
the ultimate goal - glasses free 3D TV. This trend and evolution have become the driving force
for industry to seek new solutions that will enable the end-to-end multiview pipeline.
One of the major challenges in implementing multiview services is the compression and
transmission of multiview content, which includes several simultaneous video sequences from
11

the same scene. To address this issue, the MVC standard was developed by the Joint Video Team
(JVT) of the ISO/IEC MPEG and the ITU-T VCEG [64]–[66]. MVC is an amendment to the
H.264/MPEG-4 AVC video compression standard that enables efficient encoding of sequences
captured simultaneously from multiple cameras by taking advantage of the correlation between
the different views as well as the spatial and temporal correlation within the frames of each view.
In MVC, one of the views is encoded using the conventional H.264/AVC. For coding the other
views, in addition to previously encoded pictures of the same view, already encoded pictures of
the other views can be used as reference pictures. These pictures are added to the reference list
for the motion prediction. Conventional stereo displays need only two views. Autostereoscopic
displays, on the other hand, need many more views in order to produce the immersive multiview
feeling.
To avoid sending several views, we can transmit 3D content in the format known as
Multiview Video plus Depth (MVD) where a few views are accompanied by their corresponding
depth data. At the decoder side, the transmitted views and the depth maps are used for
synthesizing additional views to address the needs of the specific autostereoscopic display.
Recently, JVT (MPEG+VCEG) has developed the 3D extension of HEVC (3D-HEVC) to
provide efficient compression for the 3D content [8]. Section 1.1.3.1 includes the complexity
reduction methods proposed for MVC. Section 1.1.3.2 gives a brief overview of the 3D-HEVC
codec and the existing complexity reduction methods proposed for 3D-HEVC.

1.1.3.1 Overview of the Complexity Reduction Methods Proposed for MVC
The coding complexity of MVC is significantly higher than that of H.264/AVC, due to the
greater number of views needed to be encoded, making the adoption of MVC for real-time
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applications challenging. Several methods have been proposed for reducing the complexity of
MVC [65]–[70]. For instance, in [63], a view adaptive motion search method is proposed that
decreases the complexity of the motion search process based on the motion homogeneity of the
matching block in the reference view using the global disparity vector (GDV). This method
suggests search range values based on statistical studies done on MVC. Then, the complexity of
the mode search process is decreased by examining only a limited number of prediction modes,
based on information from the corresponding block in the reference view and its eight spatial
neighboring blocks [63]. Another study suggests classifying each MB of a video frame into a
near region, middle region or far region based on the depth map of the scene, if depth
information is available (multiview plus depth) [64]. Then based on the relations between depth
information and the MBs’ prediction mode, the mode-search is limited to a small number of
modes. In [67], based on the motion homogeneity a fast motion and disparity estimation method
is proposed. The study in [68] proposes a method to reduce the complexity of the mode-search
process, so that the encoder does not check all the modes for finding the one with the lowest rate
RD cost. This study suggests that if the corresponding block in the adjacent view as well as its
eight available neighboring blocks are encoded as Skip mode (these nine blocks are called
predictor blocks), then the current to-be-code block will also be encoded as Skip mode.
Otherwise, the encoder uses an early mode-search termination approach, which significantly
reduces the search complexity. Researchers in [69], propose an iterative search method for the
motion and disparity estimations that significantly reduces the complexity of stereoscopic video
coding compared to the full search algorithm. In [70], based on the relations between the motion
and disparity vectors, a fast disparity estimation and motion estimation method is proposed.
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1.1.3.2 Overview of the 3D - High Efficiency Video Coding
The 3D-HEVC standard involves coding a limited number of views and the corresponding
depth maps. To support the variety of multiview display systems, this limited number of views
and their depth information are used to synthesize several additional views at the decoder side.
Compared to the traditional format, where multiview content includes a large number of views
(without depth map), this format simplifies capturing by limiting the number of views (e.g., 2 or
3) and at the same time reduces bandwidth requirements.
3D-HEVC utilizes all the advanced features of HEVC, including flexible partitioning quadtree structure and sophisticated and diverse inter and intra prediction modes (3 inter-prediction
modes and 35 intra prediction modes).
3D-HEVC also uses a quad-tree based coding structure with support for diverse block sizes.
Similar to HEVC, the basic block in 3D-HEVC is known as the CTU. In the quad-tree structure,
each CTU is divided into four equal-sized CUs. Each CU is then divided into four smaller CUs.
The process of splitting CTU into smaller CUs is continued for D iterations. Here D indicates the
maximum CU depth in the quad-tree structure. For instance if the CTU is not divided into subblocks, the depth (D) is equal to zero, and if the CTU is divided into four CUs, then the depth is
equal to one. The CUs can later be split into small PUs and TUs [5].
Fig. 1.1 shows the basic structure of the 3D-HEVC codec [71]. All the views and depth
maps, which belong to the video scene for the same time instance, make an access unit. The
access units are encoded consecutively. As it can be observed, in each access unit, one of the
views of the multiview sequence (called the base view) and corresponding depth map are
encoded using the unmodified HEVC independently from the other views and their depth maps.
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Figure 1.1 The structure of 3D-HEVC.

1.1.3.2.1 Coding of the Dependent Texture Views
For the dependent views, 3D-HEVC utilizes disparity-compensated prediction (DCP) in
addition to the spatial prediction and motion-compensated prediction (MCP) used in HEVC. In
DCP, the already encoded frames of other views in the same time instance are used for
prediction (see arrows in Fig. 1.1). This tool improves the coding efficiency. To find the efficient
tool for each to-be-encoded block, the encoder compares MCP to DCP. In this competition the
MCP usually is chosen, meaning that DCP is only used for a small part of the to-be-encoded
frame [72].
Two additional inter-view prediction methods have been added to increase the compression
efficiency of MCP. Inter-view motion prediction is a new technique in 3D-HEVC, which intends
to take advantage of the high correlation between the motion vectors of the different views at the
same time instance. In this case, the motion parameters of the corresponding CUs in the
reference views are added to the motion candidate list for the to-be-encoded CU [72]. Here, the
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corresponding CUs in the reference view are found using the depth information. This method
provides some candidates, which will be added to the candidate list of the so-called merge mode
in HEVC.
The second additional inter-view prediction method is known as inter-view residual
prediction. In this method, the reconstructed residual signal of an already encoded picture of the
reference view in the same access unit (same time instant) can be used to provide efficient
compression. Here, the corresponding block in the reference view is estimated by using the
disparity vector from the depth information. Then, the residual signal of the to-be-encoded block
is subtracted from the corresponding block in a reference view. If a block uses an inter-view
residual prediction, only the resulting difference signal is transformed and encoded [72].

1.1.3.2.2 Coding of Depth Maps
Depth map streams have different texture characteristics compared to regular videos, and,
thus, the existing HEVC intra-prediction modes do not effectively compress them. Some of the
common characteristics of depth map frames include large areas with approximately constant or
slowly varying values and sharp edges when depth level changes. 3D-HEVC is equipped with
the prediction modes specially designed for compressing depth maps. In these modes, a depth
block is approximated by a model that splits depth into two different non-rectangular regions
using either a straight line (Wedgelets partitioning) or a complex geometrical curve (Contour
partitioning) [72]. Then, each of these two regions is represented by a constant value. The first
depth modeling mode is called Explicit Wedgelet. In this mode, the best Wedeglet partitioning is
found for each depth block by searching over a set of Wedgelet partitions. During this search
process, the Wedgelet partition that leads to the minimum distortion between the original block
and the approximated block is selected. The second mode is called Restricted signaling and inter16

component prediction of Wedgelet partitions [9]. The last mode is called Inter-component
prediction of Contour partitions and uses the reconstructed co-located block in the associated
video frame as a reference to predict the Contour partitioning of a depth block [9]. Considering
that each texture view and its corresponding depth map illustrate the dynamics of the same scene,
they both have similar motion characteristics. Thus, in 3D-HEVC the current to-be-coded CU in
the depth stream inherits the partitioning and associated motion vector information of the colocated CU in the corresponding view. In this regard, the existing merge and skip modes in
HEVC have been modified for signaling the motion parameter inheritance (MPI) and the list of
merge candidates has been extended for using the motion information of the co-located block in
the video stream [9].
Since in the 3D-HEVC, the base view, multiple dependent views and depth maps, are
required to be coded as a single stream, the computational complexity is high. Thus, it is
desirable to design an efficient method that reduces this complexity, without, of course,
hampering 3D-HEVC’s coding efficiency.

1.1.3.2.3 Overview of Complexity Reduction Techniques Designed for 3D-HEVC
In order to reduce to complexity of the 3D-HEVC encoder, several complexity reduction
methods have been proposed [73]–[85]. In [73], based on a synthesized view difference model a
low complexity adaptive view synthesis optimization has been proposed for the 3D-HEVC. In
another study, researchers propose a low complexity neighboring block based disparity vector
derivation [74]. In [75], researchers modify the merge candidate list to reduce the cost of the
disparity compensation prediction. In addition, this method uses the classification results to
enable and disable the disparity search. In [76], a low complexity mode decision method is
proposed. This method classifies each tree block into near, middle, and far regions. Then, based
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on this classification, appropriate modes are suggested. In addition, this method uses the
classification results to enable and disable the disparity search. In [77], researchers propose an
early skip detection method, which uses the spatial and interview correlations in 3D-HEVC. In
[78], it is suggested to use the information of the previously encoded view frames and
neighbouring blocks in the current view to predict the motion search range and skip motion
estimation (ME) and disparity estimation (DE). In [79], [80], a fast encoder decision method for
coding views is proposed that uses the five inter-view neighbouring blocks in the reference view
to detect the Merge mode and to terminate the quad-tree partitioning. In [81], a fast mode
decision algorithm is proposed for 3D-HEVC that uses the mode correlation between depth
levels, the correlation among the views and depth maps, and correlation among the spatialtemporal blocks to predict the skip mode and mode candidates for the to-be-coded blocks.
Researchers in [82], suggest to exclude the additional 3D-HEVC merge candidates from the
candidate list for the prediction units of size 8x4 and 4x8. In another studies, several complexity
reduction methods are proposed for depth map coding in 3D-HEVC [83], [84]. In order to reduce
the complexity of simplified depth coding (SDC), in [83] it is suggested to perform intra
prediction at a subsampled level. In [84], a gradient-based complexity reduction algorithm is
proposed for depth-maps Intra prediction of 3D-HEVC. This method applies a gradient based
filter in the encoding block borders to anticipate the best positions for evaluating
Wedgelets. Although the methods mentioned above reduce the computational complexity of
different procedures of 3D-HEVC, they do not deal with the computational complexity of the
exhaustive mode search and motion estimation, two of the most complex processes of 3D-HEVC
encoding.
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1.2 Thesis Contributions
In this thesis, we present novel methods designed to reduce the computational complexity of
the SHVC and 3D-HEVC standards. Our methods are implemented on MPEG’s SHVC reference
software model (SHM) and 3D-HEVC reference software test model (3D-HTM). As such, our
contributions are ready to be used by the industry. Note that all our methods are introduced at the
encoder side with the decoder left untouched. The performance of our methods is compared with
that of the unmodified reference codecs in terms of execution time and compression
performance, as recommended by MPEG. Related contributions were submitted and presented at
the ITU/MPEG meetings.
In Chapter 2, first an adaptive search range adjustment method is proposed for spatial
scalability, which reduces the number of search points in motion estimation. In Section 2.2, a
probabilistic method is presented for quad-tree partitioning of spatial SHVC, which predicts the
CU size and thus reduces the complexity of the quad-tree. Finally, we use the combination of
these two methods to reduce the overall complexity of spatial scalability. Unlike the existing
methods, which can only reduce the complexity of intra prediction, the combination of our
methods reduces the computational complexity of inter prediction as well as the intra prediction.
Even in the case of only intra prediction, our probabilistic based quad-tree partitioning method
outperforms the existing methods. Experimental results show that the combined method
outperforms every other existing method and reduces the total computational complexity of
SHVC by more than 39.25%.
In Chapter 3, we present four complexity reduction schemes for the enhancement layer of
the quality extension of HEVC. In Section 3.1, a content adaptive complexity reduction scheme
is proposed which reduces the mode search by introducing an early termination approach as well
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as the motion estimation number of search points for quality SHVC. Results show that our
content adaptive complexity reduction method reduces the total encoding time about 29.93% on
average at the cost of 1.22% bitrate increase for EL1 and 2.37% bitrate increase for EL2. In order
to further reduce the complexity of the search mode, in Section 3.2, we design three mode
prediction schemes for quality scalability. First, in Section 3.2.1, using statistical analysis we
propose a hybrid complexity reduction scheme for mode prediction. Performance evaluations
show that our hybrid complexity reduction scheme reduces the total encoding time about 48.49%
at the cost of 2.10% bitrate increase for EL1 and 3.05% bitrate increase for EL2, on average. Our
study also indicates that the correlation between the content and the coding configuration of the
training and the test videos determines the efficiency of the hybrid complexity reduction scheme.
In order to reduce this dependency, in Section 3.2.2, we present a Bayesian based mode
prediction method for quality SHVC, which uses a set of probabilistic models and the encoding
information of the early frames of each scene to reduce prediction error. This method achieves
the total encoding time reduction of 36.84% at the cost 1.63% bitrate increase for EL1 and
2.12% bitrate increase for EL2, on average. In order to further improve the efficiency of our
Bayesian based method, in Section 3.2.3, we propose an online-learning based inter/intra mode
prediction method which is an extension of the Bayesian method. This method gradually finetunes its model during the course of encoding. Unlike the methods proposed by other researchers
for SHVC’s complexity reduction [61]–[63], the methods proposed in Sections 3.2.2 and 3.2.3
use a set of probabilistic models for mode prediction that is updated for each new video, making
them adaptively fine-tuned for new content and different coding configurations. Our results show
that our online-learning based mode prediction method reduces the computational complexity of
SHVC’s encoder about 45.40% at the cost of 0.67% bitrate increase for EL1 and 1.13% bitrate
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increase for EL2, a significant improvement over our previous methods and the state-of-the-art
complexity reduction scheme (the early merge mode detection method) proposed in [28]. Finally,
we combine our best mode prediction approach (online-learning based mode prediction method)
with the content adaptive complexity reduction scheme. The combined method reduces the total
encoding time by about 51.60% at the cost of 0.86% bitrate increase for EL1 and 1.40% bitrate
increase for EL2, on average.
In Chapter 4, an adaptive search range adjustment and early termination method for
exhaustive mode search are proposed for dependent texture views of 3D-HEVC (Section 4.1). In
addition, a Bayesian based mode prediction is proposed for the exhaustive mode search process
of 3D-HEVC (Section 4.2). Unlike the 3D-HEVC complexity reduction methods proposed by
other researchers, the method presented in Section 4.2 use a probabilistic model for mode
prediction that is created using training data. Then, this probabilistic model is updated using the
coding information of early frames of each new video, improving the mode prediction accuracy.
Our experiments show that our proposed methods (Section 4.1 and Section 4.2) reduce the
execution time of 3D-HEVC’s encoder significantly. Finally, we propose an online-learning
based complexity reduction method in Section 4.3 that incorporates the two above-mentioned
methods (Section 4.1 and Section 4.2) to achieve the highest complexity reduction. Using the
online learning approach improves the prediction accuracy and augments the achieved
complexity reduction performance. For dependent texture views, our online learning approach
reduces encoding time by 67.70% on average.

21

2. Complexity Reduction Methods for Spatial Scalability
As already discussed in Chapter 1, SHVC uses all the advanced coding tools of HEVC and
the coding tools specially designed for scalable video coding to encode several ELs in addition to
the BL. One major barrier in the wide-spread adaption of SHVC standard is its computational
complexity.
The existing complexity reduction method proposed for spatial SHVC by other researchers is
only able to reduce the computational complexity of all intra coding [63]. Thus, it does not deal
with the complexity of motion estimation process of inter prediction, one the most complex
procedures of SHVC. To address this issue, in this Chapter, we propose an adaptive search
range adjustment, which reduces the computational complexity of inter prediction and thus the
complexity of the motion estimation process of spatial SHVC. This method is designed based on
statistical studies. The other main factor that contributes to the SHVC encoder complexity is
choosing the best partitioning structure for the coding tree units (CTUs). In this regard, we
propose a quad-tree partitioning method at the CU level. The proposed method uses the CTU
partitioning structure of the already encoded CTUs in the enhancement layers (ELs) and base
layer (BL) to predict the coding unit sizes of the to-be-encoded CTUs in the EL. The method
creates its probabilistic model using the training videos and it fine-tunes its model for each new
video using the early frames of the scene. Then, it uses Bayesian classifier to predict the
partitioning structure. Performance evaluations confirm that the combination of our proposed
complexity reduction schemes significantly reduces the execution time of the SHVC encoder,
while maintaining the overall quality of the coded streams.
The rest of the Chapter is divided as follows. Section 2.1 presents our adaptive search range
adjustment for spatial scalability. In Section 2.2, our quad-tree prediction method is presented.
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Section 2.3 shows our experimental results and analysis. Finally, conclusions are drawn in
Section 2.4.

2.1 Adaptive Search Range Adjustment
In the inter-prediction process, selecting a large search range leads to high computational
costs, while selecting a small search range produces poor matching results. The optimal motion
search range would result in reduced complexity without hampering the compression
performance.
The main goal of our adaptive motion search method is to decrease the computational cost of
the explicit EL motion vector search by reducing the number of examined blocks with a minimal
effect on compression performance. Two types of motion search algorithms are supported by
SHVC, namely the full search and fast search. The full-search algorithm examines all the blocks
within a search-window to find the best match. The fast motion search algorithm examines only
the blocks that are more likely to generate sub-optimal motion vectors [86]. In fast motion,
several inspection points at different distances (power of two) from the center of the searchwindow are used for motion estimation [86]. Similar to the idea of fast search, our scheme tries
to restrict the number of inspection points in EL using the BL motion information. To this end,
we first studied the relationship between the BL and EL motion vectors. A representative set of
video sequences including the four different videos (BQMall, Racehorse , PartyScene, and
Vidyo3) are encoded using the SHVC reference software (SHM. 3.0) with Random Access High
Efficiency (RA-HE) configuration (Hierarchical B pictures, Group of Pictures (GOP) size of 8,
Sample adaptive offset (SAO), and Rate distortion optimized quantization (RDOQ) are enabled).
In our experiments, we use one EL in addition to the BL. The quantization parameters (QPs)
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Table 2.1 Motion vector distribution of the EL, given the distribution of motion vector of the BL.
Appropriate SR for EL
BL's SR
|MVs|≤SR/32

|MVs|≤2*SR/32

|MVs|≤2*SR/16

|MVs|≤2*SR/8

|MVs|≤2*SR/4

|MVs|>2*SR/4

|MVs|≤SR/32

19.11%

90.60%

94.38%

98.90%

99.25%

0.75%

|MVs|≤SR/16

7.00%

16.92%

94.75%

97.72%

99.23%

0.77%

|MVs|≤SR/8

5.51%

15.85%

21.79%

92.33%

97.34%

2.66%

|MVs|≤SR/4

5.21%

17.61%

19.25%

25.20%

94.16%

5.84%

|MVs|≤SR/2

5.10%

19.39%

20.24%

22.29%

26.86%

73.14%

|MVs|>SR/2

4.19%

17.11%

34.90%

37.21%

42.10%

57.90%

used for the base layer and enhancement layer (QPB, QPE) are as follows: (22, 22), (26, 26), (30,
30) and (34, 34). The diamond fast search is used with search range (SR) of 64. In this case, only
corner points of the diamonds, which are in six different distances from the center of the searchwindow are tested. The inspection intervals include SR/25, SR/24, SR/23, SR/22, SR/2, and SR
[86].
In the case of spatial scalability, the MVs of the base layer and those of the enhancement
layer are highly correlated. The relationship between the largest MVs of the CTUs in the BL and
those of the co-located CTUs in the EL is reported in Table 2.1 for spatial ratio of 2. Note that
the statistical information reported in Table 2.1 is calculated by averaging the results obtained
from different QP settings for each video sequence. We observe that the chances the largest size
MV of each EL CTU falls into the interval two times larger than the size MV of the
corresponding BL CTUs are more than 73.14% (for the case that largest size MV falls into an
interval smaller or equal to SR/2). Based on the above observation, we propose an adaptive
search range adjustment method for the spatial scalability. The method first classifies the CTUs
within each frame in the base layer to different classes based on their motion information and
adjusts the search range of the co-located CTUs in the enhancement layer accordingly as follows
[87]:
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where SRCTU is the adjusted search range of the CTUs in the enhancement layer (the largest
coding block in SHVC is called CTU), SR indicates the search range defined in the encoder
settings (configuration file), MVs represent the motion vectors of the co-located CTU in the base
layer, and α indicates the spatial scalable ratio between the width/height of the EL and that of
BL. Note that since the resolution of EL is α times larger than the resolution of BL, to find the
co-located LCU in BL, the coordinates of CTU in EL should be divided by α (see Figure 2.1). As
(2.1) shows, the search range of the CTU in the enhancement layer is adjusted based on the
amplitude of the MVs of the co-located CTU in the base layer. Note that all the CUs within the
CTU in the enhancement layer will have the same adjusted motion search range setting. As it
can be observed from (2.1), the search range of the CTUs in the enhancement layer can become
quite small, depending on the motion information of the co-located CTUs in the base layer,

Figure 2.1 Example of the CTU in BL and four corresponding CTUs in EL, when the width and height of
the EL are two times larger than those of BL.
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which can significantly reduce the overall computational cost.

2.2 Probabilistic Approach for Predicting the Size of Coding Units
in the Quad-tree Structure of the Spatial Scalable HEVC
As mentioned before, SHVC encoder checks several tree structures to find the best CTU
partitioning structure for each CTU. Therefore, the process of determining the CTU structure is
one of the most time consuming operations of the encoder. One way to reduce this complexity is
to predict the CU sizes in the quad-tree structure of the EL CTUs so that SHVC encoder does not
need to check all the possible CU sizes in the quad-tree structure. One way of achieving this is to
use a machine learning approach that generates a model that efficiently predicts the CTU
structure of the to-be-encoded EL CTU. To achieve this goal the information of already encoded
CTUs can be utilized. In the case of SHVC, since there is a high correlation between the base
layer and the enhancement layers, we propose to use the CTU structure of the four neighboring
blocks of the current to-be-encoded CTU in the EL, its corresponding CTU (or CTUs) in the
reference layer (or layers), and its corresponding CTU in the previous frame in the EL as
predictors for the CTU structure prediction.

2.2.1 Model Generation
To generate a model, we propose to use a supervised learning. A supervised learning consists
of a training and test procedures. One of the main steps of generating our model is to find an
appropriate labeling system to translate the tree structures of the CTUs into labels (numbers) so
that they can be used in the training and test procedures. Considering the maximum depth
partitioning is set into 4 and the CTU size is equal to 64×64 in most of the SHVC configurations,
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we investigate different labeling systems. The first option for labeling system is using the actual
CTU structures (at CU level) as the labels [88]. More precisely, we can find all the possible CTU
structures and assign different numbers or symbols to each. As illustrated in Fig. 2.2.a, each CTU
of size 64×64 can be split into four blocks of size 32×32. Each 32×32 block then can be kept as it
is (Fig.2.2.b-2) or it can be split into smaller blocks in 16 possible ways (see Fig.1-b-3 to Fig.1b-18). Therefore, there are 17 partitioning structures (see Fig.2.2.b-2 to Fig.2.2.b-18) for each
32×32 block. Since the encoder can split each CTU into four blocks of size 32×32, which can
also be split to smaller blocks (17 possible options), in total there are 174+1 (=83522) possible
partitioning structures for each CTU. We call this labeling system “CTU based labeling system”.
In this system, we need a large training video dataset to cover all the possible CTU structures
given huge number of possible combinations for the predictor-CTUs structure. In this case, we
also need large memory capacity to store the model. To address these issues, we propose to
partition each frame into imaginary sub-CTUs of size 32×32 (see Fig.2.2.a). Then assign a label
(number) to each sub-CTU. If the sub-CTU does not need to be split, we assign it with number 2
as its label (Fig.2.2.b label 2). If a sub-CTU is merged with other sub-CTUs and construct a CU
of size 64×64, we assign number 1 as its label (Fig. 2.1.b label 1). Other than these two cases
there are 16 possible structures to partition a sub-CTU to CUs of different sizes as illustrated in
Fig 2.1.b (label 3 to 18). As it is observed in this labeling system the number of possible subCTU structures is reduced to 18 possible cases. This labeling system is called “sub-CTU based
labeling system” in our study. Considering the total number of labels is reduced into 18, a small
training video dataset is required to cover all possible structures given the possible sub-CTU
structures of the predictors. In this case even few number of frames can be used for training and
still cover all the cases. In addition, this labeling system makes the training process and the
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Figure 2.2 a) An example of a frame with four CTUs that each CTU is split into four imaginary sub-CTUs. b)
The labels (numbers) that show the 18 possible structures for sub-CTU partitioning and merging.

classification process faster compared to case of using CTU based labeling system. Moreover, it
reduces the memory usage significantly. Note that the sub-CTU based labeling system can be
modified for the CTU of different sizes (for the cases that the CTU sizes are different from
64×64). In this study, we call the number, which is assigned for each of the possible sub-CTU
partitioning structures (at the CU level) as a label [88].
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These labeling systems can be used for spatial scalability. In our implementation, for the
spatial scalability we assume there is one EL in addition to the BL.
Fig. 2.3 illustrates an example of a sub-CTU in the EL, whose structure needs to be predicted
using the structure (label) of its six predictor sub-CTUs (i.e., corresponding base layer sub-CTU,
its corresponding sub-CTU in the previous frame (T0=t-1), and its four neighbors in the current
enhancement layer).
The objective here is to predict the CU sizes in the CTU structure, so that the encoder is not
required to check all the CTU structures for the EL CTUs and, thus, significantly reducing the
computational complexity. This can be modeled as a supervised learning problem that is resolved
through two stages of training and testing. During the training process, the encoder encodes the
BL using the unmodified SHVC [58]. Each frame is split into several CTUs of the same size,
which in turn consist of one or more CUs. SHVC checks all the available inter/intra prediction
modes, calculates the RD cost of each mode and, at the end of the process, the CTU structure
that leads to the lowest RD cost is chosen. Each EL is also encoded using the conventional
SHVC. As in BL, all the available CTU structures are checked to find the CTU structure with the

Figure 2.3 Current EL sub-CTU (white block) and its six predictors (Gray blocks) when the spatial
scalable ratio is 2 for the spatial scalability.
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lowest rate distortion cost. For each CTU in the BL and the EL(s), the information about the subCTU labels in the BL and EL(s) is used to update the probability of each sub-CTU structure in
the current sub-CTU in EL. These conditional probabilities are later used in the testing process.
In rest of this Section, we present the mathematical foundation of our modeling. As
mentioned before, a probability can be assigned to each label of the current sub-CTU, given the
labels of its predictor sub-CTUs (i.e., P(current sub-CTU structure| predictor sub-CTU
structures)). Assume Y is the random variable corresponding to the label of the current sub-CTU
at current EL, and X is a random vector corresponding to the label of its predictor sub-CTUs. The
posterior probability Pl(Y|X) of the to-be- encoded sub-CTU at the enhancement layer, l given
the labels of the predictor sub-CTUs, can be calculated using the following Bayes rule:
/0 12|45 =

674 82 96: 1;5
61<5

,

l=1,..,L

(2.2)

In order to train our classifier, we need to determine each of the Pl(X|Y) and Pl(Y). Pl(Y) is
our prior of the label of the to-be encoded sub-CTU at the enhancement layer l (i.e., l=1 for the
EL1 and l=2 for the EL2). L shows the number of enhancement layers used. In this study, L=1
for spatial scalability. Pl(X|Y) is the class-conditional density, which defines the distribution of
data that is expected to be seen in each class. Here, Pl(X|Y) indicates the probability of the labels
of the predictor sub-CTUs, given each label of the current sub-CTU at the lth EL

(i.e.,

P(predictor sub-CTU structures| structure of current sub-CTU at lth EL)). Suppose that there are
M (M=18 in our case) different possible partitioning structures (labels) for different sub-CTUs,
which would result in M different values for the random variable Y. Also, X is a vector with N
components, each taking M possible discrete values that result in MN-1 different values for the
random vector X. In this study, N is equal to the number of predictors. Since the probability
should sum to one, the learning algorithm needs to estimate M-1 different parameters to estimate
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Pl(Y). However, estimating Pl(X|Y) requires learning an exponential number of parameters, i.e.,
M(MN-1), which is an intractable problem. Thereby, the key to use the Bayes rule is to specify a
suitable model for Pl(X|Y).
In order to overcome the above-mentioned intractability problem, we used the Naive Bayes
classifier [89]. The Naive Bayes classifier dramatically reduces the complexity of estimating
Pl(X|Y) by making a conditional independence assumption [90]. This learning algorithm assumes
that, given Y, the different members of the X vector are independent. Considering this conditional
independence assumption, Pl(X|Y) is computed as follows:
/0 14|25 = /0 14) , 4 , … , 4? |25 = ∏?
AB) /0 14A |25

(2.3)

Therefore,
/0 12|45 =

∏D
CEF 6: 1<C |;5 6: 1;5
61<5

, l=1,..,L

(2.4)

Thus, this simplifying assumption makes the representation of Pl(X|Y) simpler and reduces
the number of parameters from an exponential term to just M2N.
According to the optimal Bayes decision rule [91], the label of the posterior probability
distribution is the predicted label of the current sub-CTU. Therefore, for classifying a new X, we
use the following formula:

6: 1;BNO 5 ∏D
CEF 6: 74A 82

yH = argmax ∑S
NO

= PQ 9
/0 12 = PQ 5 ∏?
AB) /0 14A |2 = PQ 5,
4A 82 = PQ 9 = argmax
NO

D
OEF 6: 1;BNO 5 ∏CEF 6: 7

(2.5)
where ym is the mth possible value of Y. The normalization part, Pl(X), of the posterior
distribution has been omitted due to the fact that the denominator does not depend on ym. The
resulting ym is the predicted sub-CTU structure for the current to be encoded CTU.
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To find the optimal value of ym in equation 2.5, we need to know Pl(X|Y) and Pl(Y). These
probabilities are computed during the training process. One well known approach for estimating
these probabilities is using the Maximum Likelihood Estimation (MLE) [89]. The MLE estimate
for Pl(Y) is:
U
/0 12 = PT 5 = VWX0 AYQZ[\
,
V] W\^[_

?

(2.6)

where the element Nk denotes the number of observed instances of class yk. That is, Nk indicates
the number of times the labels of the current sub-CTU is equal to yk. On the other hand, the MLE
estimate for Pl(X|Y) is:
COU
/0 14A = `AQ |2 = PT 5 = VWX0 AYQZ[\
,
V] W\^[_

?

(2.7)

where Nnmk is the number of times Xn=xnm has been observed in the instances of class yk [91].
That is, Nnmk denotes the number of times the labels of the nth predictor is equal to xnm, while the
label of the current sub-CTU is equal to yk.
A major problem arising from using MLE to estimate probabilities is when Pl(X=xi|Y)=0,
which makes the Bayesian equation (2.3) equal to zero. This means that we have not considered
some possible sub-CTU structures in the training set. This is an example of over-fitting [41]. We
address this issue by employing the Maximum a Posteriori (MAP) [89] estimation. MAP
estimate is a regularization of MLE that resolves the above-mentioned over fitting problem by
incorporating a prior distribution over the parameter that we want to approximate. Since our
objective is to predict the CU sizes of the current EL, a prior distribution will be assigned using
the prior knowledge of sub-CTU structures.
Here, the distribution of the Pl(Y|X) is a categorical distribution, due to the fact that the
number of possible sub-CTU structures (labels) is more than two. Thus, the MAP estimate for
Pl(Y) is:
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/0 12 = PT 5 =

?U abU

VWX0 AYQZ[\ V] W\^[_a∑S
UEF cd

,

(2.8)

where T determines the strength of prior assumptions relative to the observed data and M is the
number of different sub-CTU structures/values that Y can take.
The MAP estimate for Pl(X|Y) is:
/0 14A = `AQ |2 = PT 5 =

?COU abCOU

VWX0 AYQZ[\ V] W\^[_a∑S
OEF cefd

,

(2.9)

where αnmk determines the strength of prior assumptions relative to the observed data and M is
the number of distinct values which Xl can take. Note that we will call αk and αnmk hyper
parameters (initial model), hereafter.

2.2.1.1 Finding Corresponding Sub-CTU in the Reference Layer
For spatial scalability, the corresponding sub-CTU in the BL is determined based on the
spatial ratio between the resolution of EL and BL (see Fig. 2.3). Suppose that (xEL,yEL) shows the
location of the top left corner of a sub-CTU in EL. Then, the location of the top left corner of the
corresponding sub-CTU in the BL is:
1`gh , Pgh 5 = ij nlmp
k

o

\

q


, j nlmp  r,
N

o

\

q

(2.10)

where r is the spatial ratio and [x] denotes the largest integer not greater than x. W denotes the
width of the CTU that is set in the configuration (in this study W=64).

2.2.2 Model Training and Testing
The first step for supervised learning is training. In this step, we need to convert the CTUstructures into numbers. If the CTU based labeling system is utilized, the sizes of the Pl(X|Y) and
Pl(Y) tables are 83522×83522 and 83522×1, respectively. Since the number of learning
parameters in the probability tables is very large, we have an over-fitting problem. We avoid this
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problem by using our sub-CTU based labeling system, reducing the size of the Pl(X|Y) and Pl(Y)
tables to 18×18 and 18×1, respectively. This means that we need only a small training dataset to
initialize our model. Our training video set is four representative sequences selected from the
MPEG dataset [92] for the HEVC call for proposals video sequences. These are: PartyScene
(832×480, 50fps), BQMall (832×480, 60fps), Racehorse (832×480, 30fps), and Vidyo3
(1280×720, 60 fps). In order to find the priors, we encode our training video sequences and store
their CTU information. Equations (2.6) and (2.7) are utilized to compute the priors (hyper
parameters). Since in the case of using sub-CTU based labeling system we can cover all the
possibilities for Pl(X|Y) and Pl(Y), we use the first second (e.g., 50 frames if the frame rate is
50fps) of the to-be-coded (test) video to fine-tune our model for the test video. We call these
frames the training frames, hereafter. More precisely, the first second of a scene is coded using
the unmodified SHVC, then the sub-CTU structure information of all the encoded frames is
utilized to fine-tune our model using (2.8) and (2.9). The fine-tuning process adjusts the model
based on the video content, the quantization parameters, and configuration.
Note that in the testing process – similar to the training process - we use the sub-CTU based
labeling system. This makes the testing process much faster than if the CTU based labeling
system was used. This is because the number of multiplications (Eq. (2.4)) required for
computing Pl(Y|X) is significantly reduced compared to case of using CTU based labeling
system. In addition, in this case, we predict the probability of only 18 sub-CTU structures and
find the most probable sub-CTU structures among only 18 structures. Therefore, the sorting
process (Eq. (2.5)) results in a negligible time-execution delay. In order to predict a sub-CTU
structure, first we use the predictor sub-CTUs that are available to predict sub-CTU structures in
the current EL CTU. In the case that none of the neighboring sub-CTUs is available, for
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prediction we use the corresponding sub-CTU in BL, the corresponding sub-CTU in the previous
EL if available, and the corresponding sub-CTU in the previous frame. In order to predict the
sub-CTUs more accurately, the probability of the suggested sub-CTU structure should be very
high. Therefore, we consider 0.95 as the probability threshold that the most probable sub-CTU
structures should reach in order to be considered as the reliable predicted structure candidates.
We use our Bayesian method with all the available predictor sub-CTUs for predicting the current
EL sub-CTU. First, the four most probable sub-CTU structure is found and, if the probability of
the first most probable sub-CTU structure is more than 0.95, then this sub-CTU structure is
suggested as the candidate sub-CTU structure. Otherwise, if the accumulative probability of the
first and second sub-CTU structures is more than 0.95, then both are suggested as the candidate
sub-CTU structures. If the first and second candidates cannot fulfill the probability condition, we
check the third and fourth structure. If they all fail, our scheme checks all the possible
partitioning structures for the to-be-encoded CTU. If sub-CTU structure candidates have been
identified for all four sub-CTUs, then the structure of that CTU may be determined.
At this point, CU size refinement may be needed, if the suggested sub-CTU predictions do
not comply with standard CTU partitioning-rules. This may happen in the case that for at least
one of the sub-CTUs, the CU size of 64×64 is suggested, and, for at least one of the other subCTUs in the same CTU, a different CU size is recommended. In this case, for each sub-CTUs
that the 64×64 size CU is suggested, the next most probable sub-CTU structure is considered as a
candidate. Afterwards, the new suggested sub-CTU structures are utilized to make the CTU
structure candidate. Then, the 64×64 size CU will also be checked.
Note that during sub-CTU structure prediction, for the case that the reference predictor subCTU and the current sub-CTU belong to the same CTU, the most probable label of the reference
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Figure 2.4 Diagram of the proposed sub-CTU structure prediction method.

predictor sub-CTU is utilized to predict the current sub-CTU structure. In this case, if for the
reference predictor sub-CTU, more than one sub-CTU structure is suggested, our method first
checks the candidate sub-CTU structures for that predictor sub-CTU. Then, based on the encoder
decision for that predictor sub-CTU, we modify the sub-CTU prediction for the current subCTU. The block diagram of the proposed CTU prediction structure is shown in Fig. 2.4. We call
the combination of the method presented and the refinement process the CTU prediction method.
Note that the unmodified SHVC will check all the possible CTU structures. For all the CUs,
the inter/intra prediction exhaustive mode search process is used. However, our proposed method
checks only a few CTU partitioning structures (at CU levels) for the EL, therefore, reducing the
complexity of the SHVC significantly.

2.3 Experimental Results and Discussions
We use eleven sequences to evaluate the performance of the proposed complexity reduction
schemes. Table 2.2 summarizes the specifications of this test dataset [92], [93]. All the methods
used are implemented in the SHVC reference software (SHM 6.1 [94]). In our implementation,
we have one EL in addition to the BL for the spatial scalability. As suggested in common SHM
test conditions [93], we test our proposed method for two spatial ratios (x1.5 and x2) [93]. The
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Table 2.2 Test video dataset specifications.
Name

Resolution

Frame Rate
(fps)

Traffic

2560×1600

30 Hz

PeopleOnStreet

2560×1600

30 Hz

Kimono

1920×1080

24 Hz

ParkScene

1920×1080

24 Hz

Cactus

1920×1080

50 Hz

BasketballDrive

1920×1080

50 Hz

BQTerrace

1920×1080

60 Hz

BasketballDrill

832×480

50 Hz

BlowingBubbles

416×240

50 Hz

BasketballPass

416×240

50 Hz

BQSquare

416×240

60 Hz

BL layer is generated by down-sampling the original video streams using the DownConvert
program in SHM 6.1.
The performance of our proposed complexity reduction methods is compared with that of the
unmodified SHVC encoder in terms of execution time, and impact on bitrate and PSNR. For the
spatial scalability, we have examined four scenarios for the EL: 1) Early Merge Decision [28]
(just for the EL), 2) Adaptive Search Range Method (ASRM) for Spatial Scalable HEVC, 3) our
proposed CTU prediction method (PCPM), and 4) The combination of ASRM and PCPM.
In our comparative study, we use the random access (RA) main [95], [96] and intra main [97]
configurations of SHVC. SAO and RDOQ are enabled [98]. The quantization parameters of the
BL and EL were set to (QPB, QPEL) = {(22, 22), (26, 26), (30, 30), (34, 34)} [93]. As
mentioned before, the ASRM reduces the complexity of motion estimation for the inter
prediction. The EMD method reduces the complexity of mode prediction step of the encoder. On
the other hand, our PCPM reduces the complexity of CTU partitioning of SHVC. Among all the
methods (ASRM, EMD, and PCPM), only PCPM is able to reduce the complexity of the SHVC
encoder under the intra main configuration, we report only the results of PCPM for the intra
main configuration.
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Table 2.3 The impact of all the methods on bitrate and PSNR for the spatial scalability under RA main
configuration.
Methods
Video Sequence

Traffic
PeopleOnStreet
Kimono
ParkScene
Cactus
BasketballDrive
BQTerrace
BasketballDrill
BlowingBubbles
BasketballPass
BQSquare
Average

Scalable
Ratio

2
2
1.5
2
1.5
2
1.5
2
1.5
2
1.5
2
2
2
2
2
1.5
2

ASRM
BD-PSNR
(dB)
-0.005
-0.023
-0.018
-0.028
-0.034
-0.051
-0.009
-0.015
-0.012
-0.017
-0.007
-0.010
-0.011
-0.033
-0.150
-0.110
-0.016
-0.041

BD-BR
1.14%
0.63%
0.10%
0.74%
0.31%
0.83%
0.15%
0.45%
0.28%
0.82%
0.25%
0.90%
0.75%
0.95%
1.25%
1.01%
0.22%
0.86%

EMD
BD-PSNR
(dB)
-0.010
-0.057
-0.026
-0.061
-0.090
-0.135
-0.024
-0.048
-0.047
-0.053
-0.059
-0.073
-0.084
-0.026
0.113
-0.220
-0.049
-0.063

PCPM
BD-BR
3.30%
1.30%
0.90%
2.08%
2.99%
4.23%
1.44%
2.52%
2.47%
2.66%
3.34%
4.26%
2.06%
1.32%
2.27%
5.94%
2.23%
2.90%

BD-PSNR
(dB)
-0.087
-0.072
-0.025
-0.047
-0.034
-0.065
-0.025
-0.039
-0.031
-0.044
-0.024
-0.039
-0.080
-0.032
-0.089
-0.059
-0.028
-0.059

BD-BR
2.85%
1.60%
0.89%
1.56%
1.13%
2.09%
1.41%
2.05%
1.68%
1.70%
1.87%
2.68%
1.88%
1.22%
1.72%
2.90%
1.39%
2.02%

PCPM+ASRM
BD-PSNR
(dB)
-0.089
-0.079
-0.031
-0.058
-0.044
-0.084
-0.027
-0.044
-0.035
-0.052
-0.026
-0.042
-0.085
-0.046
-0.124
-0.094
-0.033
-0.073

BD-BR
3.12%
1.76%
0.92%
1.83%
1.21%
2.36%
1.44%
2.19%
1.77%
2.07%
1.94%
2.97%
2.16%
1.59%
2.20%
3.28%
1.45%
2.32%

The results of our experiment are reported in Table 2.3, Table 2.4, Table 2.5, and Table 2.6.
For each method, we report the time reduction percentage compared to the unmodified SHVC
encoder, the impact on the bitrate (Bjontegaard delta rate (BD-BR) [99]), and the video quality in
terms of PSNR (BD-PSNR [99] in dB). For spatial scalability, two time reduction percentage
values are reported, the time reduction percentage of the EL and total time reduction percentage
(BL+EL). In our experiment we used a Blade with an Intel Xeon X5650 6-core processor,
running at 2.66GHz, and 8-GB RAM from the Bugaboo Dell Xeon cluster from WestGrid (a
high performance computing consortium in Western Canada). In Tables III and V we report the
CU size prediction accuracy (Acc%) of our CTU prediction method. The Acc% was computed
using the following formula:
stt% =

∑~]B) ∑}B)

∑x uvw
xyz ×|vw
∑x uvw
xyz

}×~

xyz

× 100%,

(2.11)
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where CUijf indicates the ith CU of the jth CTU of the fth frame of the test video. xyz represents

the area (number of pixels in width × number of pixels in height) of the CUijf. xyz is equal to

one if the CU size of CUijf is predicted correctly (otherwise xyz = 0). J and F are the total
number of CTUs in each frame and total number of frames of the test video, respectively.
Table 2.3 shows the BD-PSNR and BD-BR results for the spatial scalability for the random
access configuration. For the spatial scalability of scalable ratio 1.5, we observe that if the EMD
is used, the average BD-BR value is about 2.23% for EL (see Table 2.3). For this method, the
average EL execution time and average total (BL+EL) execution time reductions are 57.97% and
37.40%, respectively. ASRM achieves an average of 24.61% time reduction for the EL and
14.95% time reduction for BL+EL compared to the unmodified SHVC. The average BD-BR
value for ASRM is 0.22%. Our proposed PCPM method reduces the EL execution time by an
average of 67.87% at the cost of 1.39% bit-rate increase compared to the unmodified SHVC
encoder (see Tables 2.3 and 2.4). Our method decreases the total execution time for BL+EL by
44.45% on average. The time reduction achieved by our proposed CTU prediction method for
the EL and BL+EL are on average 9.91% and 7.05% compared to EMD (see Table 2.4),
respectively. Compared to the ASRM, the time reduction performance of the CTU prediction
method is 43.26% and 29.51% for EL and BL+EL, respectively. We can also observe from
Tables 2.3 and 2.4 that PCPM+ASRM achieves EL execution time reduction of 74.86% at a cost
of 1.45% average bitrate increase for EL. For the same combination, the total (BL+EL) time
reduction percentage is 51.31%, on average.
Tables 2.3 and 2.4 also show the results of the spatial ratio of 2 for the random access
configuration. ASRM achieves an average of 21.92% time reduction for EL and 17.66% for
BL+EL compared to the unchanged SHVC. This method leads to a 0.86% average bit-rate
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increase. The EMD method reduces the coding execution time by 50.98% for EL at the cost of
2.90% increase in BD-BR. This method reduces the total execution time (BL+EL) by 41.20%
compared to the unmodified SHVC. The proposed CTU prediction method decreases the EL
execution time by 58.42% at a BD-BR cost of 2.02%, on average. Our PCPM achieves a total
Table 2.4 The impact of all the methods on percentage of execution time reduction (TR%) for the spatial scalability
(under the random access main and intra main configurations) and the CU size prediction accuracy (Acc%) of the
PCPM method.
Random Access Main
Video Sequence

Traffic
PeopleOnStreet

Scalable Scalable
Ratio
layer

2
2
1.5

Kimono
2
1.5
ParkScene
2
1.5
Cactus
2
1.5
BasketballDrive
2
1.5
BQTerrace
2
BasketballDrill

2

BlowingBubbles

2

BasketballPass

2

BQSquare

2
1.5

Average
2

All-intra Main

Methods
ASRM

EMD

PCPM

PCPM

PCPM+ASRM

TR%

TR%

TR%

Acc%

TR%

TR%

Acc%

EL

30.56%

67.82%

88.59%

73.44%

78.10%

94.11%

Total

24.65%

59.37%

62.93%

EL
Total

16.97%
13.41%

65.37%
51.67%
35.71%

60.21%
47.59%

63.10%
50.22%

94.39%

73.98%

70.86%

96.67%

39.26%

50.25%

54.82%
91.42%

28.23%

55.72%
44.44%

93.01%

EL

27.03%

62.78%

66.26%

Total

14.32%

33.20%

35.15%

EL

24.54%

56.00%

58.42%

Total

19.63%

44.89%

46.81%

EL

29.81%

64.93%

70.36%

Total

20.63%

45.51%

49.35%

EL

27.70%

62.85%

64.17%

Total

22.31%

50.62%

51.71%

EL

22.75%

60.34%

74.80%

Total

9.50%

42.92%

EL
Total

21.01%
16.68%

36.39%
56.56%

91.62%
93.15%
88.41%
91.73%

64.27%
51.72%

88.94%

45.46%

92.14%

EL

17.35%

41.48%

62.84%

Total

11.49%

28.77%

47.26%

EL

15.85%

39.10%

44.09%

Total

12.64%

31.12%

35.18%

EL

26.11%

60.31%

65.11%

Total

18.79%

43.14%

47.59%

EL

23.00%

60.34%

64.20%

Total

18.86%

49.28%

52.79%

EL

25.75%

45.29%

57.83%

Total

20.88%

46.56%

EL
Total

17.20%
14.85%

36.73%
40.33%

92.33%
90.14%
89.54%
90.22%

51.28%
43.98%

92.95%

34.82%

90.84%

EL

22.28%

38.36%

54.51%

Total

17.43%

30.32%

44.61%

EL

20.12%

55.13%

59.71%

Total

16.13%

45.61%

50.59%

EL

24.61%

57.97%

67.87%

Total

14.95%

37.40%

44.45%

EL

21.92%

50.98%

58.42%

Total

17.66%

41.20%

47.67%

88.39%
92.03%
90.30%

67.24%

72.32%

57.80%

58.71%

78.12%

67.51%

54.80%

48.49%

73.51%

65.51%

60.19%

53.39%

94.01%
93.22%
92.95%

79.99%

65.91%

57.93%

47.27%

71.75%
58.02%

71.45%
58.27%

93.28%

68.80%

68.88%

93.82%

51.37%

50.25%

52.90%

68.61%

42.22%

50.82%

73.39%

64.88%

53.18%

47.68%

71.75%

63.01%

59.02%

50.82%

95.22%

89.57%
93.11%
91.42%

67.58%

53.28%

54.81%

43.91%

59.16%
50.41%

54.48%
45.08%

92.76%

63.48%

50.73%

90.91%

51.94%

41.82%

67.28%

52.17%

57.01%

43.67%

74.86%

67.61%

51.31%

48.79%

66.21%

63.95%

54.40%

51.57%

90.39%

96.01%
94.41%
92.94%
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(BL+EL) execution time reduction of 47.67% compared to the unmodified SHVC. Compared to
EMD, the time reductions achieved by the PCPM method for EL and BL+EL is 7.44% and
6.46%, respectively. Compared to the ASRM, PCPM reduces the execution time for the EL by
36.50% and for BL+EL by 30.01%. The PCPM+ASRM combination reduces the EL execution
time by 66.21% at the cost of 2.32% bit-rate increase, on average. The same combination yields
an average time reduction of 45.40% for BL+EL.
As can be seen in Table 2.4, for the random access main configuration and spatial scalability,
among all the testing scenarios, the combination PCPM+ASRM for the spatial scalability
outperforms every other method in terms of time reduction at the expense of a small bit-rate
increase. In addition, we can also observe that the CU size prediction accuracy of our PCPM is
more than 90% on average.
For the intra main configuration, as illustrated in Tables 2.4 and Table 2.5, for the spatial
scalability of ratio 1.5 under the intra main configuration, our PCPM method reduces the EL
coding execution time by an average of 67.61% compared to unmodified SHVC, at an average
cost of 0.29% bitrate increase. PCPM also reduces the average execution time for BL+EL1+EL2
by 48.79%. For the spatial scalability of ratio 2 under the intra main configuration, the PCPM
method achieves EL time reduction of 63.95% at a cost of 0.79% increase in BD-BR, on
average. Our PCPM reduces the BL+EL1+EL2 total execution time of 51.57%. The CU size
prediction accuracy of the PCPM method is more than 90% on average for the intra-main
configuration, exactly the same as that of the random access main configuration.
In summary, our proposed CTU prediction scheme significantly reduces the execution time
of the quality and spatial scalability with minimal effect on the bit rate/quality of the coded
video.
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Table 2.5 The impact of the PCPM method on bitrate and PSNR for the spatial scalability under intra
main configuration.

Video Sequence

Traffic
PeopleOnStreet
Kimono
ParkScene
Cactus
BasketballDrive
BQTerrace
BasketballDrill
BlowingBubbles
BasketballPass
BQSquare
Average

Scalable
Ratio
2
2
1.5
2
1.5
2
1.5
2
1.5
2
1.5
2
2
2
2
2
1.5
2

PCPM
BD-PSNR (dB)
-0.010
-0.013
-0.002
-0.007
-0.020
-0.017
-0.020
-0.019
0.016
0.055
-0.019
-0.034
-0.076
-0.053
-0.088
-0.013
-0.009
-0.025

BD-BR
0.20%
0.23%
0.05%
0.19%
0.47%
0.41%
0.10%
0.57%
0.47%
1.87%
0.38%
0.84%
1.52%
1.13%
1.55%
0.17%
0.29%
0.79%

2.4 Conclusions
The focus of this Chapter is on developing complexity reduction schemes for spatial SHVC
encoder. First we propose an adaptive search range adjustment for the inter prediction process in
spatial SHVC. Then, a quad-tree prediction method at CU level for the spatial SHVC is
proposed. The proposed method uses the coding tree unit (CTU) partitioning structures (at the
coding unit level) of already encoded CTUs in the base layer, current enhancement layer (EL),
and the previous EL (if available) as the predictors for the CTU structures of to-be-encoded
CTUs in the current EL. Our scheme utilizes the Bayesian approach to predict the coding unit
sizes of the CTUs of the enhancement layers. In order to translate the CTU structures of the
predictors into numbers (labels), we introduce a new labeling system. This labeling system
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allows us to use a small training dataset, making modeling possible. The resulting model can be
fine-tuned during its implementation using a few frames of the incoming video. In this case, the
number of learning parameters is reduced significantly compared to the case that the actual CTU
based labeling system is used. Our labeling system also makes the training and testing processes
faster than those of the actual CTU based labeling system. The performance of the proposed
methods was tested over a representative set of video sequences and was compared against the
unmodified SHVC encoder as well as the state-of-the-art complexity reduction scheme and
combinations. In summary, our final combined scheme outperforms the state-of-the-art method
in term of total complexity reduction by 13.20%, on average. It also, reduces the total encoding
execution time compared to the unmodified SHVC by more than 39.26% on average, while
barely hampering the overall bitrate.
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3. Complexity Reduction Methods for Quality Extension of SHVC
For the quality scalability, there are one base layer (BL) and one or more enhancement layer
(EL) of different qualities (better than BL). In receiver side the base layer will be decoded and
based on the capacity of the channel and the display, zero or one or more number of ELs will be
decoded to show 2D contents with better qualities. The ELs and BL contain the same video of
different qualities. Therefore, by utilizing the correlation between the BL and ELs we can speed
up the process of encoding ELs.
In this Chapter, first we present a content adaptive complexity reduction scheme for quality
scalability. This scheme utilizes the correlation between the enhancement layers and the base
layer to minimize redundant computations while encoding the enhancement layer. The presented
scheme adaptively adjusts the motion search range in the enhancement layer based on the motion
vector information of the base layer and implements an adaptive early-termination approach for
inter and intra prediction mode search in the enhancement layer.
The complexity of SHVC is mainly because of inter/intra prediction mode search of the
coding units. In this regard, we propose three different schemes for mode prediction of quality
SHVC. First, we propose a hybrid mode prediction scheme based on statistical studies that are
conducted on the training data. The efficiency of this scheme is determined by the correlation
between the content and coding configuration of the training and test videos. To reduce this
dependency, a content adaptive fast mode assigning method based on the Naive Bayes classifier
is proposed which uses the mode information of the corresponding BL CU and the four
neighboring blocks in EL for mode prediction. This method (the second mode prediction
method) makes a probabilistic method using the training videos. For the test video, the model is
fine-tuned using the mode information of the first second of the new scene. In order to improve
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the mode prediction accuracy and complexity reduction performance of the second mode
prediction method, we propose an online-learning based mode prediction method. The proposed
method uses the probabilistic approach and Bayesian classifier to predict the inter/intra modes of
CUs in the ELs. Similar to the second mode prediction method, the probabilistic model uses the
modes of the corresponding block in the BL and the four neighboring blocks in the EL.
However, our online-learning based mode prediction method uses more coding information, i.e.
the mode and motion information of the co-located block in the previous frame in the EL, to
build the probabilistic model compared to the second mode prediction method. Unlike the Naive
based fast mode assigning method, our method uses an RD cost threshold and a probability
threshold to improve the prediction accuracy. The big advantage of our proposed scheme is that,
unlike the second mode prediction method which does not use online-learning, our scheme uses
gradually fine-tuned probabilistic modeling based on content and the quantization parameters.
Our proposed scheme finds the mode with the lowest RD-cost for EL CUs by checking a smaller
number of modes compared to the second mode prediction method. Unlike Naive based fast
mode assigning method which uses unmodified SHVC for the first second of each scene, the
proposed scheme is able to start decreasing the complexity much earlier, depending on the video
content. Finally, we combine our best mode prediction approach (online-learning based mode
prediction) with our content adaptive complexity reduction scheme to achieve higher
performance.
The rest of Chapter is organized as follows. In Section 3.1 a content adaptive complexity
reduction scheme is presented. In Section 3.2.1, a hybrid complexity reduction scheme is
proposed for mode prediction process. Section 3.2.2 presents our Naive based fast mode
assigning method proposed for quality SHVC. In Section 3.2.3, online-learning based mode
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prediction method is proposed. Experimental results are presented in Section 3.3. Finally,
conclusions are given in Section 3.4.

3.1 Content Adaptive Complexity Reduction Scheme for Quality/
Fidelity Scalable HEVC Based on Rate Distortion Prediction
Considering that HEVC is already highly complex, it is inevitable that the scalable extension
also to inherit its complexity. Thus, one of the important factors that will lead to a widespread
adoption of this emerging standard is reduction of its complexity by addressing cost efficiency
and power requirements, which will allow it to be used for a variety of real-time applications.
The focus of this Subsection is to reduce the complexity of SNR/Quality scalable HEVC by
minimizing the redundant computations involved in intra and inter prediction process while
encoding the enhancement layer. The following Subsections elaborate on the proposed scheme.

3.1.1 Adaptive Search Range Adjustment
In the inter prediction process, selecting a large search range leads to high computational
costs, while selecting a small search range produces poor matching results. The optimal motion
search range would result in reduced complexity without hampering the compression
performance.
In the case of scalable video coding, this may be possible since there is a correlation between
the base layer and the enhancement layer, the MVs of the base layer and those of the
enhancement layer are also correlated. In our study we utilize this correlation to select the proper
motion search range for the enhancement layer based on the motion information of the base
layer. Our approach is inspired by the scheme proposed for the existing H.264/SVC standard in
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[46]. We classify the CTUs within each frame in the base layer to three different groups: 1) with
homogeneous motion, 2) with moderate motion, and 3) with complex motion. This is achieved
by defining the motion vector deviation (so called MV homogeneity) of each CTU as follows
[46]:

"#Q,A = "#`Q,A + "#PQ,A
"#`Q,A =
"#PQ,A =
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(3.1)
where T is the total number of MVs assigned to all CUs within the CTU. MVHm,n indicates the
motion homogeneity of the CTU. MVHxm,n and MVHym,n are the horizontal and vertical
components of MVHm,n. m and n are the coordinates of the CTU, mvxi,j and mvyi,j are the
horizontal and vertical components of motion vector of the CU with the coordinates of (i, j),
respectively. Once the motion vector deviation of each CTU is available, we can classify the
CTUs as follows:
"#

"#Q,A < ) ∶ CTU ∈ region with homogeneous motion
=  ) ≤ "#Q,A <  ∶ CTU ∈ region with moderate motion
"#Q,A ≥ 
∶ CTU ∈ region with complex motion

(3.2)

where MVHCCTU indicates the motion vector homogeneity class of the CTU. T1 and T2 are the
threshold values defined based on the average motion vector homogeneity (MVHave) of the whole
frame as follows [46]:
)

= "#X¡[ ,




= 0.5 × "#X¡[
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where M and N are total number of CTU rows and columns respectively in each frame. In order
to design a search range adjustment method, we conduct statistical studies on coding information
of our training data. The search range intervals are chosen similar to Section 2.1 in Chapter 2. In
this regard, five training video sequences (PartyScene (832×480, 50fps), BQMall (832×480,
60fps), BQSquare (416x240, 60fps), BlowingBubbles (416x240, 50fps), and Vidyo3 (1280×720,
60 fps)) are encoded using SHM 3.0. The quantization parameters (QPs) used for the base layer
and enhancement layer (QPB, QPEL) are as follows: (26, 22), (30, 26), (36, 32) and (40, 36).
The relationship between the largest MVs of the CTUs in the EL and the motion homogeneity
class of the co-located CTUs in the BL is reported in Table 3.1. Note that the statistical
information reported in this table is calculated by averaging the results obtained from different
QP settings for each video sequence. As can be seen, for the case that the BL CTU belongs to the
region with homogeneous motion, the chance of having largest MV that is less than or equal to
SR/16 is more than 90%. Similarly, for the case that the BL CTU belongs to the region with
moderate motion, the chance of having largest MV that is less than or equal to SR/4 is more than
90%.

Based on the results presented in Table 3.1, the motion search range for the co-located

CTU in the enhancement layer is adaptively adjusted as follows [100]:

Table 3.1 Motion vector distribution of the EL, given the motion vector homogeneity of the BL.
Appropriate SR for EL
BL's MVHC

|MVs|≤SR/32

|MVs|≤SR/16

|MVs|≤SR/8

|MVs|≤SR/4

|MVs|≤SR/2

|MVs|>SR/2

Region with homogeneous motion

75.10%

92.90%

95.00%

95.40%

99.20%

0.8%

Region with moderate motion

33.30%

71.40%

81.90%

90.90%

92.90%

7.1%

Region with complex motion

32.20%

35.70%

39.20%

41.20%

43.30%

56.7%
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where SR is the defined motion search range for the base layer and SR is the adjusted search
range of the CTU in the enhancement layer. Note that depending on the class of the CTU in the
base layer, the search range of the co-located CTU in the enhancement layer is adjusted, and all
the CUs within that CTU will have the same adjusted motion search range setting. As it can be
observed from (3.4), the search range can become quite small, depending on the type of the
CTU. Taking into account that there might be several CUs (up to 64) within a CTU, this scheme
will significantly reduce the computational cost.

3.1.2 Early Termination Mode Search
Note that during inter prediction in HEVC, the encoder goes through all three inter prediction
modes, first checking for the skip and merge modes, which are computationally less expensive
compared to the explicit motion vector encoding process. Our objective here is to implement
early termination (ET) mode-search, so that the encoder does not need to go through all the
modes, thus significantly reducing the computational complexity.
The HEVC encoder, in the inter/intra prediction mode selection process, calculates the RD
cost for each mode and the one with minimum RD cost is selected. In mode search, if the RD
cost of the current to-be-coded CU in the enhancement layer is predicted from the already coded
CUs in the base layer and enhancement layer, once the RD cost of a mode is close or equal to the
predicted RD cost, the mode search can be terminated. This will significantly reduce the
computational complexity. In order to find a prediction for the RD cost of the current CU in the
enhancement layer, the RD cost of the already coded CUs in the enhancement layer and that of
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their co-located CUs in the base layer is utilized. Figure 3.1 shows an example of the
arrangement of the CUs whose information is utilized to predict the RD cost of the to-be-coded
CU in the enhancement layer. The neighboring CUs in the enhancement layer are similar to the
candidates that HEVC chooses for the merge mode motion search. Inspired by [46], we assume
that there is an additive model between the RD cost of the CUs in the enhancement layer and
their co-located CUs in the base layer as follows [100], [101]:
§t $¨©ª«¬x® = ¤ ¯°V_Wg² + ) ¯°V_Wgm +  ¯°V_Wg²m +  ¯°V_Wg²³  ∗ §t $ µ° (3.5)
¯°V_W±

²

¯°V_W±

m

¯°V_W±

²m

¯°V_W±

²³

where RDcostECpredict is the predicted RD cost of current CU in the enhancement layer, RDcostBc
is RD cost of the co-located CU in the base layer, RDcostET, RDcostEL, RDcostETL and
RDcostETR denote the RD cost of the four spatial neighbors of the current CU (see Figure 3.1 for
the arrangement of CUs), RDcostBT, RDcostBL , RDcostBTL and RDcostBTR are the RD cost
values of the corresponding CUs in base layer, and α1,α2 and α3 are weighting constants. We
compute these weighting constants in the following Subsection.
Once the predicted RD cost for the current CU is available, we define a threshold for early
termination of mode search in the enhancement layer as follows:
Thr = min(RDcostET, RDcostEL,RDcostETL, RDcostETR,RDcostECpredict)

(3.6)

Basically, using this threshold the encoder instead of testing all the modes, it terminates the
mode search if the RD cost of a mode is less than the threshold, and selects that mode as the best

Figure 3.1 Current CU and its four spatial neighbors of base layer and Enhancement layer.
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one. Otherwise, it continues testing other modes till this criterion is met. Note that this scheme is
applied to the CUs with at least two already-coded neighboring CUs.
In the case where the size of co-located CUs in the base layer is not similar to the one in the
enhancement layer, the RD cost of the co-located CU is normalized to its size and the RD cost
used in our calculation is updated as follows:
§t $A = §

¶l ×·l

q¸ ×¹¸

+ ºg ∗ µ

(3.7)

where WB and HB are respectively the width and height of the co-located CU in the base layer, wE
and hE is the width and height of the current CU in the enhancement layer, λB and B are the
Lagrangian constant value and the bit-cost of the co-located CU in the base layer respectively,
and RDcostn is the RD cost value to be used in finding the predicted RD cost and the threshold.
HEVC intra prediction coding tool provides up to 35 directional prediction modes including
DC and Planar modes for luma component of each PU. Number of modes which HEVC checks
to find the best RD cost depends on the size of the PUs [4]. The threshold defined in (3.6) is also
used in intra prediction of the enhancement layer to further reduce the complexity of encoder.
Fig. 3.2 provides a block diagram of our proposed complexity reduction scheme.

3.1.2.1 Determining Weighting Constants
In order to find the proper weighting constants in equation (3.5), the Linear Least Square
method is used. Our objective is to minimize the difference between the predicted RD cost and
the real RD cost of the best mode (without using ET) for the current to-be-coded CU in the
enhancement layer. Our objective is formulated as follows:
 ^ =  ¦bx |( −  ½ ) |, i=0,1,2,3

(3.8)
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where S is a matrix that contains the real RD cost values of the best modes selected by HEVC for
the current CU in the enhancement layer (RDcostEC) divided by RDcostBC, S′ denotes a matrix
which contains the predicted RD cost of the current CU (RDcostECpredict)divided by RDcostBC.
We can re-write S′ as follows:

()) , () , () , (),
Á () , ( , ( , (, Ä
À
.
.
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where
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i=1,2,3,…,n

Thus, the weighting constants are calculated as follows:

s = (¾  ¾)) ¾  

(3.10)

We use a train dataset (five representative video sequences) to calculate the weighting

constants. These sequences include: PartyScene (832×480, 50fps), BQMall (832×480, 60fps),
BQSquare (416x240, 60fps), BlowingBubbles (416x240, 50fps), and Vidyo3 (1280×720, 60 fps)
[92]. We code the video streams, record the real RD cost values, calculate the predicted RD cost
based on equation (3.5), and find the weighting constants based on equation (3.10). In the case
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Figure 3.2 Block diagram of our content adaptive complexity reduction scheme.
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that all four spatial neighbors (T, L, TL and TR) are available (see Fig. 3.1), the estimated
weighting constants are as follows: [α0,α1,α2,α3] = [0.35, 0.32, 0.16, 0.17]. When RDcostETR is
not available, [α0,α1,α2,α3] = [0.4505,0.4055,0.1404, 0]. If RDcostETL is not available – which
means that the RDcostEL is not available either -we use two upper neighbors to predict the RD
cost, and the weighting constants are [α0, α1, α2, α3] = [0.5194, 0, 0, 0.4806]. The weighting
constants of the top and left neighboring CUs when available are larger than the others, denoting
that they are more correlated with the current CU.

3.2 Mode Search Complexity Reduction Schemes
In Section 3.1 a content adaptive complexity reduction scheme is proposed. In this Section
three mode prediction schemes are proposed. In 3.2.1, the first scheme, hybrid complexity
reduction scheme, is proposed based on statistical studies which are conducted on the training
data. The efficiency of this scheme is determined by the correlation of the content and the coding
configuration of the training and the test videos. In order to reduce this dependency, we propose
the second scheme based on Bayesian approach. The second scheme, which is presented in
Section 3.2.2, creates the initial probabilistic model using the training data. Then, for the test
video the first second of the scene is utilized to fine-tune the initial model which reduces the
dependency of the probabilistic model on the training data. For the rest of the frames the second
scheme uses Naive based classifier. In order to improve the efficiency of the second mode
prediction scheme, we propose the third mode prediction scheme. Similar to the second scheme,
the third scheme creates initial probabilistic model using the training videos. The third scheme
uses online-learning approach which updates the initial model during the course of encoding.
Note that the fine-tuning process in the second scheme and online-learning approach updates the
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model for the new scene and the encoding configuration. The online-learning mode prediction
approach is presented in detail in Section 3.2.3.

3.2.1 Mode Search Complexity Reduction Scheme Based on Statistical Studies
The focus of our study is to reduce the complexity of the SNR/Quality scalable HEVC by
minimizing the redundant computations involved in the intra and inter prediction process. This
scheme aims at achieving real-time coding and transmission of several quality versions of the
same video content, allowing for cost effective universal access of digital media. In summary, in
this work we first introduce two different and independent complexity reduction methods,
followed by a hybrid method that consists of a suitable combination of those two methods that
results in the best possible performance. First, two EL early mode prediction methods are
proposed; one of them utilizes correlations between different CUs belonging to the same quadtree structure in each EL CTU and the other one uses the correlation between the mode of EL
CUs and the mode information of the corresponding CUs in the reference layer to predict the
mode of the to-be-coded CU in the EL. Note that EL represents two enhancement layers, EL1
and EL2. Finally, a more advanced complexity reduction scheme is proposed that appropriately
combines the two early mode prediction methods into a hybrid method, leading to the best
performance overall. The following Subsections elaborate on our proposed schemes.

3.2.1.1 EL Early Mode Prediction Methods
One way of reducing the complexity of SHVC is to predict which modes are more likely to
be the best modes for the CUs in EL and only check those modes [102]. To this end, we
introduce two mode prediction (MP) methods described in the following Subsections.
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3.2.1.1.1 EL Early Mode Prediction (MP) Method Based on Quad-tree Mode Information
SHVC, inheriting the quad-tree structure of HEVC, first divides each frame into several
CTUs of the same size. In this study, the random-access main configuration of SHVC is utilized
and the CTU size is set to 64×64. Each 64×64 CTU is subdivided into four 32x32 CUs in the
first depth layer of the quad-tree structure [4], [5]. Here we consider the CTU to be the parent of
all the CUs in the first depth layer. In the second depth layer of the quad-tree, each CU of the
first depth layer (called parent) can be split into four CUs (called children). Accordingly, a CU in
the second depth layer of the quad-tree can be split into four CUs in the third depth layer. Fig.
3.3 illustrates a CTU and its four-layer quad-tree structure. As it is observed in Fig. 3.3, the CUs
at each depth level are part of the parent CU in the lower depth level. This relationship leads to
high correlation between the information of the children CUs and the parent CUs (the blue-color
CU in Fig. 3.3 is correlated with tan-color CUs). Note that we call all the corresponding CUs in
the previous depth layers of the same CTU the parent CUs for each to-be-coded CU. In this
approach we focus on decreasing the computational complexity of encoding CUs in the EL based
on the quad-tree mode information. A representative set of video sequences including the five
different videos (our training sequences) are encoded using the SHVC reference software (SHM.
6.1) with random access main configuration (Hierarchical B pictures, GOP size of 8, SAO, and
RDOQ are enabled). In our study, we have two ELs (enhancement layer 1 (EL1) and
enhancement layer 2 (EL2)) in addition to the BL. The quantization parameters (QPs) used for
the base layer and enhancement layers (QPB, QPEL1, QPEL2) are as follows: (26, 22, 18), (30,

Figure 3.3 The parent CUs in different quad-tree depths (Tan blocks) of a CTU, which can be used for
predicting the mode of the first CU at depth 3 (Blue block).
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26, 22), (34, 30, 26) and (38, 34, 30). These training video sequences include: PartyScene
(832x480, 50fps), BQMall (832x480, 60fps), BlowingBubbles (416x240, 50fps), and Vidyo3
(1280x720, 60 fps). During encoding the training video sequences, the mode information (with
the lowest RD cost) of all the CUs belonging to the same quad-tree in the EL is recorded. This
information is available as the SHVC encoder goes through all possible modes for all possible
quad-tree structures in an EL CTU. In order to decrease the complexity of encoding ELs, we use
our statistical results to suggest most probable mode candidates for EL CUs. Our studies show
that in case that the merge [5] mode is the mode with the lowest RD cost for a parent CU, the
four most probable modes are the merge, Inter NxN, Inter NxN/2, and Inter N/2xN modes [5] for
the child CUs. Note that Inter NxN/2 and Inter N/2xN modes can use the inter layer reference
picture (ILRP) in addition to temporal reference picture [60]. Here, NxN indicates the size of
current CU. Table 3.2 shows the average probability of selecting the four most probable modes
(merge mode, Inter NxN, Inter NxN/2, and Inter N/2xN) for the child CUs of the EL (EL1 or
EL2) at different depth layers of quad-tree structure if the mode with the lowest RD cost for at
least one of the parent CUs in previous depth layers is merge mode. Note that the average
statistical data over different QP settings and training video sequences are reported. For the EL
(EL1 and EL2) child CUs at depth 1, there is more than 91% chance that the mode with the
lowest RD cost is merge mode or Inter NxN or Inter NxN/2 or Inter N/2xN, if the merge mode is
the mode with lowest RD cost for the parent CU. In addition, Table 3.2 shows that for the EL1
children CUs at depth larger than 1 and for the EL2 children CUs at depth 3, the probability of
having merge mode as the mode with the lowest RD cost is more than 95%, if the mode of the
parent CU is merge mode. Moreover, Table 3.2 shows that the cumulative probability of having
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Table 3.2 Average probability of using merge or Inter NxN or Inter N/2xN or Inter NxN/2 mode for coding
child CUs when merge mode has the lowest RD cost for at least one of the parent CUs.
Laye r

EL1

EL2

Mode #1

Ave rage Probability of obse rving the mode #1 for the C U in the de pth
laye r d whe n Me rge mode has the lowe st RD cost for the corre sponding
CU in the de pth laye r k
(k,d)=(0,1)

(k,d)=(0,2)

(k,d)=(0,3)

(k,d)=(1,2)

(k,d)=(1,3)

(k,d)=(2,3)

Me rge

0.846

0.950

0.976

0.973

0.983

0.987

Inte r NxN

0.022

0.009

0.009

0.005

0.005

0.004

Inte r N/2xN with ILRP

0.020

0.008

0.004

0.004

0.003

0.002

Inte r NxN/2 with ILRP

0.023

0.011

0.006

0.006

0.005

0.004

Sum

0.912

0.979

0.996

0.989

0.996

0.998

Me rge

0.810

0.891

0.962

0.891

0.971

0.966

Inte r NxN

0.028

0.024

0.016

0.026

0.013

0.013

Inte r N/2xN with ILRP

0.037

0.021

0.007

0.019

0.005

0.005

Inte r NxN/2 with ILRP

0.046

0.019

0.008

0.023

0.007

0.010

Sum

0.921

0.955

0.992

0.959

0.996

0.994

merge mode or Inter NxN mode is more than 91% for the EL2 child CU at depth 2, if the merge
mode is the mode with the lowest RD cost for the parent CU.
Our studies show that in the case that the mode with the lowest RD cost for the parent CU is
either the NxN inter layer reference (ILR) mode (with uni-prediction) [60] or Intra NxN [5],
then the most probable modes are ILR NxN, Merge and Intra NxN modes for EL CU. Note that
in ILR NxN mode (with uni-prediction), only the inter layer reference picture is utilized to
predict the current EL [60], [103]. Table 3.3 shows the cumulative probability of the ILR NxN or
Intra NxN or Merge mode having the lowest RD cost for an EL (EL1 or EL2) CU when the ILR
NxN mode or Intra NxN mode has the lowest RD cost for at least one of its parent CUs in
previous depth layers is more than 90%. Note that Table 3.3 reports the average statistical data
over different QP settings.
Based on the statistical results obtained from our experiments, we propose a mode prediction
method for CUs in the EL based on the quad-tree mode information. Fig. 3.4 illustrates the block
diagram of our proposed quad-tree based early termination (MP) method. In this approach, based
on the depth and scalable layer few modes are suggested for the current to-be-coded CU in the
EL, if the lowest RD cost corresponds to the merge mode for at least one of the parent CUs in the
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previous depth layers of the same quad-tree structure. In this case, the rest of modes won’t be
tested for the current CU. If the quad-tree depth of the to-be-coded EL (EL1 and EL2) CU is one
and the merge mode has the lowest RD cost for at least one of the parent CUs in the same quadtree, our method checks only the merge mode, Inter NxN, Inter N/2xN, and Inter NxN/2 for the
current to-be-code CU. In the case that the quad-tree depth of the to-be-coded EL1 CU is larger
than one and the merge mode is chosen for at least one of its parent CUs as the mode with the
lowest RD cost, our method only checks the merge mode for the to-be-coded EL1 CU. In the
case that the quad-tree depth of the to-be-coded EL2 CU is two and merge mode has the lowest
RD cost for at least one of the parent CUs in the same quad-tree, our method checks only the
merge mode, and Inter NxN for the current to-be-code CU. If the quad-tree depth of the to-becoded EL2 CU is three and merge mode has the lowest RD cost for at least one of the parent CUs
in the same quad-tree, our method checks only merge mode. Otherwise, if Intra NxN or ILR

Table 3.3 Probability of using ILR NxN or Merge or Intra NxN mode for coding child CUs when ILR NxN or
Intra NxN mode has the lowest RD cost for at least one of the parent CUs.
Layer

EL1

EL1

EL2

EL2

Mode #1

Intra NxN

ILR NxN

Intra NxN

ILR NxN

Mode #2

Ave rage Probability of observing the mode #2 for the CU in the depth
laye r d whe n mode #1 has the lowe st RD cost for the corresponding CU
in the de pth laye r k
(k,d)=(0,1)

(k,d)=(0,2)

(k,d)=(0,3)

(k,d)=(1,2)

(k,d)=(1,3)

(k,d)=(2,3)

ILR NxN

0.505

0.470

0.550

0.385

0.528

0.456

Me rge

0.358

0.370

0.345

0.342

0.361

0.431

Intra_NxN

0.094

0.140

0.089

0.218

0.091

0.070

Sum

0.957

0.980

0.984

0.945

0.981

0.957

ILR NxN

0.615

0.651

0.545

0.802

0.779

0.831

Me rge

0.271

0.232

0.343

0.107

0.155

0.110

Intra_NxN

0.037

0.092

0.081

0.037

0.038

0.034

Sum

0.923

0.975

0.970

0.946

0.972

0.976

ILR NxN

0.512

0.482

0.497

0.402

0.496

0.386

Me rge

0.225

0.293

0.386

0.355

0.377

0.407

Intra_NxN

0.214

0.168

0.094

0.202

0.107

0.166

Sum

0.951

0.943

0.976

0.959

0.981

0.959

ILR NxN

0.610

0.560

0.509

0.769

0.730

0.782

Me rge

0.268

0.293

0.376

0.122

0.158

0.133

Intra_NxN

0.043

0.066

0.076

0.080

0.082

0.067

Sum

0.921

0.919

0.961

0.971

0.970

0.982
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NxN has the lowest RD cost for at least one of the parent CUs in the same quad-tree, our method
checks only ILR NxN mode, Intra NxN, and the merge mode for the current to-be-code EL CU.
Note that the encoder starts from the largest size CU (quad-tree depth equal to zero) and checks
all the available modes to find the mode with the lowest RD cost. Then, for the next quad-tree
depth layer our quad-tree EL early mode prediction method is utilized to predict the mode. In
case that none of the parent CUs have a merge or ILR NxN or intra NxN as the mode with the
lowest RD cost, all the available modes will be checked. This process continues until the quadtree partitioning reaches the smallest size CU.
Note that if the depth layer is equal to zero, our method checks all the available prediction
modes to find the best mode. For each depth layer, other than the first, our method uses the mode
information of the parent CUs to predict the mode for the children CUs. Note that our method is
not able to predict the mode if the parent CUs have a mode other than the merge mode, Intra
NxN mode, or ILR NxN mode. In the case that our MP method is not able to predict the mode
with the lowest RD cost for the to-be-coded EL CU, it checks all the avialable modes for that
CU.

Figure 3.4 Flowchart of the proposed quad-tree based MP method.
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3.2.1.1.2 EL Early Mode Prediction Based on Reference Layer’s mode
In addition to using the quad-tree structure for mode prediction, the correlation between the
mode information of the CUs in the EL and the ones in the reference layer may also be used. In
this approach, we first verify the existence of such correlation by analyzing the results obtained
by encoding our training video set. These videos were encoded using SHVC reference software
(SHM 6.1) with random access main configuration (Hierarchical B pictures, GOP size of 8,
SAO, and RDOQ are enabled). The QP used for the base layer, EL1, and EL2 (QPBL, QPEL1,
QPEL2) are as follows: (26, 22, 18), (30, 26,22), (34, 30,26) and (38, 34, 30).
To verify the correlations between the mode of CUs in the EL and the mode of the
corresponding (co-located) CUs in the reference layer, a set of representative video sequences
(our training video dataset) are encoded using SHVC and the mode information (with the lowest
RD cost) of all the CUs in BL, EL1, and EL2 is recorded. Note that the BL is the reference layer
for the EL1. On the other hand, the BL and the EL1 are the reference layers for the EL2. In our
method, all the information of mode selection in BL is saved in order to be used for mode
Table 3.4 Average probability of observing the Merge mode or the Inter NxN for EL CU when the
Merge mode has the lowest RD cost for the reference layer CU at the same depth layer (with the same
size) as the EL CU.
Current
layer Reference
layer

EL1 -BL

EL2 -BL

EL 2 -EL1

mode #1

Average Probability of observing mode #1 for a CU in
the current scalable layer when the merge mode has
the lowest RD cost for the corresponding CU in the
reference layer (in depth layer d)
d=0

d=1

d=2

d=3

Merge

0.85

0.88

0.93

0.97

Inter NxN

0.04

0.03

0.01

0.01

Sum

0.90

0.92

0.95

0.98

Merge

0.74

0.85

0.92

0.96

Inter NxN

0.06

0.03

0.02

0.02

Sum

0.80

0.89

0.94

0.97

Merge

0.83

0.88

0.93

0.97

Inter NxN

0.07

0.03

0.02

0.01

Sum

0.90

0.91

0.95

0.99
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prediction when the size of the co-located CU in the BL and the to-be coded CU in the EL (EL1
or EL2) are not similar. In our study, we utilize the co-located CU in the reference layer at the
same CTU depth layer as the to-be-code EL CU to find the correlations between the BL and the
ELs.
Table 3.4 shows the average probability of selecting the merge mode and Inter NxN for the
CUs of the EL (EL1 and EL2) at different depth layers of quad-tree structure if the mode with
the lowest RD cost for the corresponding CU in the reference layer is the merge mode. Note that
the average statistical data over different QP settings and training video sequences are reported.
For each CU in the EL, the mode information of the corresponding CU (with the same size) in
the reference layer is utilized to find the probabilities. Note that in the conditional probabilities
reported in this study ‘|’ means given. The statistical results show that (see Table 3.4):
1- Average probability P(coding EL1 CU at depth smaller than two, using Merge mode or
Inter NxN mode | merge mode has the lowest RD cost for the corresponding CU in the BL at
same CTU depth layer as the EL1 CU)≥0.9
2- P(coding EL (EL1 or EL2) CU at depth larger than one, using Merge mode | merge mode
has the lowest RD cost for the corresponding CU in the reference layer at same CTU depth layer
as the EL CU)≥0.9
3- P(coding EL2 CU at depth smaller than two, using Merge mode or Inter NxN mode |
merge mode has the lowest RD cost for the corresponding CU in the EL1 at same CTU depth
layer as the EL2 CU)≥0.9
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Table 3.5 Average probability of observing different modes in EL given the mode of the reference layer CU at
the same depth layer (with the same size) as the EL CU.
Probability of observing the mode #2 for the CU in the current scalable laye r when mode #1 has the lowest RD cost
for the corre sponding CU in the refe rence layer
Mode2

ref laye r =BL, current layer =EL1

ref laye r =BL, curre nt layer =EL2

re f laye r =EL1 , curre nt layer =EL2

Mode #1=Intra
NxN

Mode #1=Intra
N/2xN/2

Mode #1=Intra
NxN

Mode #1=Intra Mode #1=Intra Mode #1=Intra
N/2xN/2
NxN
N/2xN/2

Mode #1=ILR
NxN

ILR NxN

0.642

0.671

0.617

0.664

0.411

0.292

0.829

Merge

0.295

0.302

0.294

0.297

0.352

0.529

0.070

Intra NxN

0.042

0.006

0.067

0.021

0.160

0.032

0.058

Intra N/2xN/2

0.002

0.004

0.003

0.006

0.007

0.049

0.003

Sum

0.981

0.983

0.981

0.987

0.930

0.902

0.959

However, for depth 0 and depth1, P(coding EL2 CU using Merge mode or Inter NxN mode|
Merge mode has the lowest RD cost for the corresponding CU in the BL at same CTU depth
layer as the EL2 CU)<0.9. Therefore, in these cases if the merge mode is the mode with the
lowest RD cost for the BL CU, based on our statistical studies we cannot suggest only Merge
mode and Inter NxN mode as the mode candidates for the EL2 CU.
In the next step, we investigate other modes. Table 3.5 shows the relationship between the
most probable modes (Merge, ILR NxN, and Intra modes [5]) of the EL CUs when Intra NxN or
Intra N/2xN/2 [5] or the ILR NxN mode is the mode with the lowest RD cost for corresponding
CUs in the reference layer. For each CU in the EL, the mode information of the corresponding
reference layer CU (with the same size) is utilized to find the probabilities. More specifically,
Table 3.5 shows the average probability of selecting the merge mode or ILR NxN mode or each
intra prediction modes for coding the CUs in the EL, given the mode (ILR NxN and Intra) of the
corresponding (same size) CUs in the reference layer. Similar to Table 3.4, the reported data in
Table 3.5, is average statistical results over different QP settings. The statistical results show
that in case that the corresponding CU in the BL is encoded using the Intra NxN mode, the
probability of using ILR NxN mode or Merge mode for the EL1 CU (or EL2 CU) is more than
90% at the same CTU depth layer as the BL CU. In the case that the Intra N/2xN/2 mode has the
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lowest RD cost for the BL CU, then the probability of having the ILR NxN mode or the Merge
mode for the EL (EL1 and EL2) CU (at the same CTU depth layer as the BL CU) is more than
96% on average. The statistical results also show that
1- P(coding EL2 CU using ILR NxN mode or Merge mode or Intra NxN mode| ILR NxN
mode or Intra NxN mode has the lowest RD cost for the corresponding CU in the EL1)>0.9
2- P(coding EL2 CU using ILR NxN mode or Merge mode or Intra NxN mode or Intra
N/2xN/2 mode | Intra N/2xN/2 mode has the lowest RD cost for the corresponding CU in the
EL1)>0.9.
Note, in our studies same probability patterns were observed for CUs located at different
coding depths. Therefore, in table 3.5 the average probabilities over CUs at different depths are
reported.
Based on the above observations, we propose a new mode prediction method for the EL. In
our implementation, if the mode of the BL block at depth 0 or depth 1 is the merge mode, only
the merge mode and Inter NxN mode will be checked for the corresponding EL1 CU. Our
method suggests the merge mode for EL (EL1 and EL2) CU at depth larger than one, if the
merge mode is the mode with lowest RD cost for the corresponding BL CU. For the cases in
which the corresponding CU in the BL is encoded using one of the intra prediction modes, only
the ILR NxN mode and the Merge mode will be checked for the EL CU. For the cases in which
the Merge mode is the lowest RD cost mode for the EL1 CU at depth 0 or depth 1, only the
merge mode and Inter NxN is checked for the corresponding EL2 CU. In our method, if the
merge mode is the lowest RD cost mode for EL1 CU at depth 2 or depth 3, only the merge mode
is suggested for the corresponding EL2 CU. Moreover, if the ILR NxN mode or the Intra NxN is
the lowest RD cost mode of the corresponding block in the EL1, only the ILR, Merge, and the
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Intra NxN modes are checked for the current block in the EL2. For the cases in which the
corresponding block in EL1 is encoded using Intra N/2xN/2, only the ILR NxN, merge, and all
the intra prediction modes will be checked for the current block in the EL2.
Note that if the corresponding CU in the BL has a mode other than merge and Intra modes,
the EL early mode prediction based on the reference layer’s mode is not able to suggest the mode
for EL1 CU and EL2 CU based on BL’s mode information. In addition, if the corresponding CU
in the EL1 has a mode other than the ILR NxN mode, the merge mode, and the intra modes, our
method cannot suggest a mode for EL2 CU. Therefore, in the cases in which our method is not
able to suggest a mode for an EL, all the available modes are checked for that EL. The block
diagram of the proposed MP method based on the reference layer’s mode information is shown
in Fig. 3.5.

Figure 3.5 Flowchart of the EL Early MP method based on reference layer's mode.
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Figure 3.6 Block diagram of our proposed hybrid complexity reduction scheme for SHVC.

3.2.1.2 Hybrid Complexity Reduction Scheme Based on Statistical Studies
In the previous Subsections we present two independent complexity reduction methods. Each
of these methods partially utilizes different redundancies/correlation within the CUs in the EL as
well as between the EL and BL. In our final step, we design a hybrid complexity reduction
scheme, which utilizes a suitable combination of the above methods.
Fig. 3.6 shows the block diagram of our hybrid complexity reduction scheme. As it is
observed, first the BL is encoded using the original/unmodified SHVC. Then during the
encoding process of EL (EL1 and EL2), if the depth of the CU is equal to zero, the MP method
based on the reference layer’s mode information is used for mode prediction. Note that the MP
based on the reference layer’s mode information is not able to suggest the mode for EL (EL1 and
EL2) CU based on BL’s mode information, if the corresponding CU in the BL has a mode other
than merge and Intra modes. In addition, if the corresponding CU in EL1 has a mode other than
the ILR NxN mode, the merge mode, and the intra modes, MP based on the reference layer’s
mode information cannot suggest a mode for EL2 CU. If this method fails to predict the mode,
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the unchecked modes will be checked. Afterwards, the mode, which has the lowest RD cost will
be selected as the best mode. If the quad-tree depth layer is greater than zero, our hybrid
complexity reduction scheme uses the quad-tree-based MP method to predict the mode of current
CU in the EL. Note that the quad-tree based MP method is applicable when the CTU depth layer
is greater than zero and the merge mode or Intra NxN mode or ILR NxN mode has the lowest
RD cost for parent CUs. If the quad-tree-based MP method fails to suggest the best mode, our
scheme uses the of the reference layer’s mode information. If this method fails to suggest the
best mode, the unchecked modes are checked. Finally, the mode, which has the lowest RD cost
will be selected as the best mode for the current CU in the EL.

3.2.2 Naive Bayes Fast Mode Assignment
In the previous Section, a hybrid complexity reduction method was proposed based on
statistical studies. This method was only able to predict modes for current EL CU in the cases
that the parent CUs or the reference layer CUs are encoded using Merge mode or intra modes or
ILR mode. Since the hybrid complexity reduction is designed based on the statistical studies, the
correlation between the content and coding configuration of the training and the test videos
varies depending on the size of the training dataset and thus does not always achieve the desired
accuracy. To reduce this dependency, the focus of this Subsection is to design a content adaptive
mode prediction method based on machine learning approach by utilizing the correlation
between the base layer and enhancement layer. As mentioned earlier, the SHVC standard
utilizes several inter and intra prediction modes to achieve high compression performance.
Considering in the inter/intra prediction mode-selection process, the encoder is required to
calculate the RD cost for each mode to find the best mode with minimum RD cost, mode
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Figure 3.7 Current CU (white block) and its five predictors (Gray blocks).

decision is one of the most computationally involved procedures in a HEVC-based encoder. In
the case of SHVC, since there is a high correlation between the base layer and the enhancement
layer, the CU modes of the frames in the base layer can help us to speed up the process of
selecting modes for the corresponding enhancement frames. Also, the modes of the already
encoded neighboring CUs in the enhancement layer are valuable for predicting the mode of the
current CU. Therefore the modes of the neighboring CUs in the enhancement layer and the
corresponding CU in the base layer are used to predict the mode of the current CU. These five
predictors are called predictor CUs hereafter. Fig. 3.7 shows an example of the current CU, its
corresponding base layer CU and its four neighbors. EC indicates the current CU and EL(left),
ETL(top left), ET(top) and ETR(top right) are its four spatial neighbors whose information is
exploited to predict a mode for EC. The neighboring CUs in the enhancement layer are similar to
the candidates that HEVC chooses for the merge mode.
The objective here is to implement a fast mode assigning (FMA) mode-search, so that the
encoder does not need to go through all the modes, thus significantly reducing the computational
complexity. To this end we approximate a function from the predictor CUs to the current CU or,
equivalently, a posterior probability of the mode of current CU given the mode of its predictor
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CUs. The estimation of this posterior probability (or equivalently this function approximation
problem) can be modeled as a supervised learning problem. This supervised learning problem
consists of two stages; the first stage is the training process and the second stage is the test
process. During the training process, the encoder encodes the BL using the unmodified SHVC
[5]. The SHVC encoder, in the inter/intra prediction mode selection process, calculates the RD
cost for each mode and the one with minimum RD cost is selected. Then, the EL is also encoded
using the conventional SHVC. In this process all of the available inter-intra modes are checked
to find the lowest rate distortion cost. For each CU in the EL, the information about the mode
chosen by the encoder is stored. Based on this information, the probability of each mode in the
current CU in EL (given the predictors modes) is updated. These conditional probabilities will
then be used in the test process. The second stage is the test process. In this stage, first the
program encodes the BL using unmodified SHVC, then the encoder starts encoding the EL. The
information stored during encoding the BL and the previously encoded CU in the EL is used to
estimate a mode for the to-be-encoded CU in the EL, without the encoder being required to
check all of the inter-intra prediction modes [104].
As mentioned above, a probability can be assigned to each mode for the current CU given the
modes of its predictor CUs. To define this posterior probability, different numbers are assigned
to different HEVC modes (inter and intra modes), and each mode is considered as a class.
Assume Y is the random variable corresponding to the mode of the current CU, and X is a
random vector corresponding to the modes of its predictor CUs. In the case, where there is M
different modes in HEVC, the random variable Y can have M different values. Regarding the
predictor vector X, if there are L predictor CUs, the length of vector X will be equal to L and
each of its components can take M possible discrete values (M possible modes). This results in
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ML-1 different possible values for the random vector X. The posterior probability P(Y|X), which
in our case indicates the probability of the modes of the predictor CUs given each mode of the
current CU in EL, can be calculated using the Bayes rule as follows:
/(2|4) =

674 8296(;)
6(<)

(3.11)

where P(Y) is the prior probability of the mode of the to-be encoded CU, P(X|Y) is the classconditional density, which defines the distribution of the data that is expected to be seen in each
class. The learning algorithm needs to estimate M-1 different parameters to estimate P(Y),
because the probability should sum to one. However, estimating P(X|Y) requires learning of an
exponential number of parameters, which is an intractable problem [89], [90]. Thereby, the key
to use Bayes rule is to specify a suitable model for P(X|Y). In our study to solve the abovementioned intractability problem, Naive Bayes classifier [90] has been used. The Naive Bayes
classifier dramatically reduces the complexity of estimating P(X|Y) by making a conditional
independence assumption. This learning algorithm assumes that different components of the X
vector are independent given Y. Taking into account the conditional independence assumption
we have:

/(4|2) = /(4) , 4 , … , 4h |2) = ∏h0B) /(40 |2)

(3.12)

/(2|4) =

(3.13)

Therefore,

∏m:EF 6(<: |;) 6(;)
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According to the optimal Bayes decision rule [89], [90], the mode of the posterior probability
distribution is the predicted mode of the current CU. Therefore, for classifying a new X, the
following formula can be used:

yH = argmax /(2 = PQ ) ∏h0B) /(40 |2 = PQ )
NO

(3.14)
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where ym is the mth possible value of Y. The normalization part, i.e., P(X), of the posterior
distribution has been omitted due to the fact that the denominator does not depend on ym. The
resulting ym is the predicted mode for the current to be encoded CU.
To find the optimal value of ym in equation (3.14), we need to have P(X|Y) and P(Y). These
probabilities are computed during the training process. A very popular method to estimate these
probabilities is the MLE [89]. As explained in Chapter 2, a major drawback of MLE is that when
MLE is used for estimating the probabilities, there are some situations in which we have not seen
some states (modes) in the training set. Therefore, in this case the classifier overfits and will have
problem during the test process [89]. To resolve this problem MAP [91] estimation is employed
in this study. MAP estimate resolves the above-mentioned problem by incorporating a prior
distribution over the parameter that we want to approximate. In order to facilitate MAP
estimation, it is required to assign appropriate prior distribution for the parameters. As a result,
the solution to the MAP estimate for P(Y) is:
/(2 = PT ) =
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where T determines the strength of the prior assumptions relative to the observed data and M is

equal to the number of different values which Y can take. The element ÖT is the number of

observed instances of class yk. That is, ÖT indicates the number of times the modes of the current

CU is equal to yk. On the other hand, the estimate for P(X|Y) is as follows:
:O
/(40 = `0Q |2 = PT ) = VWX0 AYQZ[\:OU
V] W\^[_a∑S

?

ab

OEF c×f

(3.16)

where 0Q determines the strength of the prior assumptions relative to the observed data and M

is equal to the number of distinct values which Xl can take. The element Ö0QT denotes the number
of times Xl=xlm has been observed in the instances of class yk [89], [90]. That is, Ö0QT indicates

the number of times the modes of the lth predictor is equal to xlm, while the mode of the current

70

CU is equal to yk. To find the hyper parameters αk and αlm, four representative video sequences
are used in our approach. These sequences include: PartyScene (832×480, 50fps), BQMall
(832×480, 60fps), Racehorse (832×480, 30fps), and Vidyo3 (1280×720, 60 fps) [92]. These
video sequences are different from the video sets used to test our approach.
To implement Naive Bayes FMA (NB-FMA), the first second (exp., 30 frames if the frame
rate is 30fps) of the video is coded based on non-modified SHVC [104]. The coding information
(modes) of these frames is used for the training process. During the training process the program
updates the probabilities. Then, for finding the modes of the rest of the frames the fast mode
assigning method is applied. In this stage, first the program encodes the BL. Then, the encoder
starts encoding the EL. Unlike the training process, the encoder does not check all of the interintra prediction modes. Instead the information of the predictor CUs is used for predicting the
mode of the to-be-encoded CU. In this study, the two mode candidates with the highest
probability among all modes are chosen, and the encoder calculates the RD cost for these two
candidates and chooses the one with the smallest RD cost is selected. The block diagram of the
overall method is shown in Figure 3.8.

Figure 3.8 Block diagram of the proposed method.
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3.2.3 Online-learning Bayesian Based Complexity Reduction Scheme for
Quality SHVC
The mode search process of SHVC encoder includes the Skip, Merge mode, several inter and
intra prediction modes that are checked for each CU, making it the most time-consuming part of
the encoding procedure. In order to decrease the number of mode searching steps utilized by
SHVC, it is required to design a scheme that avoids checking every possible option in order to
find the inter/intra prediction mode with the lowest RD cost.
The focus of our study is to reduce the complexity of SNR/Quality scalable HEVC (SHVC)
by minimizing the redundant computations involved in intra and inter prediction process while
encoding the enhancement layers. The objective here is to implement a fast mode assigning
(FMA) mode-search, so that the encoder does not need to go through all the modes, thus
significantly reducing the computational complexity.
To achieve this goal, proposed method employs a probabilistic classifier to predict the mode
of the to-be-encoded CU in EL. The probabilistic classifier uses the quad-tree mode information
and the coding information of the already encoded CUs in the BL and the ELs for mode
prediction (Section 3.2.3.1).
Then a fast mode assigning method is proposed which utilizes the probabilistic classifier to
predict the mode that is more likely to be the inter/intra mode with the lowest RD-cost for the EL
CUs (Section 3.2.3.2). Note that we call the mode, which has the lowest RD cost (among all the
available modes) as the lowest RD cost (LRC) mode, here after.
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3.2.3.1 Probabilistic Classifier
A probabilistic classifier is a classifier that identifies the category (class (Y)) of a new
observation vector (X) based on a conditional distribution (P(Y|X)). In this Section, Y is the
random variable corresponding to the mode of the current CU and X is a random vector
corresponding to the predictor features. Note that we call P(Y|X) as the posterior probability. The
first step in designing our classifier is to choose appropriate features as the predictors for the
posterior probability (probabilistic model). There is a high correlation between two consecutive
frames, especially if there is no or limited motion in the scene. In our study, we investigated the
correlation between the coding information of the collocated CU in the previous frame and the
LRC mode of to-be-coded EL CU as motion of the scene changes. It is observed that in the case
the collocated CU in the previous frame is encoded using the merge/skip mode and it belongs to
the region with homogeneous motion, the chance of selecting the merge/skip mode for the to-becoded EL CU is more than 80% (for our training data). Therefore, in order to use this correlation
and even find more complex correlations between the LRC mode of to-be-coded EL CU and its
collocated CU in the previous frame, we use the motion information and LRC mode of the
collocated block in the previous frame of the same EL as the first and the second predictor
features (for the LRC mode of to-be-coded EL CU). Note that we call the co-located CU in the
previous frame as the temporal predictor CU. In order to use the motion information of temporal
predictor CU as the feature, it is required to quantify the motion information of that predictor
CU. In this regard, we use the approach suggested in Section 3.1.1 [46], [100] that classifies each
CTU into three Motion Homogeneity Categories (MHCs): 1) with homogenous motion, 2) with
moderate motion, and 3) with complex motion. Then, the same MHC is assigned for all the CUs
with in each CTU.
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Since SHVC is an extension of HEVC, it inherits the CTU partitioning structure of HEVC. In
SHVC, each frame is divided into several CTUs. Then during the CTU partitioning process, each
CTU is divided into CUs of smaller sizes. Each CU (parent) is then divided into smaller CUs
(child nodes) and this process is continued for D iterations. D indicates the maximum depth of
the quad-tree. Note that each time the encoder splits the parent CU into four CUs. Therefore, the
child CU is the part of parent CU in the lower level. It is expected to find high correlation
between the mode (with the lowest RD cost) of the child CU and the parent CU. Therefore, in
this study we decided to use the LRC mode of the parent CU as the third predictor feature. We
call the parent CU as the parent predictor CU. Note that for the CUs located at quad-tree depth 0,
the parent CU is not available.
In the case of SHVC, since there is a high correlation between the base layer and the
enhancement layers, we use the LRC mode of the corresponding block in the BL as the fourth
predictor feature. In our implementation for the quality scalability there are two ELs in addition
to the BL. Therefore, for the current CU in the second EL (EL2), we add the LRC mode of the
corresponding CU in the EL1 to the predictor feature list. We call the corresponding CU in the
BL and the corresponding CU in the EL1 as the reference predictor CUs, hereafter.
Also, the modes of the already encoded neighboring CUs in the enhancement layer are
valuable for predicting the mode of the current EL CU. In this regard, we add the LRC modes of
the four neighboring CUs [29] in the current EL to the predictor feature list. We call these four
CUs as the neighboring predictor CUs. Fig. 3.9 and Fig. 3.10 show the temporal, neighboring,
and reference (previous layer/layers) predictor CUs for the to-be-coded EL1 CU and EL2 CU,
respectively. Note that in addition to the predictor CUs showed in Fig. 3.9 and Fig. 3.10, we use
the parent CU for the CUs located at quad-tree depth larger than zero.
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Figure 3.9 Current EL1 CU (white block) and its temporal, neighboring, and reference predictor CUs
(Gray blocks).

The second step is the model generation or equivalently learning the posterior probability
(P(Y|X)). The estimation of this posterior probability can be modeled as a supervised learning
problem. In supervised learning a set of examples D={(Y1,X1), (Y2,X2),…, (Yn,Xn)} are used to
build (train) the posterior probability distribution (P(Y|X)). We call this process as the model
generation [105]. During the model generation process, the encoder encodes the BL using the
unmodified SHVC [94]. The SHVC encoder, in the inter/intra prediction mode selection process,
calculates the RD cost for each mode and the one with minimum RD cost is selected. Then, the
ELs are also encoded using the conventional SHVC. In this process all of the available inter-intra
modes are checked to find the lowest rate distortion cost. For each CU in the EL (EL1 or EL2),
the information about the mode chosen by the encoder is stored. Based on this information, the
probability of each mode in the current CU in EL (given the coding features of the predictor
CUs) is updated. These conditional probabilities will then be used in the model exploitation
process. In the model exploitation process, the information which is stored during encoding the
BL and the previously encoded CU in the EL will be used to estimate a mode for the to-beencoded CU in the EL. Therefore, the encoder does not check all the inter/intra prediction
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modes. In rest of this Section, the equations which are required for the model generation process
and model exploitation process will be presented.
As mentioned in the previous paragraphs, a probability can be assigned to each mode of the
current CU at lth EL and CTU depth layer d given the predictor features (i.e. P(mode of current
CU at lth EL and CTU depth layer d | LRC modes of temporal, neighboring, and the reference
predictor CUs at CTU depth layer d, motion homogeny of the temporal predictor CU and the
mode of parent CU at quad-tree depth layer d-1)). The posterior probability Pld(Y|X) (which
determined the probability of the mode of the to-be-encoded CU at lth EL and quad-tree depth
layer d given the predictor features) can be calculated using the Bayes rule:
/0Ø (2|4) =
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Figure 3.10 Current EL2 CU (white block) and its temporal, neighboring, and reference predictor
CUs (Gray blocks).
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To train a classifier each of Pld(X|Yd) and Pld(Y) should be estimated. Pld(Y) is our prior belief
of the mode of the to-be encoded CU. Pld(X|Y) is the class-conditional density which defines the
distribution of data that is expected to be seen in each class. In our study Pld(X|Y) indicates the
probability of the predictor features given each mode of the to-be-coded CU in the current EL
(i.e. P(predictor features | mode of current CU at lth EL and CTU depth layer d )).
Assuming that X and Y are discrete random variables, we should estimate a probability value
for all possible combinations of X and Y. Suppose that there are M different values for different
SHVC modes which would result in M different values for the random variable Y. The learning
algorithm needs to estimate M-1 different parameters to estimate Pld(Y), since the probability
should sum to one. On the other hand, X is a vector with N components. The first component of
X (X1) takes three possible discrete values (MHC classes).

On the other hand, the other

components of X (X2 to XN) have M possible discrete values. In this study, N is equal to the
number of predictor features. Therefore, we have 3×MN-1 different values for X. Estimating
Pld(X|Y) requires learning of an exponential number of parameters i.e. O(MN), which is an
intractable problem. Thereby, the key to use Bayes rule is to specify a suitable model for
Pld(X|Y).
In our study to solve the above-mentioned intractable problem, Naive Bayes classifier [90]
has been used. Naive Bayes classifier dramatically reduces the complexity of estimating Pld(X|Y)
by making a conditional independence assumption. This learning algorithm assumes that the
features of the predictor CUs are independent given Y. Taking into account the conditional
independence assumption we have:

/0Ø (4|2) = /0Ø (4) , 4 , … , 4? |2) = /0Ø (4) , 4|2) ∗ ∏?
AB /0Ø (4A |2)

(3.18)

Therefore,
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This simplifying assumption makes the representation of Pld(X|Y) simpler and reduces the
number of parameters from an exponential term to just O((N+3)×M2). To find Pld(Y|X), we need
to have Pld(X|Y) and Pld(Y). These probabilities are computed during the model generation
process. A very popular method to estimate these probabilities is using the MLE [89]. MLE
estimate for Pld(Y) is:
/0Ø (2 = Û) =
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where k indicates the possible values (modes) for Y. The element Ö0ØT is the number of observed

instances of class k. That is, Ö0ØT indicates the number of times the modes of the CUs at lth EL
and CTU depth layer d

is equal to k. Tld denotes the total number of times the encoder

determines the LRC modes for the CUs in the lth EL and CTU depth layer d. Intuitively, Pld(Y=k)
is the percentage of observing k as the mode of the current CU at lth EL and CTU depth layer d.
For the temporal predictor CU the estimate for Pld(X1,X2|Y) is as follows:
/0Ø (4) = ℎ, 4 = (|2 = Û) =
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(3.21)

where h indicates the possible values (MHC) for X1. q shows possible values (modes) for X2. The
element Ö0Ø·ÞT denotes the number of times {X1=h,X2=q} has been observed in the instances of

class k . Note that the Pld(X1=h, ,X2=q |Y=k) indicates the percentage of time the MHC of the

temporal predictor CU is equal to h and its LRC mode is equal to q, while the mode of the
current CU at the lth EL and CTU depth layer d is equal to k. On the other hand the MLE
estimate of Pld(Xn|Y)for the reference and neighboring predictor CUs is as follows:
/0Ø (4A = |2 = Û) =

?:¬COU
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, for n=3,..,N

(3.22)
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where m indicates the possible values (modes) for Xn. The element Ö0ØAQT denotes the number

of times Xn=m has been observed in the instances of class k. That is, Ö0ØAQT indicates the
number of times the modes of the nth predictor is equal to m, while the mode of the current CU at

the lth EL and CTU depth layer d is equal to k. Intuitively, Pld(Xn=m |Y=k) indicates the
percentage of observing m as the mode of the nth predictor CU, while the mode of the current CU
at the lth EL and CTU depth layer d is equal to k.
In MLE estimation, there are some situations in which some states (i.e. {X=xi,Y=yi}) are not
available in the training set. Therefore, after model generation, Pld(X=xi|Y=yi)=0 which makes
the Bayesian equation (3.19) equal to zero. In this case the classifier will have problem during
the test process. This is an example of over-fitting to the training data [89]. So, in this study
MAP [91] estimation is employed to resolve this problem. MAP estimate is a regularization of
MLE which resolves the above-mentioned over fitting problem by incorporating a prior
distribution over the parameter that we want to approximate. This prior distribution will be
assigned using the prior knowledge which we have about those modes.
In order to facilitate MAP estimation, it is required to assign appropriate prior distribution for
the parameter. The distribution of the Pld(Y|X) in this study is a categorical (multinomial)
distribution, due to the fact that the number of modes which we have here is more than two. In
fact categorical distribution is a distribution which describes the probabilities of the random
event which have M (in this study M is equal to number of modes) outcomes and explains the
probabilities separately. The solution to the MAP estimate for Pld(Y) is:
/0Ø (2 = Û) = 
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where αldk determines the strength of the prior assumptions relative to the observed data and M is
equal to the number of different values which Y can take. For the temporal predictor, the MAP
estimate for the Pld(X1, X2|Y) is as follows:
/0Ø (4) = ℎ, 4 = (|2 = Û5 = ?
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where the element à0Ø·ÞT determines the strength of the prior assumptions relative to the
observed data. On the other hand the MAP estimate for Pld(Xn|Y) is as follows:
/0Ø 14A = |2 = Û5 = ? :¬COU
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where the element ã0ØAQT determines the strength of the prior assumptions relative to the
observed data and M is equal to the number of distinct values which Xn can take. To find the
hyper parameters (αldk, βldhqk, and γldnmk), we encode four representative video sequences selected
from the MPEG dataset [92] for the HEVC call for proposals. These sequences include:
PartyScene (832×480, 50fps), BQMall (832×480, 60fps), Racehorse (832×480, 30fps), and
Vidyo3 (1280×720, 60 fps). These training video sequences are different from our test video
sequences. In our study the random access main configuration [95] of SHVC is utilized [94].
Note that in this configuration, SAO and RDOQ are enabled [44]. The quantization parameters
of the BL, EL1, EL2 were set to four different values (QPB, QPEL1, QPEL2)= {(26,22,18)
,{30,26,22) ,{34,30,26} ,{38,34,30}) [93]. To build the initial model (during the model
generation), the training videos are encoded using unmodified SHVC and four QP sets. The
coding information (LRC modes and MHC values) of all of the blocks (of different sizes) is
stored in memory. Then, this information are utilized to compute the Pld(Y), Pld(X1,X2|Y), and
Pld(Xn|Y) using (3.20), (3.21), and (3.22), respectively. Then we set αldk= Pld(Y=k), βldhqk=
Pld(X1=h, X2=q|Y=k), and γldnmk= Pld(Xn=m|Y=k). The third step is to utilize the optimal Bayes
decision rule [91] to classify a new X:
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where ymld is the mth possible value of Y. The normalization part, i.e. Pld(X), of the posterior
distribution has been omitted due to the fact that the denominator does not depend on ymld. The
resulting ymld is the predicted mode for the current to be encoded CU.

3.2.3.2 Online-learning Based FMA
Unlike the method proposed in Subsection 3.2.2, in this study we implement our FMA based
on online-learning. Our probabilistic model is fine-tuned during the course of encoding. If a new
sample is observed, all the related probabilities are updated. Our FMA uses four probabilistic
rules and four RD cost rules for mode prediction. By using these rules, this FMA is able to check
a smaller number of modes to find the LRC modes for the EL CUs compared to the method
proposed in Section 3.2.2. The main goal of our proposed FMA method is to gradually update
the proposed probabilistic model and to utilize it to predict the LRC mode for the EL CUs. The
mode-decision making process inside the SHVC encoder is content dependent. That is, once the
content changes, the modes are expected to change too. In addition, modes also depend on the
chosen encoding configuration which determines the available modes and other related
parameters (e.g., search range, GOP, etc.). Moreover, modes are also dependent on the
quantization parameters. In other words, the model and its efficiency will be highly dependent
on the configuration and the quantization parameters that are used during training. To address
this issue, we decided to implement our FMA using an online learning approach. In online
learning, the main goal is coming up with an initial prediction model that is updated over time.
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Similar to other machine learning approaches, the main target is predicting labels (modes with
the lowest RD-cost in this case).
For the test video sequence, unmodified SHVC is utilized to encode the BL. As explained
before, we want to implement our FMA based on online-learning. Our online-learning approach
has two steps: model exploitation and model exploration. In the model exploitation, the
probabilistic model is utilized to predict the probabilities of all the available inter/intra modes for
the to-be-coded EL CUs. Then, among all the available modes only few modes are checked that
are selected from the most probable modes. We call the modes that are suggested by our FMA
during the model exploitation process as the mode candidates.
Model exploitation is done in the case that the mode candidates are more likely to be the
LRC mode. However, in the case that the mode candidates are not reliable the model exploration
process is utilized in which unmodified SHVC is utilized for the current EL CU and its coding
information is utilized to accurately fine-tune (update) the model. Therefore, the model
exploration improves the accuracy of the model. But, during this process the computational
complexity is not reduced. As we increase the number of EL CUs that are encoded during the

Figure 3.11 Block diagram of our proposed online learning based FMA for SHVC encoder.
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model exploitation process, the complexity reduction performance is increased and the accuracy
may be reduced. Therefore, we need to find when it is required to explore the model and when
the model exploitation process can be utilized. In this regard, two conditions are considered;
probability condition and RD cost threshold condition. The probability of the mode candidates
should be very high (larger than 0.95), thus resulting in insignificant bite-rate increase. In this
regard, we need to find the number of most probable modes that can be considered as the mode
candidates. We have conducted several experiments on our training video sequences to find the
appropriate number of mode candidates. Our studies have shown that by increasing the number
of mode candidates from one to four, the complexity reduction performance of our onlinelearning based FMA improves significantly. However, our method’s performance seems to reach
a saturation point above four modes, leading into only slightly complexity reduction. For this
reason, we decided to check only four most probable modes as the mode candidates.
Fig. 3.11 illustrates the block diagram of the proposed online-learning based FMA. Here, the
coding information of all the available predictor CUs and equation (3.26) are utilized to predict
the most probable modes. These modes are suggested as the mode candidates that are more likely
to be the LRC mode. In the case that all the neighbouring predictor CUs are not available, the
reference predictor CUs and the temporal predictor CU are utilized for prediction. We compare
the probability of the suggested modes with 0.95. In Section 3.1.2, an additive model is
suggested to predict the RD cost of to-be-coded block in the EL which uses the RD cost values
of the four neighboring blocks in the EL, the corresponding block in the BL (BL block), and the
four neighboring blocks of the BL block in the BL. We call the four neighboring blocks in the
EL, the corresponding block in the BL (BL block), and the four neighboring blocks of the BL
block in the BL as the RD cost predictor blocks. The additive model has four weighting
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constants that are computed using linear least square in Section 3.1.2 based on the available RD
cost predictor blocks. Finally, an approach is proposed in Section 3.1.2 that uses the predicted
RD cost to estimate RD cost threshold (Thr) for early termination of mode search process of
quality scalable HEVC. More precisely, by using this approach for each of the to-be-encoded CU
in EL, an RD cost threshold is estimated. In order to increase the chance of selecting the right
mode (mode with the lowest RD cost), we compare the RD cost values of the modes that are
suggested for current CU with the RD cost threshold that is predicted for that CU. In this regard,
during encoding process the mode information (mode with the lowest RD cost and its RD cost)
of all the CU sizes (which are checked during the quad-tree CTU partitioning) of the BL and ELs
is stored in order to be used for RD cost threshold estimation when the size of the RD cost
predictor blocks and the to-be-encoded CU in the EL (EL1 or EL2) are not similar. Then, we use
the RD cost information of the RD cost predictor CUs to estimate the RD cost threshold to
predict the RD cost threshold for the current EL CU. Note that for RD cost estimation, we use
the weighting constants suggested in Section 3.1.2. As can be seen in Fig. 3, first we check if the
probability of the first most probable mode is more than 0.95 and its RD cost is not larger than
the RD cost threshold, the FMA only checks the first most probable mode. Otherwise, if the
cumulative probability of the first and the second most probable modes is more than 0.95, and
the RD cost values of at least one of them is not greater than the RD cost threshold, the FMA
only checks the first and the second most probable mode. If the first and the second most
probable modes are not able to fulfil the probability condition or the RD cost threshold, the
cumulative probability of the first, the second, and the third most probable modes is compared
with 0.95. If those three most probable modes cannot fulfil the probability condition or they
cannot fulfil the RD cost threshold, the cumulative probability of the four most probable modes
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are compared with 0.95. If the mode candidates cannot fulfil the probability condition or the RD
cost threshold, the FMA is not able to suggest the mode. In the case that the FMA fails to find
the mode, the modified encoder checks all the available modes (model exploration process).
Note that the RD cost threshold is not defined in the case that less than two neighbours are
available (see Section 3.1.2). Therefore, in this case our FMA is not able to suggest the mode
candidates. In all the cases that our FMA is not able to suggest the mode candidates, the
modified encoder will check all the unchecked modes.
Finally, the probabilistic model (probabilities) will be updated using the LRC mode of
current EL CU. More precisely, when the mode of the current CU at lth EL and CTU depth layer
d is equal to k we increment Nldk and Tld by one. In this case
if {X1=h,X2=q}, we increment Nldhqk by one.
If Xn=m, we increment Nldnmk by one (for n>2).
Note that the model is updated after both the model exploitation process and model
exploration process. As can be seen in Fig. 3, the FMA may check one to four modes based on
the four probabilistic rules and the four RD cost rules. Therefore, the complexity reduction based
on the probabilistic model leads to significant computational complexity reduction for encoding
CUs in EL.

3.3 Experimental Results and Discussions
In our experiment, in order to evaluate the performance of the proposed complexity reduction
schemes, seven test sequences, which are suggested for the SHVC, from the dataset provided by
MPEG are utilized [93]. Table 3.6 summarizes the specifications of this test dataset. All the
methods presented in this Chapter are implemented to the SHVC reference software (SHM 6.1
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[94]). In our implementation, we have two enhancement layers (EL1 and EL2) in addition to the
BL for the quality scalability.
Same as the training process of Section 3.2.2 and Section 3.2.3, the random access main
configuration [95] of SHVC is used for the test video sequences. The quantization parameters of
the BL, EL1, EL2 were set to four different values (QPB, QPEL1, QPEL2)= {(26,22,18),
(30,26,22), (34,30,26), (38,34,30)) [93].
The performances of our proposed complexity reduction methods are compared with that of
the unmodified SHVC encoder in terms of execution time, and impact on bitrate and PSNR. For
the quality scalability, we have examined six scenarios for the EL: 1) Early Merge Decision [28]
(just for the EL), 2) Content adaptive complexity reduction scheme (CARCS) presented in
Section 3.1, 3) Hybrid complexity reduction based on statistical studies presented in Section
3.2.1 4)Naive based fast mode assignment (NFMA) proposed in Section 3.2.2,

5) online

learning based FMA proposed in Section 3.2.3, and 6) The combination of online learning based
FMA and content adaptive complexity reduction scheme. In order to investigate the importance
of the fine-tuning process (for the online learning based FMA), we also implement the proposed
FMA without online-learning (to investigate the effect of disabling the online-learning
approach). It means during the encoding process of the test video sequences, the probabilistic

Table 3.6 Test video dataset specifications.
Frame
Number of
Rate (fps)
frames

Name

Resolution

Traffic

2560×1600

30 Hz

150

PeopleOnStreet 2560×1600

30 Hz

150

24 Hz

240

Kimono

1920×1080

ParkScene

1920×1080

24 Hz

240

Cactus

1920×1080

50 Hz

500

BasketballDrive 1920×1080

50 Hz

500

60 Hz

600

BQTerrace

1920×1080
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model is not updated.
The results of our experiment are reported in Table 3.7, Table 3.8, and Table 3.9. For each
method the time reduction percentage compared to unmodified SHVC encoder as well as the
impact on bitrate (Bjontegaard delta rate (BD-BR) [99]) and video quality in terms of PSNR
(BD-PSNR [99]) are reported. Note that for each video sequence three time reduction percentage
values are reported including time reduction percentage for EL1, time reduction percentage for
EL2, and total time reduction percentage (BL+EL1+EL2). In our experiment a blade with an
Intel Xeon X5650 6-core processor, running at 2.66GHz, and 8-GB RAM from the Bugaboo
Table 3.7 The impact of all the methods on bitrate and BD-PSNR for the test video sequences under random
access main configuration.
Methods T est ed in
Our St udy

Early merge
descion (EMD)

Content adapt ive
complexit y
reduction scheme
(CARCS)

Naive Bayes Fast
mode assignment
(NFMA)

Hybrid complexit y
reduction

P roposed FMA
wit hout onlinelearning

P roposed onlinelearning based
FMA

P roposed onlinelearning based
FMA+CARCS

T est Video Sequences
BD-BR, BD-PSNR
T raffic

PeopleOnSt reet

Kimono

ParkScene

Cact us

BasketballDrive

BQT errace

EL1 BD-P SNR (dB)

-0.038

-0.020

-0.026

-0.075

-0.017

-0.042

-0.042

-0.037

EL1 BD-BR

1.32%

0.46%

0.95%

2.39%

1.06%

2.23%

2.38%

1.54%

EL2 BD-P SNR (dB)

-0.069

-0.035

-0.053

-0.079

-0.033

-0.036

-0.047

-0.050

EL2 BD-BR

2.44%

0.73%

2.44%

2.65%

1.63%

1.66%

2.82%

2.05%

EL1 BD-P SNR (dB)

-0.031

-0.006

-0.055

-0.033

-0.002

-0.021

-0.0257

-0.025

EL1 BD-BR

1.05%

0.02%

1.88%

1.10%

1.04%

1.44%

1.99%

1.22%

EL2 BD-P SNR (dB)

-0.100

-0.061

-0.064

-0.090

-0.038

-0.041

-0.041

-0.062

EL 2BD-BR

2.65%

1.32%

2.81%

3.05%

2.23%

2.53%

2.02%

2.37%

EL1 BD-P SNR (dB)

-0.002

-0.025

-0.039

-0.075

-0.017

-0.0423

-0.075

-0.039

EL1 BD-BR

1.32%

0.07%

1.97%

2.39%

1.06%

2.23%

2.39%

1.63%

EL2 BD-P SNR (dB)

-0.068

-0.09

-0.056

-0.0326

-0.0326

-0.036

-0.079

-0.056

EL2 BD-BR

2.42%

1.95%

1.94%

2.65%

1.63%

1.63%

2.65%

2.12%

EL1 BD-P SNR (dB)

-0.075

-0.061

-0.030

-0.091

-0.051

-0.077

-0.039

-0.061

EL1 BD-BR

1.88%

1.35%

1.06%

2.91%

2.17%

2.37%

2.94%

2.10%

EL2 BD-P SNR (dB)

-0.015

-0.215

-0.060

-0.027

-0.110

-0.089

-0.050

-0.081

EL2 BD-BR

4.18%

2.48%

2.76%

1.27%

3.65%

4.29%

2.70%

3.05%

EL1 BD-P SNR (dB)

-0.008

-0.019

-0.041

-0.021

-0.016

-0.019

-0.031

-0.022

EL1 BD-BR

1.22%

0.11%

1.65%

1.85%

1.39%

1.72%

1.89%

1.40%

EL2 BD-P SNR (dB)

-0.043

-0.08

-0.049

-0.005

-0.029

-0.045

-0.025

-0.039

EL2 BD-BR

2.37%

2.01%

2.11%

2.33%

2.15%

2.05%

2.13%

2.16%

EL1 BD-P SNR (dB)

-0.001

-0.015

-0.017

-0.015

-0.015

-0.01

-0.019

-0.013

EL1 BD-BR

0.52%

0.08%

0.71%

0.97%

0.65%

0.82%

0.92%

0.67%

EL2 BD-P SNR (dB)

-0.039

-0.004

-0.019

-0.009

-0.011

-0.023

-0.0359

-0.020

EL2 BD-BR

1.11%

1.01%

1.21%

1.25%

0.99%

1.31%

1.01%

1.13%

EL1 BD-P SNR (dB)

-0.003

-0.016

-0.019

-0.016

-0.017

-0.012

-0.022

-0.015

EL1 BD-BR

0.68%

0.13%

0.96%

1.14%

0.84%

1.05%

1.22%

0.86%

EL2 BD-P SNR (dB)

-0.050

-0.010

-0.026

-0.018

-0.015

-0.027

-0.040

-0.027

EL2 BD-BR

1.39%

1.17%

1.56%

1.68%

1.23%

1.57%

1.22%

1.40%

Ave rage
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Dell Xeon cluster from WestGrid (a high performance computing consortium in Western
Canada).
As it is observed from Table 3.7 and Table 3.8, on average, the early merge method reduces
the EL1 coding execution time by 55.06% for EL1 at the cost of 1.54% BD-BR increase for EL1,
the EL2 coding execution time by 40.76% at the cost of 2.05% BD-BR increase for EL2, and the
total execution time (BL+EL1+EL2) by 33.73% compared to the unmodified SHVC encoder.
The CARCS method reduces EL1 coding execution time by 43.11% at the cost of 1.22% BD-BR
increase for EL1, the EL2 coding execution time by 40.47% at the cost of 2.37% BD-BR
increase for EL2, and the total execution time (BL+EL1+EL2) by 36.84% compared to the
unmodified SHVC encoder. On average, the execution time reduction obtained by the NFMA
method are 52.80% over SHVC at the cost of 1.63% BD-BR for EL1 and 50.66% over SHVC at
the cost of 2.12% BD-BR for EL2 as shown in Table 3.7 and Table 3.8. The NFMA method
decreases the total (BL+EL1+EL2) execution time on average by 36.84%. On average, our
proposed online-learning based FMA reduces the time execution time by 64.50% for EL1 at cost
of 0.67% bit-rate increase and by 62.85% for EL2 at the cost of 1.13% bit-rate increase (see
Table 3.7). This method achieves the total (BL+EL1+EL2) time reduction percentage of 45.40%.
We also observe that our proposed hybrid scheme achieves the coding time reduction
percentages of 72.40% for EL1 and 63.99% for EL2, on average. This method decreases the total
execution time on average by 48.49% compared to unmodified SHVC. The average bitrate
degradation values for this method are 2.10% BD-BR for EL1 and 3.05% BD-BR for EL2, on
average.
The EL1, EL2, and the total (BL+EL1+EL2) time reduction achieved by our proposed
online-learning method are on average 9.44%, 22.09%, and 11.67% compared to the EMD
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method [21] (see Table III), respectively. The time reduction achieved by our proposed onlinelearning based mode prediction method for the EL1, EL2, and BL+EL1+EL2 are on average
21.39%, 22.38%, and 15.42% compared to CARCS (see Table II), respectively. Compared to
NFMA method (Section 3.2.2), the EL1, EL2, and the total time reduction performances of our
proposed online-learning based FMA method are 11.70%, 12.19%, and 8.56% on average,
respectively for the random access main configuration.
As we have observed in Table 3.7 and Table 3.8, the time reduction and compression (BDBR and BD-PSNR) performances of the NFMA are lower than those of our proposed onlinelearning based FMA. The superiority of our online-learning based FMA is achieved by using the
online-learning approach, flexible number of mode candidates, probability condition, the RD
Table 3.8 The impact of all the methods on execution time reduction (TR) for the test video sequences
under random access main configuration.
Methods T ested in Our
Study

Early merge descion
(EMD)

Content adaptive
complexity reduction
scheme (CARCS)

Naive Bayes Fast mode
assignment (NFMA)

Hybrid complexity
reduction scheme based
on statistical studies

Proposed FMA without
online-learning

Proposed onlinelearning based FMA

Proposed onlinelearning based FMA +
CARCS

T ime Reduction
(T R) %

T est Video Sequences
T raffic

PeopleOnStreet

Kimono

ParkScene

Cactus

BasketballDrive BQT errace

Average

EL1 T R

64.64%

42.71%

51.78%

62.75%

55.35%

54.20%

53.96%

55.06%

EL2 T R

49.57%

25.16%

44.44%

49.84%

39.32%

38.42%

38.58%

40.76%

T otal T R

39.73%

23.40%

35.80%

39.78%

32.95%

32.09%

32.34%

33.73%

EL1 T R

38.03%

43.00%

46.90%

41.15%,

41.93%

49.04%

39.77%

43.11%

EL2 T R

38.65%

42.11%

39.13%

40.68%

41.93%

41.34%

39.44%

40.47%

T otal T R

27.96%

29.50%

30.79%

29.39%

30.53%

32.34%

29.35%

29.98%

EL1 T R

44.69%

54.98%

56.54%

55.90%

49.79%

52.44%

55.25%

52.80%

EL2 T R

45.00%

45.73%

53.05%

55.27%

49.92%

51.28%

54.39%

50.66%

T otal T R

31.49%

35.39%

38.47%

39.93%

35.96%

36.10%

40.55%

36.84%

EL1 T R

70.93%

66.08%

76.40%

70.48%

74.65%

73.84%

74.40%

72.40%

EL2 T R

58.97%

61.92%

62.19%

61.58%

68.12%

67.85%

67.28%

63.99%

T otal T R

45.63%

44.78%

49.36%

47.11%

49.95%

50.35%

52.28%

48.49%

EL1 T R

52.88%

62.50%

64.28%

63.85%

56.60%

59.60%

57.93%

59.66%

EL2 T R

53.35%

55.25%

62.08%

62.35%

55.25%

57.23%

58.60%

57.73%

T otal T R

37.55%

41.25%

44.89%

48.48%

40.25%

41.49%

43.12%

42.44%
64.50%

EL1 T R

60.50%

65.00%

68.00%

68.75%

62.00%

65.50%

61.75%

EL2 T R

59.00%

61.50%

65.75%

66.50%

61.25%

63.33%

62.63%

62.85%

T otal T R

42.28%

43.27%

47.53%

48.48%

44.42%

45.77%

46.04%

45.40%
73.56%

EL1 T R

69.21%

72.72%

75.45%

78.38%

71.60%

76.73%

70.85%

EL2 T R

67.21%

71.29%

72.60%

75.14%

70.16%

72.11%

71.00%

71.36%

T otal T R

50.91%

51.56%

50.15%

51.42%

52.65%

52.59%

51.90%

51.60%
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cost threshold condition, LRC mode of parent CU, and coding information of the temporal
predictor CU. The NFMA method encodes the first second of the test video using unmodified
SHVC to fine-tune its probabilistic model. Then for the rest of the frames of the test video it
always checks two mode candidates for the ELs. However, unlike NFMA which is not able to
reduce the complexity of encoding the first frame of the test video, our online-learning based
FMA is able to reduce the computational complexity of encoding the ELs of the first second of
the test video sequence.
As can be seen in Table 3.7 and Table 3.8, when the fine-tuning process is disabled (no
online-learning is involved), the proposed FMA reduces the EL1 execution time by 59.66% at
the cost of 1.40% bit rate increase for the EL1, the EL2 execution time by 57.73% at the cost of
2.16% for the EL2, on average for the random access main configuration. The proposed FMA
without online-learning approach achieves average total execution time reduction of 42.44%.
In order to investigate the effects of online-learning approach (fine-tuning process) in more
details, we compute the percentage of EL CUs when 1) one mode is checked, 2) only two modes
are checked, 3) three modes are checked, and 4) four modes are checked. In addition, we also
compute the percentage of checking up to four modes, which shows the percentage of EL CUs
for which our FMA is able to suggest mode/modes that can fulfil the probability and RD cost
threshold conditions (Fig. 3.10). Therefore, a higher value of percentage of checking up to four
modes corresponds to more complexity reduction. Percentage of checking up to four modes
value is equal to the summation of all the cases listed above. Moreover, we also report the
percentage of hit ratio that shows the percentage of EL CUs for which our online-learning based
FMA chooses the optimal modes. The optimal mode of each CU is the LRC mode that is chosen
by the unmodified SHVC’s encoder for that CU. The hit ratio determines the compression
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performance of our proposed. The percentage of checking a different number of mode candidates
and percentage of hit ratio are reported in Table IV for each of the test video sequences for the
online-learning based FMA and FMA without online-learning.
As can be seen in Table 3.9, by enabling the fine-tuning process the average percentages of
checking up to four modes are increased from 94.20% for EL1 and 93.37% for EL2 to 97.14%
for EL1 and 97.20% for EL2. The fine-tuning process also increases the average percentages of
checking only one mode from 87.02% for EL1 and 78.73% for EL2 to 94.85% for EL1 and
93.78% for EL2. Therefore, the fine-tuning process reduces the percentages of checking more
than one modes. It also improves the percentages of hit ratio of our FMA method from 94.61%
for EL1 and 94.09% for EL2 to 97.56% for EL1 and 97.12% for EL2, on average.
Our results show the importance of the fine-tuning process and the reason of including it in
our final approach. The online-learning approach increases the probabilities of the most observed
modes. Therefore, percentage of checking up to four modes and percentage of checking only one
mode are higher in the case of using online-learning based FMA compared to FMA without
online-learning. Thus, the complexity reduction performance of online-learning based FMA is
better than FMA without online-learning. In addition, since in the case of online-learning
approach the model is updated using the LRC mode that is selected for each EL CU, the model is
adjusted to the video content and quantization. Therefore, the hit ratio of the case of using
online-learning approach is more than the case of disabling the online-learning approach. Thus,
the compression (BD-BR and BD-PSNR) performance of online-learning based FMA is better
than FMA without online-learning.
As we have observed, the results show the superiority of our hybrid method and our
proposed online-learning based FMA over other methods in terms of complexity reduction
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performance. However, using the online-learning approach results in better compression
performance compared to all the methods tested in Section 3. In order to achieve higher
performance, we use the combination of our online-learning based FMA and our content
adaptive complexity reduction scheme. The combined method reduces the EL1 execution time
by 73.56% at the cost of 0.86% bit rate increase for the EL1, the EL2 execution time by 71.36%
at the cost of 1.40% for the EL2, on average. This method decreases the total execution time on
average by 51.60% compared to unmodified SHVC (see Table 3.7 and Table 3.8).
Table 3.9 Percentage of checking a different number of mode candidates, mode prediction success, and mode
prediction accuracy for the proposed FMA without online-learning and the online-learning based FMA.
Test Video Sequences
Methods

Layer

Percentage of
Traffic

PeopleOnStreet

Kimono ParkScene

Cactus

BasketballDrive

BQTerrace

Average

Checking only one mode

81.09%

Checking only two modes

6.17%

87.57%

90.60%

88.22%

87.29%

90.80%

83.60%

87.02%

4.03%

1.51%

3.31%

3.83%

2.42%

3.04%

3.47%

Checking only three modes
Checking only four modes

2.80%

1.89%

1.42%

1.41%

1.58%

1.88%

3.41%

2.06%

2.83%

1.79%

1.25%

1.37%

1.27%

0.75%

2.25%

1.64%

Checking upto four modes

92.89%

95.28%

94.77%

94.31%

93.96%

95.85%

92.30%

94.20%

Hit ratio

93.98%

97.97%

94.91%

93.74%

92.82%

94.05%

94.78%

94.61%

Checking only one mode

70.78%

78.77%

83.18%

80.41%

79.22%

81.63%

77.11%

78.73%

Checking only two modes

10.95%

7.39%

6.37%

9.00%

8.35%

7.24%

8.92%

8.32%
4.29%

EL1

Proposed
FMA without
onlinelearning

Checking only three modes

5.19%

5.37%

3.58%

3.04%

4.25%

3.59%

5.03%

Checking only four modes

2.48%

2.85%

1.13%

1.51%

1.74%

2.11%

2.38%

2.03%

Checking upto four modes

89.40%

94.38%

94.26%

93.96%

93.56%

94.57%

93.44%

93.37%

Hit ratio

93.43%

94.71%

95.09%

93.54%

93.85%

94.93%

93.05%

94.09%

Checking only one mode

92.43%

92.85%

96.78%

96.00%

96.52%

95.79%

93.58%

94.85%

EL2

Checking only two modes

1.21%

2.43%

0.70%

1.11%

1.10%

1.23%

1.97%

1.39%

Checking only three modes

0.55%

0.80%

0.29%

0.49%

0.34%

0.66%

0.92%

0.58%

EL1

Proposed
onlinelearning
based FMA

Checking only four modes

0.20%

0.38%

0.12%

0.30%

0.21%

0.41%

0.57%

0.31%

Checking upto four modes

94.40%

96.46%

97.89%

97.89%

98.17%

98.09%

97.05%

97.14%

Hit ratio

97.75%

98.41%

98.12%

97.02%

96.74%

96.93%

97.95%

97.56%

Checking only one mode

85.59%

93.38%

96.20%

95.46%

96.14%

95.14%

94.55%

93.78%

Checking only two modes

8.09%

2.35%

0.93%

1.65%

1.21%

1.44%

1.11%

2.40%

Checking only three modes

0.70%

0.87%

0.57%

0.48%

0.54%

0.51%

0.94%

0.66%

Checking only four modes

0.21%

0.44%

0.22%

0.29%

0.31%

0.50%

0.56%

0.36%

Checking upto four modes

94.60%

97.05%

97.93%

97.89%

98.20%

97.60%

97.16%

97.20%

Hit ratio

96.98%

97.44%

97.39%

96.63%

97.22%

97.16%

97.01%

97.12%

EL2
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In summary, the results show the superiority of the combination of our online-learning based
FMA and our content adaptive complexity reduction scheme over other methods tested in this
Section.

3.4 Conclusions
This Chapter focuses on developing a complexity reduction schemes for the quality scalable
extension of HEVC (SHVC) encoder. In this regard, first we proposed a content adaptive
complexity reduction scheme for SNR/Quality scalable EVC. In our scheme the RD cost and
motion information of the base layer is utilized to facilitate the inter prediction and intra
prediction mode selection process in the enhancement layers by avoiding redundant
computations. Performance evaluations show that our approach results in significant total
(BL+EL1+EL2) SHVC coding complexity reduction (by 29.98% on average) at the cost of
1.54% bitrate increase for EL1 and 2.05% bitrate increase for EL2.
Moreover, we propose three mode prediction schemes. For the first scheme, we design two
mode prediction approaches based on statistical studies, namely quad-tree based mode prediction
approach and a reference layer mode-information based mode prediction approach. We
combined a quad-tree based mode prediction method and a reference layer mode-information
based mode prediction method to a hybrid complexity reduction scheme. The performance was
tested over a representative set of video sequences and compared with the unmodified version of
the SHVC encoder. These evaluations showed that this approach outperforms the other schemes
presented in this Chapter (in terms of complexity reduction), reducing the encoding execution
time by 48.49% on average at the cost 2.10% bitrate increase for EL1 and 3.05% bitrate increase
for EL2.
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Afterwards, in order to improve the compression efficiency of the hybrid complexity
reduction method, we propose a fast mode-assigning (FMA) method based on Naive Bayesian
classifier (the second mode prediction scheme) for reducing the complexity of quality scalable
HEVC. This method uses the probabilistic model that is created using the training data. For the
test video, the probabilistic model is fine-tuned using the coding information of early frames of
the test video. For the rest of the videos, the method uses the mode information of four
neighboring blocks in the EL and the co-located block in the BL to predict the mode of current
EL block. The results show that our method decreases the total execution time of SHVC’s
encoder by 36.84% on average at the cost of 1.63% bitrate increase for EL1 and 2.12% bitrate
increase for EL2. Using the fine-tuning processing and the Bayesian approach results in better
compression performance compared to hybrid complexity reduction scheme.
Then, in order to improve the performance of the Naive Bayesian based FMA method, we
introduce an online learning based FMA method to predict the mode with the lowest rate
distortion cost for the coding units (CUs) in the enhancement layers. The online learning based
FMA builds a probabilistic model that uses the mode information of the parent CU in the quadtree structure of a coding tree unit to predict the probabilities of all the available inter/intra
modes of current CU in the enhancement layer (EL). In addition, the FMA uses the mode
information and motion homogeneity of already encoded CUs in the base layer and EL to build
the probabilistic model. Finally, we propose an online-learning based FMA that uses our
probabilistic model to predict the mode with the lowest rate distortion cost for the current CU in
the EL. During the encoding process, online-learning is used to fine-tune the probabilistic model,
using the mode information (feedback) it receives from the encoder. Performance evaluations
show that our online-learning based FMA outperforms all the method studies in this Chapter
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(except the hybrid complexity reduction method proposed based on statistical studies) by
significantly reducing the execution time of the encoder (by 45.40% for the total encoding time
for the random access main configuration, on average) at the cost of 0.67% bitrate increase for
EL1 and 1.13% bitrate increase for EL2. Our experiments show that compared to all the methods
presented in this Chapter, the online-leaning based FMA has the best compression performance
which is achieved because of using the online-learning approach. In order to achieve higher
complexity reduction performance, we use the combination of our online-learning based FMA
with our content adaptive complexity reduction scheme which achieves the total time reduction
of 51.60% on average at the cost of 0.86% bitrate increase for EL1 and 1.40% bitrate increase for
EL2.
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4. Complexity Reduction Scheme for 3D-HEVC
The past two Chapters have dealt with spatial and quality extensions of HEVC. In this
Chapter we move to 3D extension of HEVC.
As stated earlier in Chapter 1, 3D-HEVC is a new emerging video compression standard for
multiview video applications. This standard utilizes advanced interview prediction characteristics
in addition to the prediction features of the HEVC standard for efficient encoding of multiview
video content. While using combined features improve the compression performance by utilizing
the correlation between the views captured from slightly different angles of the same scene, they
also increase coding complexity. The focus of this Chapter is on developing an efficient
complexity reduction schemes for the dependent texture views (DVts) of 3D-HEVC, with the
intention to facilitate the adoption of this standard, especially for real-time applications. In this
regard, we propose three complexity reduction schemes. First, we propose a content adaptive
complexity reduction scheme. Our scheme uses an adaptive early-termination inter and intra
prediction mode search that reduces the 3D-HEVC coding complexity by utilizing the
correlations between views. This is done by utilizing specific coding information of one view
such as motion homogeneity, prediction modes, and the RD cost as well as the disparity between
that view and other views. In addition, in order to improve the efficiency of our content adaptive
complexity reduction scheme, a low complexity mode decision approach is proposed which uses
the mode information of four neighboring DV CUs and corresponding CU in the BV for mode
prediction. The method uses the training video to generate its initial probabilistic model. For the
test video, the first second of the test video is utilized to fine-tune the model. Then, for the rest of
the videos Bayesian classifier is used for mode prediction.
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Finally, to achieve higher complexity reduction performance, we propose an online-learning
hybrid complexity reduction for the DVts of 3D-HEVC. The proposed scheme uses two
probabilistic models to predict the mode with the lowest RD cost for the to-be-coded block in
current (DVt). The first probabilistic model utilizes the mode of the root blocks to predict the
mode with the lowest RD cost for their children DVt blocks. Our first probabilistic model
considers if the parent blocks are all-zero blocks (AZBs) to predict the mode of current DVt
block. Similar to our low complexity mode decision approach, our second probabilistic model
utilizes a Naive Bayes classifier that uses the mode information of the corresponding block in the
base texture view and the four neighbouring blocks of the current DVt to predict the mode of tobe-encoded block in the current DVt. However, our second probabilistic model uses more coding
information (mode of the corresponding block in the previous frame, AZBs and motion
homogeneity) for mode prediction compared to our low complexity mode decision approach.
Then, we propose a hybrid complexity reduction scheme, which utilizes the two probabilistic
models, motion information of the base texture view, and the rate distortion cost of the already
encoded blocks in the base and dependent texture views. Unlike the method proposed by other
researchers [73]–[85] which do not use online-learning, our proposed scheme uses gradually
fine-tuned probabilistic modeling based on content and the quantization parameters. Our onlinelearning based complexity reduction scheme finds the mode with the lowest RD cost for CUs in
current DVt by checking a smaller number of modes compared to the content adaptive
complexity reduction scheme and the low complexity mode decision approach. Unlike the low
complexity mode decision approach which uses unmodified 3D-HEVC encoder for the first
second of each scene, the proposed scheme is able to start decreasing the complexity much
earlier, depending on the video content. The performance of our proposed schemes is tested for
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the case with two views (i.e. base view + a dependent view). The evaluations confirm that our
proposed online-learning based hybrid complexity reduction scheme reduces the 3D-HEVC
codec complexity significantly compared to the unmodified 3D-HEVC encoder while
maintaining the overall video quality.
Our content adaptive complexity reduction scheme is presented in Section 4.1. Section 4.2
presents our low complexity mode decision approach. Our proposed online-learning based
hybrid complexity reduction scheme is described in detail in Section 4.3. Experimental results
are presented in Section 4.4. Finally, conclusions are given in Section 4.5.

4.1 Content Adaptive Complexity Reduction Scheme for 3D-HEVC
For 3D-HEVC in each time instant we have one independent view and one or more
dependent views and their corresponding depth information which are encoded. On the decoder
side, the display decodes the independent view. Then, if it has enough capacity it decodes one or
more dependent views. As these views are captured from one scene, there are correlations among
them. By utilizing this information we can predict the appropriate search range and RD cost of
the to-be-encoded CU in the to-be-encoded view.

4.1.1 Adaptive Search Range Adjustment
As explained before, one of the most computationally expensive tasks in video coding is
motion search in inter prediction. The larger the search range is the more expensive the
computational cost becomes. On the other hand, choosing a very small search-range may reduce
the compression performance due to poor matching results. By selecting an optimal motion
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search range one may achieve to reduce the complexity without hampering the compression
performance.
In the case of multiview coding, since the views are captured from a common scene, there is
a correlation between the motion vectors of the views. In our study we utilize this correlation to
select the proper motion search range for the dependent views based on the motion information
of the base view. To do this, we first classify the CTUs within each frame in the base view to
different categories in terms of search range as follows [71]:
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where SR indicates the search range defined in the configuration file of the codec, MVs represent
the motion vectors of the CTU in the base view , and SRCTU is the adjusted search range of the
corresponding CTU in the dependent view (see Fig. 4.1). In the proposed approach, for coding
the current CTU in the dependent view, the corresponding CTU in the base view is found by
using the disparity information between the dependent view and the base view (which is derived
from depth information). Note that depending on the category that the corresponding CTU in the
base view belongs to, the search range of the current CTU in the dependent view is adjusted and
as a result all the CUs within that CTU have the same adjusted motion search range setting. As it
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can be observed from (4.1), the search range in the dependent views can become quite small,
depending on the category the matching CTU in the base view belongs to. Taking into account
that there might be several CUs (up to 64) within a CTU, this scheme will significantly reduce
the computational cost of 3D-HEVC.

4.1.2 Early Termination Mode Search
During the 3D-HEVC inter prediction process, the encoder tests all three inter prediction
modes (similar to HEVC-based encoder). The inter prediction modes include skip, merge, and
explicit motion vector encoding. The encoder first checks for the skip and merge modes, which
are computationally less expensive, compared to the explicit motion vector encoding process.
Our objective here is to implement an early termination (ET) mode-search, so that the encoder
does not need to go through all the modes, thus significantly reducing the computational
complexity.

Figure 4.1 Current CU and its four spatial neighbors of base view and the current view.
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The encoder in the inter/intra prediction mode selection process calculates the RD cost for
each mode and the one with minimum RD cost is selected. In the mode search process, if the
RD cost of the current to-be-coded CU in a dependent view is predicted from the already coded
CUs, once the RD cost of a mode is close or equal to the predicted RD cost, the mode search can
be terminated. This will significantly reduce the computational complexity. In our approach, to
find a prediction for the RD cost of the current CU in the dependent view, we utilize the RD cost
of the already coded adjacent CUs in the dependent view and that of their matching CUs in the
base view. Fig. 4.1 shows an example of the arrangement of the CUs whose information is
utilized to predict the RD cost of the to-be-coded CU in the dependent view.
Inspired by [46], we assume that there is an additive model between the RD cost of the CUs
in the dependent view (V1) and their corresponding CUs in the base view (V0) as follows [71]:
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where RdcostV1Cpredict is the predicted RD cost of the current CU in the dependent view (V1),
RdcostV0c is the RD cost of the matching CU in the base view (V0), RdcostV1T, RdcostV1L,
RdcostV1L and RdcostV1R denote the RD cost of the four spatial neighbors of the current CU (see
Fig. 4.1 for the arrangement of CUs), RdcostV0T, RdcostV0L, RdcostV0TLand RdcostV0TR are the
RD cost values of the matching CUs in the base view, and α1, α2 and α3 are weighting constants.
We compute these weighting constants in the following Subsection.
Once the predicted RD cost for the current to-be-coded CU is available, we define a
threshold for early termination of the mode search in the dependent view as follows:
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Figure 4.2 The block diagram of our 3D-HEVC encoder complexity reduction scheme.

Thr= min(RdcostV1T, RdcostV1L,RdcostV1TL, RdcostV1TR,RdcostV1cpredict)

(4.3)

By using this threshold, the encoder instead of testing all the modes, it terminates the mode
search if the RD cost of a mode is less than the threshold, and selects that mode as the best one.
Otherwise, it continues testing other modes until this criterion is met. Note that this scheme is
applied to the CUs with at least two already-coded adjacent CUs.
In the case where the size of the matching CUs in the base view is not similar to the ones in
the dependent view, the RD cost of the matching CU in the base view is normalized to its size
and the RD cost used in our calculation is updated as follows:
§t $A = §
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where W and H are respectively the width and height of the matching CU in the base view, w and
h are the width and height of the current CU in the dependent view, D, λ and B are the distortion
part, the Lagrangian constant value and the bit-cost of the matching CU in the base view
respectively, and Rdcostn is the RD cost value to be used in finding the predicted RD cost and the
threshold.
The threshold defined in (4.3) is also used in the intra prediction process of the dependent
view to further reduce the complexity of the encoder. Fig. 4.2 provides a block diagram of our
proposed complexity reduction scheme.
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4.1.3 Determining the Weighting Constants
In order to find the proper weighting constants in equation (4.2), similar to Section 3.1.2.1 (of
Chapter 3) the Linear Least Square method is used. Our objective is to minimize the difference
between the predicted RD cost and the real RD cost of the best mode (without using ET) for the
current to-be-coded CU in the dependent view. Our objective is formulated as follows:
^ =  ¦bx |( −  ½ ) |,  = 0,1,2,3

(4.5)

where S is a matrix that contains the real RD cost values of the best modes selected by 3DHEVC for the current CU in the dependent view V1 (RDcostV1C) divided by RdcostV0c, S’
denotes a matrix which contains the predicted RD cost of the current CU (RdcostV1Cpredict)
divided by RdcostV0C. We can re-write S’ as follows:
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where i indicates the index of the training data. From (4.6) the weighting constants are calculated
as follows:
A=(QTQ)-1QTS

(4.8)

We use a training dataset (four representative video sequences) to calculate the weighting
constants. We code the video streams, record the real RD cost values, calculate the predicted RD
cost based on the equation (4.2), and find the weighting constants based on the equation (4.8). In
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case that all four spatial neighbors (T, L, TL and TR) are available (see Fig. 4.1), the estimated
weighting constants are as follows: [α1, α2, α3, α4] = [0.34, 0.33, 0.16, 0.17]. When RdcostV1TR
is not available, [α1, α2, α3, α4] = [0.435, 0.42, 0.145, 0]. If RdcostV1TL is not available – which
means that the RdcostV1L is not available either –we use two upper neighbors to predict the RD
cost, and the weighting constants are [α1, α2, α3, α4] = [0.51, 0, 0, 0.49]. The weighting constants
of the top and left neighboring CUs when available are larger than the others, denoting that they
are more correlated with the current CU [71].

4.2 Low Complexity Mode Decision Approach for 3D-HEVC
The main objective of our study is to decrease the computational complexity of the 3DHEVC encoder by utilizing the correlation between the base view (BV) and the dependent views
(DVs). During the inter/intra prediction process, 3D-HEVC computes the RD cost for all of the
available modes (based on the size of the to-be-encoded CU). Then, the encoder selects the mode
that has the lowest RD cost. In our study, we propose a fast mode assigning (FMA) technique,
which uses the mode information of the CUs in BV as well as the mode information of the
already-encoded neighboring CUs in DVs to predict the mode of the to-be-encoded CU in each
DV. This approach enables the encoder to avoid the extensive computational cost involved in the
mode search process.
In our method for predicting the inter/intra prediction mode of the to-be-encoded CU in a
DV, the mode information of the neighboring (top left, top, top right, and left) CUs that are
already coded as well as the mode information of the corresponding CU in the BV are used.
These CUs are called predictor CUs hereafter. Fig. 2 shows an example of a current to-be-coded
CU in the nth view and the predictor CUs, i.e., its four spatial neighbors and its corresponding
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CU in the BV. Note that the neighboring CUs in the dependent view are similar to the candidates
that 3D-HEVC chooses for the inter prediction merge mode.
Our goal here is to approximate a function whose input is the mode information of the
predictor CUs and its output is the predicted mode of the current CU. In other words, we would
like to estimate the posterior probability of the current CU’s mode, given the mode information
of the predictor CUs. This problem can be modeled as a supervised learning problem with
training and testing processes. To formulate the problem, assume Y is the random variable
corresponding to the probability of possible modes for the current to-be-coded CU in a DV, and
X is a random vector corresponding to the probabilities of the modes of predictor CUs. If there
are M different 3D-HEVC inter and intra modes, the random variable Y has M different values
representing the probability of each mode. If there are L predictor CUs, then the length of vector
X will be equal to L and each of its components can take M possible values which represent the
probability. This results in ML-1 different possible probability values for the random vector X.
The term -1 comes from the fact that the probability values should sum to one. The probability of
each mode of the current CU in DV given the probability of the modes of the predictor CUs, i.e.,
the posterior probability P(Y|X), is calculated using the Bayes rule as follows:
/(2|4) =

674 82 96(;)
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(4.9)

where P(Y) is the prior probability of the mode of the to-be encoded CU, P(X|Y) is the classconditional density, which defines the distribution probability of observing a combination of
modes for predictor CUs given the probability of the mode of current CU.
To find P(Y|X), the learning algorithms needs to estimate P(Y) and P(X|Y). The former
requires estimating M-1values (variable Y can have M different values), and the later requires
learning of an exponential number of parameters, which is an intractable problem [90]. In order
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to estimate P(X|Y),we use the Naive Bayes classifier [89]. The Naive Bayes classifier
dramatically reduces the complexity of estimating P(X|Y) by making a conditional independence
assumption. This learning algorithm assumes that different components of the X vector are
independent with respect to a given Y. Taking into account the conditional independence
assumption we have:

/(4|2) = /(4) , 4 , … , 4h |2) = ∏h0B) /(40 |2)

(4.10)

/(2|4) =

(4.11)

Therefore,

∏m:EF 6(<: |;) 6(;)
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According to the optimal Bayes decision rule [89], the mode of the posterior probability
distribution (predicted mode of the current CU in DV) is the mode, which has the largest
probability among all the modes. Therefore, for classifying a new X, the following formula can
be used:
yH = argmax /(2 = PQ ) ∏h0B) /(40 |2 = PQ )

(4.12)

NO

Figure 4.3 Current CU and its four spatial neighbors in base view and current view.
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where ym is the mth possible value of Y. Note that P(X) is the normalization factor in (4.11), thus
it has been omitted in calculation of ym (i.e., the value of ym is independent of P(X)). The value of
ym represents the predicted mode for the to-be-encoded CU in DV.
To find the optimal value of ym in (4.12), we need to have P(X|Y) and P(Y). These
probabilities need to be computed during the training process. A very popular method to estimate
these probabilities is the Maximum Likelihood Estimation (MLE) [89]. A major drawback of
MLE is that when MLE is used for estimating the probabilities, there are some situations in
which we have not seen some states (modes) in the training set. To resolve this problem, we
employ Maximum a Posteriori (MAP) estimation [89], [106]. MAP estimation incorporates a
prior distribution function over P(X|Y) and P(Y). In order to use MAP estimation, it is required to
assign appropriate conjugate prior distribution for the parameters. The solution to the MAP
estimation for P(Y) is as follows:
? ab

U
/(2 = PT ) = VWX0 AYQZ[\UV] W\^[_a∑
S

(4.13)

UEF cd

where αk determines the strength of the prior assumptions relative to the observed data, M is
equal to the number of different values which Y can take, and Nk indicates the number of times
the modes of the current CU is equal to yk. Similarly the MAP estimation for P(X|Y) is as
follows:
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where αlm determines the strength of the prior assumptions relative to the observed data, M is
equal to the number of distinct values which Xl can take, and Nlmk indicates the number of times
that the mode of the lth predictor is equal to xlm, given the mode of the to-be-encoded CU in DV
is equal to yk. To find the hyper parameters αk and αlm, which constitute the initial model, three
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representative video sequences (see Section 4.4) are used in our approach. These video
sequences are excluded from the video sets used to test our approach.
In order to improve the efficiency of the initial model and also make sure that it works for all
possible encoding configurations, we fine-tune it by using the first few frames of each scene
[106]. In our Naive Bayes FMA (NB-FMA) implementation (see Fig. 4.4), the first second of the
video (i.e., 25 frames for 25fps format) is coded using a conventional 3D-HEVC encoder. Note
that the number of frames is based on our empirical tests. The mode information of these frames
is used for fine-tuning the model. During the training/fine-tuning process, the BV and DVs are
encoded using the original 3D-HEVC encoder. For each CU in the DV, the information about the
chosen mode is stored and the probability values are updated as the coding process continues.
Based on this information, the probability of each mode (for a to-be-coded CU in DV) given the
predictor CUs’ mode is calculated. The 3D-HEVC modes (inter and intra modes) are labeled by
discrete numbers and each mode is considered as a class.
During the training process, the probability values are updated as the coding process
continues. In the testing process, first the BV is encoded, and then the encoder encodes the DVs.
Unlike the training process, the encoder does not check all of the inter and intra prediction

Figure 4.4 Block diagram of the proposed method.
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modes. Instead, the modes of the predictor CUs are used for predicting the mode of the current
CU. In this study, the three mode candidates with the highest probability among all the available
modes are chosen, and the encoder calculates the RD cost for these three candidates and chooses
the one with the smallest RD cost. If scene change occurs, the training process is repeated to
update the probabilities of the model.

4.3 Bayesian Based Mode Prediction Method for 3D-HEVC
The objective of our work is to reduce the complexity of the 3D-HEVC codec by utilizing the
coding information of the base texture view (BVt) and the dependent texture views to minimize
the redundant computations involved in coding the dependent texture views. In summary, first
we attempt to decrease the complexity of the mode search process of the dependent texture view
(DVt) CUs using two different approaches, namely complexity reduction based on the quad-tree
parenthood model, and complexity reduction using the neighborhood model. The quad-tree
parenthood approach is based on a probabilistic model that uses correlations between different
CUs of the same quad-tree structure to predict the probabilities of inter/intra modes of to-beencoded CU in current DVt. The second mode-search approach is a probabilistic model that
utilizes the inter/intra modes and motion homogeneity of already encoded blocks in the BVt and
the current DVt to predict the probability of inter/intra mode with the lowest RD cost (called
LRC mode hereafter) for the to-be-encoded block in the current DVt. The second probabilistic
model also considers if the already encoded CUs are all-zero blocks. Unlike the method
presented in Section 4.2, these two probabilistic models are fine-tuned during the encoding
process.
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In addition to reducing the complexity of the mode search process of 3D-HEVC, we also
attempt to decrease the complexity of inter prediction using the adaptive search range adjustment
proposed in Section 4.1.1.
Finally, we suggest a hybrid scheme that consists of a suitable combination of the abovementioned approaches that results in the best possible performance. The following Subsections
elaborate on our proposed scheme.

4.3.1 Mode Search Reduction Using Quad-tree Parenthood Model for
Dependent Texture Views
4.3.1.1 Quad-tree Parenthood Model for Dependent Texture Views
The motion estimation process of 3D-HEVC includes two fast modes, the Skip mode and the
Merge mode, as well as several inter and intra prediction modes, making it the most timeconsuming part of the encoding procedure. To decrease the number of mode searching steps used
by 3D-HEVC in dependent texture views, we need to design a scheme that avoids checking
every possible option in order to identify the mode with the lowest RD-cost. In this Section, first
we build a probabilistic model based on the coding information of the CUs belonging to the same
quad-tree structure within a CTU in current DVt to predict the probabilities of each available
inter/intra prediction mode for the to-be-encoded blocks in current DVt. Then, a FMA is

Table 4.1 Different CU sizes and their corresponding quad-tree depths (when the largest depth is equal to
three).
Depth

0

1

2

3

CU size

A×A

A/2×A/2

A/4×A/4

A/8×A/8
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proposed which uses this model to predict the mode that is more likely to be the LRC mode for
the current DVt CU.
Since 3D-HEVC is an extension of HEVC, it inherits the quad-tree structure of HEVC.
During the encoding process in 3D-HEVC, each frame is divided into several square blocks of
the same size (64x64) known as CTUs. In the first depth layer of the quad-tree structure, each
64x64 CTU can be divided into four 32x32 CUs. Here we consider the CTU to be the parent of
all the CUs in the first depth layer. In the second depth layer of the quad-tree, each CU of the
first quad-tree depth layer (called parent) can be split into four CUs (called children). Note that a
CTU is the ancestor CU for all of the CUs in the second depth layer. Accordingly, a CU in the
second depth layer of the quad-tree can be split into four CUs in the third depth layer. Fig. 3.4 in
Chapter 3 illustrates a CTU and its three-layer quad-tree structure. The size of CUs at different
quad-tree depth layers are presented in Table 4.1. Note that in Table 4.1, A is equal to the
width/height of the CTU.
As seen in Fig. 3.3 of Chapter 3, the CUs at each quad-tree depth level are part of the parent
CU in the lower level. Therefore, it is expected to find high correlation between the LRC modes
of the CUs belonging to the same quad-tree structure within a CTU; these can be utilized for
predicting the LRC mode of the children CUs. In particular, the blue-color CU in Fig. 3.4 is
correlated with the tan-color CUs, thus its LRC mode can be predicted based on the LRC modes
of tan-color CUs [107].
Here, our objective is to propose a probabilistic model that uses the above-mentioned
correlation to predict probabilities of inter/intra modes of the to-be-encoded CU in current DVt.
To this end, we approximate a function from parent/ancestor CU to child CU, or equivalently, a
posterior probability of the mode of current CU given the coding information (such as the mode

111

information) of its parent/ancestor CUs. The estimation of this posterior probability (or
equivalently this function approximation problem) can be modeled as a supervised learning
problem. As a first step for this function approximation, we build a probabilistic model that
utilizes the coding information of the parents/ancestors CUs in the previous quad-tree depth
layers in current DVt, to predict the probability of each mode of the to-be-coded CU. We have
also observed that there is correlation between mode of the to-be-coded CU and having AZB in
the parent CU. For instance, the chance of having the Merge mode in child CUs is more than
90% on average for our training video sequences, when AZB is detected in the parent CUs. Note
that AZB blocks are the residual blocks which all of their elements become equal to zero after
taking transform and quantization. In the case that AZB is detected for a CU, AZB=1; Otherwise,
AZB=0. Therefore, for mode prediction in the quad-tree parenthood model, we use the mode and
AZB information of the parent/ancestor CUs. Hence, a probability is assigned to each mode and
AZB of the current CU at the nth dependent texture view (nth DVt) (in depth d) given the mode of
the parent/ancestor CU in the previous depth layer (depth p) and the same DVt (i.e., P(mode of
current CU at the nth DVt in depth d | mode and AZB of the parent/ancestor CU in depth p and
the same DVt)). To define this posterior probability, different numbers are assigned to different
3D-HEVC modes (including the Merge/Skip, inter and intra modes). We call these numbers the
mode classes (labels), hereafter.
Assume Yd is the random variable corresponding to the LRC mode of the current CU in depth
d, Yp is a random vector corresponding to the LRC modes of its parent/ancestor CU in the quadtree depth p (where p<d), and AZBp is a random vector corresponding to observing AZB in the
parent/ancestor CU in the quad-tree depth p. Therefore, the posterior probability can be written
as Pndp(Yd|Yp, AZBp) at the nth DVt. The probability of observing one mode in the current block,
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given the probabilities of the modes and their AZB already found in the previous depths, can be
computed using Maximum Likelihood Estimation (MLE) [89] as follows:
/AØæ 72Ø = Û82æ = (, síµæ = îæ 9 =
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where the element Nndpkqz denotes the number of times that the mode of a CU in the quad-tree
depth d and the nth DVt is k, when the mode of its ancestor/parent in the quad-tree depth p and
the same DVt is equal to q and AZB for that ancestor/parent CU is equal to zp. Nnpqz indicates the
number of times that the mode of a parent CU in the quad-tree depth p and the nth DVt is equal to
q and its AZB is equal to zp. Note that in our study the CTUs are of size 64x64 and the maximum
coding depth of the quad-tree is equal to 3 (according to the encoding configuration we use in
this implementation). To design an appropriate quad-tree parenthood model, we need to compute
all the possible conditional probabilities between the mode information of child CUs at different
depths given the coding information of parent/ancestor CUs for each DVt. Therefore, six
conditional probabilities, Pn32, Pn31, Pn30, Pn21, Pn20, and Pn10 are calculated for the nth DVt.
A major drawback of MLE is that when it is used for estimating probabilities, there are some
situations in which Pndp becomes equal to zero. This means that we may not encounter some
states (modes) during training. Therefore, in this case the classifier will not yield the best
possible solution. This is an example of over-fitting [89]. We address this problem by using
Maximum a Posteriori (MAP) estimation [91]. MAP estimation is a regularization of MLE,
which resolves the above-mentioned over-fitting problem by incorporating a prior distribution
over the parameter that we want to approximate. Since our objective is to predict the mode of the
current CU, a prior distribution is assigned using the prior knowledge we have about those
modes.
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One of the main steps in utilizing MAP estimation, is assigning initial probabilities generated
from the training process. Since the number of inter-intra prediction modes in 3D-HEVC is
larger than two, the distribution of the Pndp here is a categorical distribution. Categorical
distribution is a distribution which describes the probabilities of a random event that has M (in
this study M is equal to number of modes) outcomes and explains the probabilities separately.
That is, the categorical (multinomial) distribution describes the possibility of each of the possible
modes. As a result, for the quad-tree parenthood approach, the solution for the MAP estimate is:
/AØæ 72Ø = Û82æ = ( síµæ = îæ 9 =
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for p=0,1,…,d-1
(4.16)

where αndpkqz determines the strength of the prior assumptions relative to observed data, and K is
equal to the number of distinct values which Yp can take. Note that αndpkqz is the hyper parameter
for the quad-tree parenthood model. The hyper parameters are computed during the training
process as explained later.
In the quad-tree parenthood model complexity reduction approach, the information of the
mode with minimum RD-cost for each CU size and its AZB, during CTU partitioning, are kept
in the memory until the coding of the frame is over. This helps us to utilize the coding
information of parent/ancestor CUs in previous quad-tree depths when building the quad-tree
parenthood probabilistic model for dependent texture views.
In summary, we build a model for the probabilities of all the available modes of the current
CU based on the coding information (mode and AZB) relations that exist between the modes of
CUs in different quad-tree depths of each CTU. By using this model, it is possible to predict the
LRC mode of the to-be-coded block of current DVt. In the following Subsection we introduce a
fast mode assignment for the complexity reduction based on the quad-tree parenthood model.
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4.3.1.2 FMA Based on Quad-tree Parenthood Model for Dependent Texture
Views
In this Section, we propose a FMA method whose main goal is to gradually update the quadtree parenthood model and to utilize it to predict the mode with the lowest RD-cost for the CUs
in DVt. The mode-decision making process inside the encoder is content dependent. That is, once
the content changes the modes are expected to change too. In addition, modes also depend on the
quantization parameters and the chosen encoding configuration. The latter determines the
available modes and other related parameters (e.g., search range, GOP, etc.). For instance, in
some 3D-HEVC configurations, using skip mode is disabled. In other words, the model and its
efficiency will be highly dependent on the configuration used during training. To address this
issue, we decided to implement our FMA using an online learning approach. In online learning,
the main goal is coming up with an initial prediction model that is updated over time. Similar to
other machine learning approaches, the main target is predicting labels (modes with the lowest
RD-cost in this case). Hence, in this study we build the initial quad-tree parenthood model using
a training video database (see the result Section for more details). During the training process
(model initialization), the initial model (hyper parameters) for conditional probabilities (see
equation 2) is found. Thus, before starting the training process, the hyper parameter is set to zero.
This assumption makes MAP estimation the same as MLE. To build the initial model, the
training video dataset is encoded using the original 3D-HEVC encoder and the coding
information (modes and AZBs) of all of the blocks (of different sizes) within the same quad-tree
structure of the CTUs of the BVt and dependent texture views are stored in memory. The 3DHEVC encoder checks all the available inter/intra prediction modes, to find the mode that has the
lowest RD-cost for each CU in BV and DVs. Then, if the quad-tree depth of to-be-encoded CU
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in current DVt is larger than zero, the mode information of its ancestors is utilized to build the
initial model (see equation (4.15)).
For each new video sequence, the initial probabilities of the model are fine-tuned during the
encoding process, resulting in an updated model that is efficiently used for the rest of the video
sequence. More precisely, the FMA based on quad-tree parenthood model (see Fig. 4.5) is
utilized to decrease the complexity of 3D-HEVC. In this FMA, if the quad-tree coding depth of
the to-be-coded CU is larger than zero, based on the mode and AZB of the parent/ancestor CUs
in the previous quad-tree depth/depths and the quad-tree parenthood model (using equation
(4.16)) four most probable modes are found. These modes are suggested as the modes that are
more likely to be the LRC mode. The probability of these modes should be very high (more than
0.95). In Section 4.1.2, an RD-cost threshold (Thr) is suggested for each of the to-be-encoded
DVt CUs by taking into consideration the disparity between the base view and the current DVt.
This threshold is computed using the RD-cost values of already encoded neighbouring blocks in
the current DVt and their corresponding BVt blocks. In order to increase the chance of selecting
the right mode (LRC mode), we use the RD-cost threshold proposed in Section 4.1.2. More
precisely, if the probability of at least one of the modes or together (given the LRC mode and
AZB of parent CU) is larger than 0.95, and at least the RD-cost value of one of the suggested
modes is not greater than the threshold, the mode candidate which has the lowest RD-cost among
the mode candidates is suggested as the LRC mode for current DVt CU. However, if the mode
candidates cannot fulfill the probability condition or the RD-cost condition, the FMA cannot find
the LRC mode. Note, the RD-cost threshold is not defined for the cases that less than two
neighbors are available (see Section 4.1.2). Therefore, in this case the quad-tree parenthood
model FMA fails to find the LRC mode. In addition, when the quad-tree depth is equal to zero,
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Figure 4.5 The block diagram of FMA based on quad-tree parenthood model.

this FMA cannot be utilized. In all the cases that the FMA fails to find the LRC mode, the
encoder checks the unchecked modes to find the LRC mode.
As can be seen in Fig. 4.5, this parenthood model FMA may check one to four modes based
on the four probabilistic rules (probability condition) and four RD-cost rules (threshold).
Therefore, this approach decreases the computational complexity of encoding DVt significantly.

4.3.2 Mode Search Reduction Using Neighborhood Model for Dependent
Texture Views
4.3.2.1 Neighborhood Model (Bayesian Approach) for Dependent Texture
Views
In Section 4.2, a mode prediction method was proposed which used the LRC modes of the
four neighbouring blocks in the current DVt and the LRC mode of the corresponding block in the
BVt to predict the LRC mode of to-be-encoded block in the current DVt. We called this five CUs
as the predictor CUs (see Section 4.2). In that neighborhood model implementation, the
probability of each mode of the current CU was computed during the training process and used
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later. In order to improve the mode prediction accuracy of the method proposed in Section 4.2,
more coding information of already encoded CUs are used in our new method. In this study, we
add the co-located block in the previous frame of the same DVt to the predictor CUs. We call this
predictor CU as the temporal predictor CU. In this Section, the temporal predictor CU is our first
predictor CU in the predictor CUs list. The second predictor CU for the current DVt CU is its
corresponding CU in the BVt. We call this the BVt predictor CU, hereafter. This new block is
added to take the advantage of temporal correlation which exists in each view frame. Moreover,
in the prediction, the new model also considers if the predictor CUs are AZB blocks or not. Our
studies show that motion vector information of the predictor CUs can also be used for mode
prediction. We have observed that when the corresponding CU in the BVt belongs to the region
with homogeneous motion, the chance of having the merge mode as the LRC mode of current
CU in the current DVt is more than 90% for the GhostTownFly video sequence. Our statistical
studies also show the chance of having the merge mode as the LRC mode for a DVt CU is more
than 85% on average for our training video sequences, when the temporal predictor CU belongs
to the region with homogenous motion. In order to extract more complex relations between the
DVt modes and the motion information of the BVt predictor CU and the temporal predictor CU,
we add the motion homogeneity of those two predictor CUs into features that are used for mode
prediction. In [40, 41], an approach is suggested to classify each CTU into three Motion
Homogeneity Categories (MHCs): 1) with homogenous motion, 2) with moderate motion, and 3)
with complex motion. In this study, the motion homogeneity classification approach proposed in
Section 3.1.2 (of Chapter 3) is used to classify motion homogeneity of the predictor CTUs.
Then, the same MHC is assigned for all the CUs with in each CTU. Note, in this study, the
MHCs of the neighbouring blocks are not used for the mode prediction. Because only in the case
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that the frame is encoded, the motion vectors of all the CUs become available and we can
classify each CU in terms of motion homogeneity. In order to make model that uses the LRC
mode and AZB of the predictor CUs, and MHC of the first (temporal) and second (BVt)
predictor CUs for mode prediction, a probability is assigned to each mode of the current CU at
the nth DVt given the modes, AZBs, and MHCs of its predictor CUs (i.e. P(mode of current CU
at the nth DVt| modes and AZBs of the predictor CUs, and MHCs of the BVt and temporal
predictor CUs)). Assume Y is the random variable corresponding to the mode of the current CU,
X is a random vector corresponding to the modes of its predictor CUs, AZB is a random variable
corresponding to observing AZB in the predictor CUs, and MHC is a random vector
corresponding to the MHCs of the first and second predictor CUs. The posterior probability
Pn(Y|X, AZB, MHC) (which determined the probability of the mode of the to be encoded CU at
the nth DVt given the mode, AZB, and motion of the predictor CUs) can be calculated using the
Bayes rule:
/A 12|4, síµ, ") =
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To train a classifier each of Pn(X, AZB, MHC|Y) and Pn(Y) should be estimated. Pn(Y) is our
prior for the to-be encoded CU at the nth DVt. Suppose that there are M different values for
different 3D-HEVC modes which would result in M different values for the random variable Y.
Also, X is a vector with L components (number of predictor CUs) each taking M possible
discrete values which will result in ML -1 different values for the random vector X. AZB is a
vector with L components each taking Z=2 discrete values. MHC is a vector with two (temporal
and BVt predictor CUs) components each taking H=3 discrete values. Therefore, random vectors
AZB and MHC have 2L-1 and 8 different values. In this study, L is equal to the number of
predictor CUs (L=6). The learning algorithm needs to estimate M-1 different parameters to
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estimate Pn(Y), because the probability should sum to one. However, estimating Pn(X, AZB,
MHC|Y) requires learning of an exponential number of parameters i.e. 8M(ML-1)(2L-1), which is
an intractable problem. Thereby, the key to use Bayes rule is to specify a suitable model for
Pn(X, AZB, MHC|Y).
In our study to solve the above-mentioned intractability problem, Naive Bayes classifier [89],
[91] has been used. Naive Bayes classifier dramatically reduces the complexity of estimating
Pn(X,AZB,MHC|Y) by making a conditional independence assumption between the information
of the predictor CUs. This learning algorithm assumes that different members of the X vector and
their AZB and MHC are independent given Y. Taking into account the conditional independence
assumption we have:
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This simplifying assumption makes the representation of Pn(X,AZB,MHC|Y) simpler and
reduces the number of parameters from an exponential term to just M(M*12)+M(2M(L-2)).
To find the Pn(Y|X,AZB,MHC), we need to have Pn(X,AZB,MHC|Y) and Pn(Y). Because of
the major drawback of MLE, we have decided to use MAP estimation [91], [107]. The solution
to the MAP estimate for P(Y) is:
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where the element Nnk is the number of observed instances of class yk. That is, Nnk indicates the
number of times the modes of the current CU at the nth DVt is equal to yk. NnT shows total number
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Figure 4.6 The block diagram of FMA based on neighborhood model.

of CUs which were encoded in the nth DVt. αnk determines the strength of the prior assumptions
relative to the observed data and M is equal to the number of different values which Y can take.
On the other hand for the temporal and BVt predictor CUs the estimate for Pn(X, AZB,MHC|Y) is
as follows:
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where the element Nnlmzhk denotes the number of times Xl=xlm , AZBl=zlh , and MHCl = hlh have
been observed in the instances of class yk. That is, Nnlmzhk indicates the number of times the mode
of the lth predictor is equal to xlm, and its AZB=Zl, and MHCl = hlh, while the mode of the current
CU at the nth DVt is equal to yk. Here, the term Nnk is the number of time the mode yk has been
observed in the nth DVt. αnlmzh determines the strength of the prior assumptions relative to the
observed data and M is equal to the number of distinct values which Xl can take.
For the neighbouring predictor CUs the estimate for Pn(X, AZB|Y) is as follows:
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where the element Nnlmzk denotes the number of times Xl=xlm and AZBl=zlh MHCl = hlh have been
observed in the instances of class yk. That is, Nnlmzk indicates the number of times the mode of the
lth predictor is equal to xlm, and its AZB=Zl, while the mode of the current CU at the nth DVt is
equal to yk. Here, αnlmz determines the strength of the prior assumptions relative to the observed
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data.
Unlike the method proposed in Section 4.2, in this work we implement the test process
following on online-learning. More precisely, the neighborhood model is fine-tuned during the
course of encoding. We use four probabilistic rules and four RD-cost rules to propose an FMA
based on the neighborhood model. By using these rules, this FMA is able to check a smaller
number of modes to find the mode with the lowest RD-cost for the CUs in each DVt compared to
the method proposed in Section 4.2. In the following Subsection, we present the FMA based on
the neighborhood model.

4.3.2.2 FMA Based on Neighborhood Model for Dependent Texture Views
The objective here is to implement a fast mode assignment based on the neighborhood
model, so that the encoder does not need to go through all the modes, thus significantly reducing
the computational complexity of the mode-search process of the 3D-HEVC. Here, we propose a
FMA that fine-tunes the neighborhood model during the encoding process while utilizing that
model to predict the LRC mode of to-be-coded CUs in each DVt. In order to predict the LRC
mode of current CU at the nth DVt, it is suggested to compute P(mode of current CU at the nth
DVt| modes, AZBs of predictor CUs, and motion homogeneity of the BVt and temporal predictor
CUs). The estimation of this posterior probability is modeled as a supervised learning problem.
Our supervised learning problem consists of two stages; the first stage is the training process
and the second stage is the test-tune process. Same as the parenthood model, during the training
process (initializing model) of the neighborhood model, our training video sequences are
encoded using the unmodified 3D-HEVC. The mode information will be used to make the initial
model (compute hyper parameters αnk (Equ. 4.20), αnlmzh (Equ. 4.21), and αnlmz (Equ. 4.22)) for
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the CUs at the nth DVt [107]. There are some circumstances in which the information about all
neighbouring predictor CUs is not available. In such cases the mode of the neighbouring CUs
and the co-located block in the previous frame (temporal CU) along with the corresponding CU
in the BVt is used to build the model. If all four neighbors of a CU in the current DVt are not
available, the model just uses the BVt and temporal CU information as a predictor (if available).
Otherwise, the neighborhood probabilistic model is not updated.
During the test-tuning process, the unmodified 3D-HEVC encoder is used to encode the BV
of the training video sequences. Then, the neighborhood model is employed to predict the
probabilities of all the available modes for the to-be-coded CUs in DVt. Fig. 4.6 illustrates the
block diagram of the proposed neighborhood model based FMA. Here, if at least one of the
predictor CUs is available, the four most probable modes are found using the optimal Bayesian
decision approach [107]. In order to suggest LRC modes for the to-be-encoded CU in the current
DVt, two conditions are considered. First, the probability of the suggested modes needs to be
larger than 0.95, thus resulting in insignificant bite-rate increase. As discussed before, this FMA
uses an online learning approach to gradually build the probabilistic model for the CUs in current
DVt. Therefore, the chance of choosing wrong modes for CUs, especially for the CUs of the first
frames, is not low. As a result, same as the parenthood model, the RD-cost threshold proposed in
Section 4.1.2 is utilized to form the second condition. Note that by using the probability
condition and the RD-cost condition it is possible to check less number of modes compared to
the method proposed in Section 4.2 to find the LRC mode. First, the RD-cost threshold is
computed using the available neighbouring CUs (see Section 4.1.2). Then, the FMA checks two
conditions: If at least one of suggested modes or together have the probability which is larger
than 0.95 and the RD-cost value of at least one of them is not greater than the RD-cost threshold
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(proposed in Section 4.1.2), the fast mode assignment based on the neighborhood model will be
applied and the rest of the modes won’t be checked. If the mode candidates do not fulfill the
probability condition or the RD-cost condition, this FMA is not able to find the mode. Note that
if fewer than two neighbors are available, the threshold value is not available. In the case that the
FMA fails to find the mode, the unchecked modes will be checked by the encoder to find the
LRC mode. Finally, the neighborhood model (probabilities) will be updated using the LRC mode
of current CU in the current DVt. As can be seen in Fig. 4, the neighborhood model FMA may
check one to four modes based on the four probabilistic rules and the four RD-cost rules.
Therefore, the complexity reduction based on the neighborhood model leads to significant
computational complexity reduction for encoding CUs in dependent texture views.

4.3.3 Online-learning Based Hybrid Complexity Reduction Scheme for
Dependent Texture Views
In the previous Subsections, to decrease the mode search process in dependent texture views
two FMAs were proposed. To further decrease the complexity of 3D-HEVC, one may consider
reducing the inter prediction search window and implement early termination mode search
approaches. In our final design of a hybrid complexity reduction scheme, we utilize a suitable
combination of the FMA approaches described above, our early termination method proposed in
Section 4.1.2, and our adaptive search range adjustment method also proposed in Section 4.1.1.
This combination leads to an effective scheme with the best possible complexity reduction
performance. Fig. 4.7 shows the block diagram of our hybrid complexity reduction scheme. First,
the probabilistic quad-tree parenthood model and probabilistic neighborhood model are
initialized using the training video sequences. More precisely, our training video sequences are
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encoded using unmodified 3D-HEVC encoder and the mode information of the encoded CUs is
used to build the model. For any new video sequence the BV is encoded using the unmodified
3D-HEVC encoder. The mode and motion information of the CUs in BVt are stored in memory.
The BVt motion information is utilized later for predicting the appropriate search range for each
CTU in current DVt using the adaptive search range adjustment method proposed in Section
4.1.1. Afterwards, the encoder starts encoding each DV. Unlike the training process, the encoder
does not check all of the inter-intra prediction modes for the current DVt CU. Instead, if the
coding depth of the current CU is equal to zero, the neighborhood model FMA is utilized to
predict the mode. If this FMA approach fails to predict the mode, the encoder starts checking the
unchecked modes and once the RD-cost value of one of the checked modes is lower than a
predetermined threshold (see Section 4.1.2), the encoder applies the early termination method
and the rest of the modes are checked. For cases in which the quad-tree coding depth is greater
than zero, first the hybrid complexity reduction scheme uses the parenthood model FMA. If this
FMA fails to find the LRC mode, the neighborhood model FMA is utilized to predict the best

Figure 4.7 Block diagram of our proposed Hybrid complexity reduction scheme for the dependent texture
views of the 3D-HEVC encoder.
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mode. If this FMA is not able to find the best mode, the hybrid complexity reduction scheme
uses the early termination method proposed in Section 4.1.2. If the RD-cost of one of the
checked modes is not greater than the threshold, this mode is selected as the LRC mode by the
ET method. Finally, the proposed hybrid method will update the two models using the LRC
mode of the current block.
In online-learning based hybrid complexity reduction method similar to the FMAs, online
learning approach is utilized. This is because it is expected to see scene and content variations
over time during the encoding process of a video. Therefore, we need to update the model during
the encoding process. In other words, the probabilistic models will be fine-tuned gradually.

4.4 Experimental Results and Discussions
In our experiment, we use three training video sequences, the Champagne_tower [108],
Pantomime [108], and Love-bird1 [109]. The resolution, frame rate, and the views of the training
video sequences are described in Table 4.2. In addition, eight test videos from the data set
proposed by the common test conditions (CTCs) [110]–[114] were used for validating our
method (see Table 4.3) and all simulations were performed under CTCs. Note that the training
dataset used for finding the hyper parameters was not included in our validating test videos. Our
method was implemented in the 3D-HEVC software (HTM-12.2). In this software the fast
encoder decision for texture coding [80] was enabled. For simplicity reasons we test the case
Table 4.2 Training video dataset specifications.
Name

Resolution,
Base &
Frame Rate (fps) Dependent Views

Champagne_tower

1280x960,30

V37 , V39

Pantomime

1280x960,30

V40 , V42

Love-bird1

1024x768, 30

V6 , V8
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with only two views (BV+DV). More precisely, the ‘’baseCfg_2view+depth” configuration of
3D-HEVC encoder [115] is used (hierarchal B pictures and GOP length 8). The QPs used for the
views and the depth (QpV,QpD) are as follows: (25, 34), (30,39), (35,42) and (40, 45). The
performance of our proposed hybrid scheme is compared with the complexity reduction methods
proposed in Section 4.1 and Section 4.2. Considering that our hybrid scheme consists of several
approaches, in our experiment multiple testing scenarios are taken into account to evaluate the
effectiveness of different approaches. In our experiment we evaluate the performance of 1) our
parenthood model FMA (presented in Section 4.3.1), 2) our neighborhood model FMA
(presented in Section 4.3.2), 3) Hybrid complexity reduction scheme without online learning (to
investigate the effect of disabling the online learning approach), 4) Online-learning hybrid
complexity reduction with Laplace smoothing (to investigate the effect of using different hyper
parameters), 5) online-learning complexity reduction method without RD cost threshold (when
RD cost threshold conditions are not checked in Fig. 4.5 and Fig. 4.6), 6) online-learning
complexity reduction method without the probability conditions (when probability conditions in
Fig. 4.5 and Fig. 4.6 are not checked), and 7) complete version of the online-learning based
hybrid complexity reduction scheme (presented in Section 4.3.3 and Fig. 5). Note, in the third
testing scenario (hybrid scheme without online-learning), the probabilistic models are not
updated during the encoding process of the new video sequence (the fine-tune process is
disabled). More precisely, the two probabilistic models are built using the training video
sequences. Then, for a new video sequence these models are used for mode prediction. In the
fourth testing scenario we investigate the sensitivity of our online learning scheme to the training
data and the prior knowledge that is used to set the hyper parameters. To this end, instead of
using the information of the training video sequences to set the hyper parameters, we assign
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Table 4.3 Test video dataset specifications.
Name

Resolution, Frame
Rate (fps)

Base &
Dependent Views

Kendo

1024x768, 30fps

V1 , V 3

Newspaper1

1024x768, 30fps

V2 , V 4

Poznan_Hall2

1920x1088, 25fps

V7 , V 6

GhostTownFly

1920x1088, 25fps

V9 , V 5

Balloons

1024x768, 30fps

V1 , V 3

Poznan_street

1920x1088, 25fps

V5 , V 4

Shark

1920x1088, 30fps

V1 , V 5

Undo_Dancer

1920x1088, 25fps

V1 , V 5

Dirichlet prior distribution over our hyper parameters, with the equal valued parameters [89].
Here we use Laplace smoothing in which all the hyper parameters are equal to one [89]. By
using the Laplace smoothing, in the beginning of the test process of the online learning scheme
all the inter/intra modes have the same probabilities and the probabilistic models are fine-tuned
gradually in the course of encoding. In the fifth and the sixth testing scenarios the effect of the
probability conditions as well as the RD cost threshold conditions on our online-learning hybrid
scheme are investigated. In the online-learning complexity reduction without the probability
conditions (sixth testing scenario), the FMAs presented in Section 4.3.1.2 and Section 4.3.2.2
suggest the four most probable modes and only check the RD cost threshold condition. If at least
one of the candidate modes fulfills the RD cost threshold condition, the modified encoder won’t
check the rest of the modes.
The results of our experiments are reported in Table 4.4 and Table 4.5. Table 4.4 shows the
impact of different methods on the Bjøntegaard-Delta bit-rate (BD-BR) values [99] as suggested
in CTCs [99] for video 1 (BD-BR of dependent view), video PSNR/video bitrate (BD-BR of
video0 + video1), video PSNR/total bitrate (BD-BR of video0+video1+depth maps) and
synthesized PSNR/total bitrate (BD-BR of synthesized views). Table V reports the coding
execution time reduction percentage and accuracy of the mode prediction for the DVt compared
to unmodified 3D-HEVC for the video streams.
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As it is observed from Table 4.5, the combination of the adaptive search range adjustment
and ET method (Section 4.1) reduces the DVt coding execution time on average by 29.27%
compared to unmodified 3D-HEVC encoder, at the cost of 1.98% average bitrate-increase (see
Table 4.4) for video PSNR/total bitrate BD-BR and 1.91% average bitrate increase for the
synthesized PSNR/total bitrate BD-BR (see Table 4.4). For this method, the average mode
prediction accuracy for the DVt is about 88.10% (see Table 4.5). As illustrated in Table 4.4 and
Table 4.4 The impact of all the methods on bitrate (of views and synthesized views) for the test video sequences.
M ethods Tested in
Our Study

Test Video Sequences
BD-BR
Kendo

Content adaptive
Video 1
complexity reduction
Video PSNR/Video Bitrate
scheme (Adaptive
Video PSNR/Total Bitrate
search Range
adjustment + ET) Synth PSNR/Total Bitrate
Video 1

Newspaper1

Poznan_Hall2 GhostTownFly

Balloons

Poznan_street

Shark

UndoDancer

Average BD-BR
5.80%

4.31%

4.54%

6.35%

6.71%

8.30%

8.13%

4.22%

3.81%

1.54%

1.67%,

2.32%

2.51%

2.72%

2.31%

1.35%

1.11%

1.98%

1.53%,

1.65%

2.32%

2.49%

2.71%

2.30%

1.31%

1.10%

1.98%

1.49%

1.63%

2.35%

2.42%

2.69%

2.31%

1.29%

1.08%

1.91%

4.42%

2.18%

2.99%

2.25%

3.20%

3.51%

3.95%

1.85%

3.04%

0.71%

1.01%

0.83%

0.85%

0.88%

1.22%

0.75%

0.98%

0.68%

0.99%

0.82%

0.84%

0.87%

1.21%

0.74%

0.97%

Low complexity mode
Video PSNR/Video Bitrate 1.58%
decision approach for
Video PSNR/Total Bitrate 1.58%
3D-HEVC
Synth PSNR/Total Bitrate 1.60%

0.71%

0.98%

0.79%

0.82%

0.86%

1.19%

0.67%

0.95%

1.12%

1.24%

0.96%

0.44%

0.81%

0.71%

0.69%

0.45%

0.80%

FM A based on quad- Video PSNR/Video Bitrate 0.29%
tree parenthood model Video PSNR/Total Bitrate 0.28%

0.23%

0.28%

0.12%

0.21%

0.19%

0.21%

0.10%

0.20%

0.22%

0.27%

0.11%

0.19%

0.17%

0.19%

0.09%

0.19%

Video 1

Synth PSNR/Total Bitrate

0.23%

0.16%

0.21%

0.09%

0.14%

0.11%

0.17%

0.08%

0.15%

Video 1

1.37%

1.53%

0.95%

0.59%

1.19%

0.59%

0.83%

0.64%

0.96%

Video PSNR/Video Bitrate 0.35%
FM A based on
neighbourhood model Video PSNR/Total Bitrate 0.33%

0.32%

0.27%

0.17%

0.32%

0.15%

0.24%

0.18%

0.25%

0.31%

0.27%

0.16%

0.29%

0.14%

0.24%

0.17%

0.24%

Hybrid complexity
reduction method
without onlinelearning

Synth PSNR/Total Bitrate

0.30%

0.29%

0.22%

0.12%

0.25%

0.12%

0.22%

0.13%

0.21%

Video 1

2.98%

2.86%

2.52%

2.45%

3.40%

2.51%

3.32%

2.71%

2.84%

Video PSNR/Video Bitrate 0.93%

0.94%

0.83%

0.88%

0.89%

0.67%

0.84%

1.01%

0.87%

Video PSNR/Total Bitrate

0.92%

0.93%

0.81%

0.86%

0.87%

0.65%

0.83%

0.98%

0.86%

Synth PSNR/Total Bitrate

0.91%

0.94%

0.81%

0.82%

0.84%

0.64%

0.82%

0.94%

0.84%

Video 1

1.98%

2.01%

1.30%

0.74%

1.50%

1.09%

1.28%

0.93%

1.35%

0.56%

0.60%

0.43%

0.22%

0.44%

0.36%

0.42%

0.27%

0.41%

0.53%

0.58%

0.40%

0.21%

0.41%

0.35%

0.40%

0.25%

0.39%

0.50%

0.55%

0.37%

0.21%

0.38%

0.33%

0.38%

0.24%

0.37%

2.23%

1.82%

1.28%

1.02%

1.84%

1.60%

1.84%

1.35%

1.62%

0.65%

0.50%

0.41%

0.32%

0.61%

0.58%

0.62%

0.50%

0.52%

0.64%

0.49%

0.39%

0.31%

0.59%

0.56%

0.59%

0.48%

0.51%

0.63%

0.49%

0.38%

0.30%

0.58%

0.54%

0.58%

0.46%

0.50%

4.41%

4.72%

6.15%

6.01%

8.78%

5.23%

4.61%

4.54%

5.56%

1.58%

1.77%

2.19%

2.02%

3.01%

1.79%

1.59%

1.39%

1.92%

1.55%

1.76%

2.14%

1.99%

2.99%

1.77%

1.57%

1.36%

1.89%
1.87%

Online-learning based
hybrid complexity Video PSNR/Video Bitrate
reduction method with Video PSNR/Total Bitrate
Laplace smoothing
Synth PSNR/Total Bitrate
Online-learning based
Video 1
hybrid complexity
Video PSNR/Video Bitrate
reduction method
Video PSNR/Total Bitrate
without RD cost
Synth PSNR/Total Bitrate
threshold
Video 1
Online-learning hybrid
complexity reduction Video PSNR/Video Bitrate
method without the Video PSNR/Total Bitrate
probability conditions
Synth PSNR/Total Bitrate
Complete version of
Video 1
the online-learning
Video PSNR/Video Bitrate
based hybrid
complexity reduction Video PSNR/Total Bitrate
method
Synth PSNR/Total Bitrate

1.54%

1.77%

2.09%

1.99%

2.95%

1.74%

1.55%

1.32%

1.51%

1.62%

1.04%

0.76%

1.32%

0.99%

1.04%

0.95%

1.15%

0.39%

0.38%

0.33%

0.23%

0.39%

0.44%

0.36%

0.31%

0.35%

0.38%

0.38%

0.31%

0.22%

0.35%

0.43%

0.35%

0.29%

0.34%

0.36%

0.36%

0.26%

0.21%

0.31%

0.41%

0.31%

0.22%

0.31%
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Table 4.5, if the parenthood model FMA is used, the coding DVt execution time is reduced on
average by 44.66% compared to the unmodified 3D-HEVC encoder at the cost of 0.19% average
bitrate increase for the video PSNR/total bitrate and 0.15% average bitrate increase for the
synthesized PSNR/total bitrate BD-BR. This method achieves the DVt mode prediction accuracy
of 96.88% on average. When the neighborhood model FMA is used, DVt execution time
reduction percentage of 50.43% to 55.63% is achieved compared to the 3D-HEVC encoder at the
cost of 0.24% average bitrate increase for the video PSNR/total bitrate BD-BR and 0.21%
average bitrate increase for the synthesized PSNR/total bitrate BD-BR. For this method the DVt
mode prediction accuracy of 96.75% is achieved on average. As it is observed in Table 4.4 and
Table 4.5 the performance of the method proposed in Section 4.2 (Low complexity mode
decision approach for 3D-HEVC) is better than the combination of adaptive search range
adjustment and the ET method (Section 4.1). However, its performance is lower than that of the
quad-tree parenthood model FMA and the neighborhood model FMA.
We can also observe from Table 4.4 and Table 4.5 that the complete version of the onlineleaning based hybrid scheme outperforms all other methods, achieving DVt execution time
reduction of 67.7% at a mere 0.34% bitrate increase on average for the video PSNR/total bitrate
BD-BR and 0.31% bitrate increase for the synthesized PSNR/total bitrate. The average mode
prediction accuracy of this method for DVt is 96.57%. The DVt time reduction performance of
our online-learning based hybrid scheme is on average 25.74% better than our best previously
method proposed in Section 4.2. When the fine-tuning process is disabled (no online-learning is
involved), the hybrid complexity reduction method decreases the DVt execution time by 63.37%
on average at the cost of 0.86% bitrate increase for the video PSNR/total bitrate BD-BR and
0.84% for the synthesized PSNR/total bitrate BD-BR (see Table 4.4 and Table 4.5). These
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results show the importance of our online-learning approach and the reason for including it in
our final hybrid method. When the online-learning based hybrid method uses Laplace smoothing,
the average DVt mode prediction accuracy is reduced only by 0.52% compared to that of the
complete version. This result shows that using Laplace smoothing for the hyper parameters, the
probability conditions and the RD cost threshold conditions in the online-leaning hybrid scheme
Table 4.5 The impact of all the methods on execution time reduction (TR) and the DVt mode prediction
accuracy for the test video sequences.
Methods Tested in Our
Study
Content adaptive
complexity reduction
scheme (Adaptive search
Range adjustment + ET)

Kendo

Newspaper1

Video 1 (DVt) TR

27.11%

24.05%

29.11%

Videos TR

17.90%

17.87%

Videos+depths TR

9.42%

Accuracy

90.82%

Video 1 (DVt) TR
Low complexity mode
Videos TR
decision approach for 3DVideos+depths TR
HEVC
Accuracy
Video 1 (DVt) TR
FMA based on quad-tree
parenthood model

FMA based on
neighbourhood model

Hybrid complexity
reduction method without
online-learning

Online-learning based
hybrid complexity
reduction with Laplace
smoothing
Online-learning based
hybrid complexity
reduction without RD
cost threshold
Online-learning based
hybrid complexity
reduction method without
the probability conditions
Complete version of
online-learning based
hybrid complexity
reduction method

Test Video Sequences

Time Reduction (TR)
& Accuracy

Balloons

Poznan_street

Shark

UndoDancer

Average

38.22%

31.33%

29.12%

25.11%

30.11%

29.27%

18.87%

20.46%

20.44%

18.74%

15.92%

18.95%

18.64%

8.67%

10.16%

12.91%

10.89%

10.49%

6.02%

9.13%

9.71%

90.63%

87.45%

86.87%

83.85%

84.58%

89.79%

90.80%

88.10%
41.96%

Poznan_Hall2 GhostTownFly

41.92%

40.11%

43.00%

43.81%

43.24%

43.11%

40.21%

40.28%

27.90%

29.81%

27.88%

23.45%

28.21%

27.74%

26.63%

25.24%

27.11%

15.23%

15.14%

15.49%

14.94%

15.41%

16.02%

10.74%

12.49%

14.43%

90.55%

93.11%

92.87%

92.11%

91.69%

91.22%

91.34%

93.05%

91.99%

45.68%

45.59%

43.18%

47.24%

46.25%

43.40%

42.73%

43.19%

44.66%

Videos TR

29.36%

33.81%

27.99%

25.29%

30.19%

27.94%

27.21%

27.90%

28.71%

Videos+depths TR

16.08%

17.30%

15.55%

16.19%

16.56%

16.14%

11.00%

13.91%

15.34%

Accuracy

96.54%

95.52%

96.71%

97.51%

97.27%

97.03%

97.11%

97.32%

96.88%

Video 1 (DVt) TR

52.25%

51.36%

52.72%

55.63%

55.15%

53.30%

51.02%

50.43%

52.73%

Videos TR

33.52%

38.12%

34.18%

29.79%

35.98%

34.30%

32.11%

32.32%

33.79%

Videos+depths TR

18.50%

19.64%

20.21%

19.25%

19.93%

20.04%

13.16%

16.27%

18.37%

Accuracy

96.28%

95.47%

96.73%

97.21%

97.05%

97.16%

96.92%

97.14%

96.75%

Video 1 (DVt) TR

64.13%

63.35%

63.02%

66.20%

63.51%

65.22%

62.08%

59.45%

63.37%

Videos TR

41.16%

47.59%

40.87%

38.31%

41.45%

42.02%

41.32%

37.93%

41.33%

Videos+depths TR

21.95%

23.76%

22.17%

24.04%

22.12%

23.77%

16.22%

18.27%

21.54%

Accuracy

92.42%

92.68%

93.21%

91.92%

91.52%

92.97%

92.01%

92.04%

92.35%

Video 1 (DVt) TR

66.77%

64.49%

64.47%

71.06%

66.85%

67.01%

64.26%

62.65%

65.95%

Videos TR

43.35%

48.06%

42.41%

40.73%

44.04%

43.48%

42.48%

40.20%

43.09%

Videos+depths TR

23.22%

24.02%

23.08%

25.69%

23.62%

24.67%

16.73%

19.48%

22.56%

Accuracy

94.93%

94.21%

95.84%

97.15%

96.47%

96.61%

96.21%

96.99%

96.05%

Video 1 (DVt) TR

66.93%

65.23%

65.15%

70.43%

67.59%

67.52%

66.20%

62.75%

66.48%

Videos TR

43.32%

49.12%

42.69%

40.50%

44.31%

44.26%

42.95%

40.18%

43.42%

Videos+depths TR

23.20%

24.59%

23.25%

25.53%

23.78%

25.15%

16.94%

19.47%

22.74%

Accuracy

94.36%

94.56%

95.89%

96.32%

95.61%

95.35%

95.49%

96.20%

95.47%

Video 1 (DVt) TR

50.95%

45.52%

48.58%

42.47%

47.10%

47.48%

39.30%

39.74%

45.14%

Videos TR

32.73%

33.91%

31.51%

24.18%

30.65%

30.62%

25.66%

25.43%

29.34%

Videos+depths TR

17.04%

16.36%

16.64%

14.43%

15.83%

16.78%

9.31%

11.59%

14.75%
88.14%

Accuracy

90.60%

89.84%

87.56%

87.68%

83.11%

88.39%

88.47%

89.48%

Video 1 (DVt) TR

68.34%

66.30%

66.70%

71.44%

68.71%

68.72%

67.12%

64.28%

67.70%

Videos TR

44.02%

49.83%

43.35%

40.86%

44.84%

44.01%

43.72%

40.61%

43.90%

Videos+depths TR

23.61%

24.97%

23.64%

25.77%

24.09%

25.00%

17.28%

19.70%

23.01%

Accuracy

96.11%

95.38%

96.61%

97.09%

96.89%

96.85%

96.69%

96.91%

96.57%
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are able to fine-tune the model. Regarding DVt time reduction, using the Laplace smoothing
results in performance degradation of 1.75% compared to the complete version of the onlinelearning hybrid scheme (see Table 4.5). That is because at the beginning of the fine-tuning
process, the FMAs are not able to suggest the mode candidates.
In the case that in the online-learning hybrid complexity reduction scheme, when the RD cost
threshold conditions are disabled, the DVt mode prediction accuracy drops by 1.1% (see Table
4.5). This is because in the complete version of the online-learning hybrid scheme, the RD cost
threshold is utilized in addition to the probability conditions. Using the RD cost threshold
reduces the chance of selecting wrong modes and overcomes the problem of over-fitting to the
training data described in Section 4.3.1. Using the RD cost threshold is important, especially
when a scene change occurs and at the beginning of encoding a new video sequence. Note that,
in the case that the RD cost threshold is disabled, the average DVt time reduction is 66.48%
while the average DVt mode accuracy is 95.47%. When the probability conditions are not
checked in the online-learning based hybrid scheme, the DVt mode prediction accuracy and DVt
execution time reduction percentage are on average 8.43% and 22.56% lower than those of the
complete version of the online-learning hybrid scheme (see Table 4.5). These results show the
importance of using the probability conditions.
In Table 4.5, in addition to the video 1 (DVt) time reduction percentage, we also report the
BVt+DVt (videos) and videos+depths (BVt+depth0+DVt+depth1) encoding execution time
reduction percentage for each method. In our study, we used the Bugaboo Dell Xeon cluster
from WestGrid, a supercomputing platform in Western Canada. A blade with an Intel Xeon
X5650 6-core processor, running at 2.66GHz, and 8-GB RAM was used for the simulations. As
we see in Table 4.5, the BVt+DVt and videos+depths execution time reduction percentage
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achieved by the complete version of the online-learning based hybrid scheme reach 49.83% and
25.77%, respectively, compared to unmodified 3D-HTM.
In summary, the results show the superiority of the complete version of the online-leaning
hybrid complexity reduction method over the state-of-the-art methods.

4.5 Conclusions
In this Chapter, we proposed a content dependent complexity reduction for 3D-HEVC. Our
method adaptively adjusts the motion search range and introduces an early termination for
inter/intra prediction mode search by taking into consideration the disparity between the base
view and the other (dependent) views. Performance evaluations show that for the same quality
our approach reduces the computational complexity of 3D-HEVC by 29.27% for the dependent
texture view encoding time and by 9.71% for the videos+depth maps encoding time, on average.
Then, we proposed a fast mode decision scheme for 3D-HEVC to improve the efficiency
achieved by our content dependent complexity reduction. Our method uses a Bayesian classifier
to predict the block mode in the dependent view using information of already encoded
neighboring blocks in the base and dependent views. Performance evaluations show that our
approach significantly reduces the coding complexity of 3D-HEVC (up to 41.96% for the
dependent texture view) while minimally hampering the overall bitrate.
In order to further improve the performance of Bayesian based fast mode decision scheme,
this Chapter presents an efficient complexity reduction scheme for the encoding process of the
dependent texture views of the 3D-HEVC encoder. In this regard, we introduce two new fast
mode assignments (FMAs) to predict the mode with the lowest rate distortion cost for the coding
units (CUs) in the dependent texture views. The first FMA builds a probabilistic model that uses
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the mode information of the CUs belonging to the same quad-tree structure with in one coding
tree unit to predict the mode of to-be-coded CU in the current dependent texture view. For mode
prediction, the first FMA, also considers if the CUs belonging to the same quad-tree structure
with in one coding tree unit are all-zero blocks (AZBs). The second FMA builds a probabilistic
model that uses the mode information, AZB information, and motion homogeneity of already
encoded CUs in the base texture view and the current dependent texture view to predict the mode
of to-be-coded CU in current dependent texture view. Finally, we proposed an online-learning
based hybrid complexity reduction scheme based on all the proposed ideas. Our hybrid method
adaptively adjusts the motion search range and decreases the complexity of inter/intra prediction
mode search. During the encoding process, online-learning is used to fine-tune the two FMA
probabilistic models, using the feedback it receives from the encoder. We examine our hybrid
approach for the case that there are two texture views and their corresponding depth maps.
Performance evaluations show that our hybrid approach outperforms other state-of-the-art
schemes by significantly reducing the execution time of the encoder (67.70% for the dependent
texture view encoding time and by 23.01% for the videos+depth maps encoding time, on
average), while minimally hampering the overall bitrate/quality.
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5. Conclusions and Future Work
5.1 Significance and Potential Applications of the Research
Scalable coding enables single channel transmission, which can serve many different quality
levels and resolutions. This allows for cost effective universal access of digital media by a
variety of playback devices and different bandwidth requirements (ranging from TV displays and
computers to tablets and smart phones), an attractive proposition for broadcasters and end-users
alike. In this work we presented coding methods that significantly reduce the complexity of the
original scalable standards, leading to simpler hardware and software implementations, which
have the potential to accelerate the wide adoption of these standards. Our methods are
implemented on MPEG’s SHVC reference software model (SHM) and 3D-HEVC reference
software model (3D-HTM). As such, our contributions are ready to be used by the industry. Note
that all our methods are introduced at the encoder side with the decoder left untouched. The
performance of our methods is compared with that of the unmodified reference codecs in terms
of execution time and compression performance, as recommended by MPEG. Related
contributions were submitted and presented at the ITU/MPEG meetings.
In particular, we develop two complexity reduction schemes for spatial SHVC (Chapter 2)
and four complexity reduction schemes for quality SHVC (Chapter 3). Although the methods
developed for SHVC and presented in these Chapters were designed and tested for standard
dynamic range (SDR) content, they may also be used for High dynamic range (HDR)
applications [116]. The latter is the emerging “revolution” in digital media and scalability may
be considered as the means for supporting compatibility with standard dynamic range content
and displays. In this scenario we could consider the transmission of SDR and HDR content of the
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same video in one bit-stream. In this case, the SDR content is encoded as the BL and its HDR
equivalent is encoded as the EL using SHVC [117], [118]. Another scenario may involve
transmission of several different quality and resolution versions of the same HDR video in one
bit-stream. In both scenarios, all our proposed methods for quality and spatial SHVC may be
used with adjustments/modifications that address HDR content. Details for these changes are
described in the Section for “Future Work”.
In Chapter 4, we proposed several complexity reduction methods for 3D-HEVC, the latest
Multiview/3D compression standard. Lately, TV manufacturers are placing their hopes for the
future of 3D TV on the so-called “glasses-free” 3D TV technology, where “autostereoscopic”
displays show multiple views of 3D (ranging from 8 to more than 100) without the need for
glasses. Autostereoscopic glasses-free displays and 3600 video applications, which are just
emerging require a large number of views that translate to large amounts of data and of course
challenging issues in relation to transmission and storage. Our proposed methods were utilized to
reduce complexity reduction for the case of having 3D streams with 2 views and their
corresponding depth maps, but they can be easily adopted for the autostereoscopic and 3600
video applications. Another attractive application for these methods is the case of 3D virtual
reality and augmented reality [119] where encoding delays for real-time applications will be a
challenge. In such applications, for instance, any movement of the user wearing augmented
reality glasses in the center of a scene, will require the transmission of a new video scene to the
glasses.
News and events transmitted from remote scenes to the main station by reporters and crews
using portable cameras also face power consumption challenges. Our methods may directly
address these challenges in cases of scalable streaming and multiview broadcasting
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5.2 Summary of Contributions
The research presented in this thesis aims at reducing the computational complexity of
scalable coding. The methods presented in this thesis use the correlations that exist between the
different scalable layers, to reduce the complexity of scalable video coding. In order to extract
these correlations, we use statistical studies, regression, and machine learning probabilistic
approaches to design content adaptive complexity reduction methods.
This Thesis addresses three complexity reduction topics related to scalable coding. More
specifically, we 1) developed two content adaptive complexity reduction methods for the spatial
extension of HEVC, 2) designed four content adaptive complexity reduction schemes for the
quality extension of HEVC, and 3) proposed three content adaptive complexity reduction
methods for 3D-HEVC.
•

We propose an adaptive search range adjustment for the motion estimation of spatial
SHVC using statistical studies to reduce the number of search points in motion
estimation. Our proposed method uses the motion information of the BL to predict
appropriate search range value for the EL. Instead of using large fixed search range our
method adaptively sets the search range value, which results in significant complexity
reduction.

•

We also build an EL quad-tree partitioning prediction method at the CU level using
Bayesian approach for the spatial SHVC. The method uses a novel CTU labeling system,
which makes the training process possible. Our method significantly reduces the
computational complexity of the SHVC encoder by reducing the number of partitioning
structures that the encoder checks during the course of encoding.
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•

Next we combine the adaptive search and quad-tree prediction methods into one
complexity reduction scheme for spatial scalability for SHVC The combined method
outperforms every other existing method.

•

We propose an adaptive search range adjustment for the quality scalable extension of
HEVC to reduce the number of search points in motion estimation. The method classifies
each BL CTU based on motion homogeneity and suggests appropriate search range for
the corresponding EL CTU. As a result, it significantly reduces the complexity of
encoding EL in quality SHVC.

•

We propose an EL early termination method for the exhaustive mode search process of
quality SHVC. The method predicts a threshold for the RD cost of each EL block and
terminates the mode search process accordingly. This method reduces the number of
modes that is checked for each EL block and as a result it significantly reduces the
complexity of quality SHVC.

•

We design a content adaptive complexity reduction scheme which uses the adaptive
search range adjustment method proposed for quality SHVC and the early termination
method to achieve higher complexity reduction.

•

In order to further reduce the complexity of the search mode, we design three mode
prediction schemes for quality scalability. First, we use statistical analysis to propose a
hybrid complexity reduction scheme for mode prediction. This method significantly
improves the complexity cost but it also increases the bit rate.

•

To address the above drawback, we propose an EL fast mode assignment (FMA) for
quality SHVC based on the Naive Bayes approach. This method uses a set of
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probabilistic models and the encoding information of the early frames of each scene to
reduce prediction error.
•

We propose an online-learning based inter/intra mode prediction method, which is an
extension of the Bayesian method. This method gradually fine-tunes its model during the
course of encoding, avoiding the need for using early frames.

•

In order to achieve higher performance for quality SHVC, we combine our best mode
prediction method (online-learning based FMA) with our content adaptive complexity
reduction scheme. The combined method reduces the complexity of motion estimation
and exhaustive inter/intra mode search process of the EL in quality SHVC, outperforming
all our individual schemes and every other existing method.

•

We propose a content adaptive search range adjustment and early termination method for
exhaustive mode search for 3D-HEVC.

•

We design a Bayesian based mode prediction for the exhaustive mode search process of
3D-HEVC to further improve the performance of our content adaptive method.

•

Finally, we propose an online-learning based complexity reduction method that
incorporates the two above-mentioned methods to achieve the highest complexity
reduction. Using the online learning approach improves the prediction accuracy and
augments the achieved complexity reduction performance.

5.3 Directions for Future Work
In Chapters 2 and 3, a Bayesian based quad-tree prediction method at CU level is proposed
for spatial and quality SHVC. However, this method is not able to predict the quad-tree
partitioning structure at PU and TU level. One direction for future research would be to further
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reduce the complexity of the SHVC quad-tree partitioning process by designing a quad-tree
prediction method that is able to predict CTU partitioning structures at the PU and TU level in
addition to the CU level. In this regard, another machine learning approach and different
labeling systems may need to be utilized.
Another future research topic of interest is to design mode prediction methods for spatial
SHVC. In this regard, the FMA method based on the Naive Bayes approach designed for quality
scalability can be utilized. The general concept of online-learning based mode prediction
approach proposed for quality scalability (Section 3.2.3) can be used for spatial scalability.
However, the RD cost threshold prediction approach which is used by the online-learning based
mode prediction method needs to be modified. This is due to the fact that it is designed for the
quality scalability using the RD cost information of the BL and EL. In the case of spatial
scalability, corresponding block in the BL is expanded to more than one block (of the same size
of that of the BL) in the EL. As a result, the RD cost prediction equation (3.5) in the case of
spatial scalability becomes equal to weighting average of the RD cost values of the neighbouring
EL blocks and independent of RD cost values of BL blocks (for the spatial ratio of 2). However,
the weighting constants in RD cost prediction approach were computed using the RD cost values
of the BL blocks as well as those of EL. Thus, the weighting constants are not valid for spatial
scalability. Since the RD cost threshold affects the complexity reduction performance and mode
prediction accuracy of online-learning based mode prediction approach method, the RD cost
threshold prediction method needs to be accurately modified for spatial scalability. To address
this issue, currently we are working on a scheme, which predicts the RD cost in the case of
spatial scalability. By using this RD cost prediction method, the online-learning mode prediction
approach can be utilized for spatial SHVC.

140

Once we address all the above issues, an important step will be to combine the spatial and
quality methods into one scheme and test its overall performance.
In Chapter 4, three methods are proposed for reducing the complexity of the exhaustive mode
search process and motion estimation of 3D-HEVC for dependent texture views. However, these
methods are not able to reduce the complexity of quad-tree partitioning of 3D-HEVC.
Therefore, in order to further reduce the complexity of 3D-HEVC’s encoder, a new method
could be developed to predict the quad-tree partitioning structure of 3D-HEVC. The Bayesian
based quad-tree prediction method (at CU level) that is proposed for SHVC needs to be verified
and tested for 3D-HEVC.
The depth map coding costs about 17% of the total encoding time of 3D-HEVC in the case of
2views+ corresponding depth maps, on average. Thus, a related direction for research could be to
work on complexity reduction of depth map coding of 3D-HEVC. The existing complexity
reduction methods proposed for 3D-HEVC’s depth map coding [76], [77], do not address the
complexity of mode search process and CTU partitioning. Therefore, new methods are needed
to address the complexity reduction of the two procedures of depth map coding in 3D-HEVC.
These methods can be designed based on statistical studies and machine learning approaches.
Another direction for future work would be to develop complexity reduction methods for 2D
and 3D HDR content. The mode decision making process and quad-tree partitioning of HEVC
based codecs (SHVC and 3D-HEVC) depends on the content and the encoding configuration. In
order to make the adaptive search range methods proposed for SHVC and 3D-HEVC work for
HDR content, statistical studies need to be conducted on HDR training videos to find the relation
between the motion information of layers/views. In the early termination mode search methods
proposed in Section 3.1.2 and 4.1.2, the weighting constants used for the RD cost prediction
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were calculated using SDR content. Therefore, they need to be recalculated using the HDR
training video sequences. As mentioned in Chapter 3, the hybrid complexity reduction method
proposed for quality SHVC is designed based on statistical studies which were conducted on 2D
SDR training videos. Therefore, these results may not be valid for the case of 2D HDR contents.
New statistical studies need to be conducted for 2D HDR content. The Bayesian based methods
proposed for SHVC and 3D-HEVC use models created using SDR training videos. In the case of
HDR, new models have to be generated using HDR content. As it is mentioned in Section 3.2.3,
the online learning based mode prediction method proposed for quality SHVC uses the RD cost
prediction approach proposed for the early termination. In order to make it work for HDR
content, the weighting constants of RD cost prediction approach need to be recalculated as
mentioned above. Our online-learning based hybrid complexity reduction scheme, which was
proposed for 3D-HEVC, uses the adaptive search range method and early termination method
proposed in Section 4.1. These methods need to be modified using HDR content.
Another interesting direction for future research is light field compression. Light fields can
be reconstructed from images captured by the different microlenses used in Light Field cameras.
In contrast with a conventional camera, which records only light intensity, light field technology
includes the intensity of light in a scene, and also the direction that the light rays are traveling in
space. Every pixel has color properties, directional properties, and its exact placement in space.
Light field technology introduces much more data (light intensity and direction at the same time)
and a new media format, demanding new and much more efficient processing schemes than the
ones currently used and different network requirements [120]. It is imperative to try to use our
knowledge from scalable video coding to try to design new compression schemes for light field
video content.

142

Recently, Joint Video Exploration Team (JVET) of ITU-T has started working on the
advanced version of HEVC [119] known as the “Future Generation of Video Coding”.
Expanding our research to apply to the scalable version of this new codec is only natural.
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