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Abstract

Machine learning approaches have been increasingly used to reduce the high computational complexity of high-efficiency
video coding (HEVC), as this is a major limiting factor for real-time implementations, due to the decision process required
to find optimal coding modes and partition sizes for the quad-tree data structures defined by the standard. This paper pro-
poses a systematic approach to reduce the computational complexity of HEVC based on an ensemble of online and offline
Random Forests classifiers. A reduced set of features for training the Random Forests classifier is proposed, based on the
rankings obtained from information gain and a wrapper-based approach. The best model parameters are also obtained
through a consistent and generalizable method. The proposed Random Forests classifier is used to model the coding unit
and transform unit-splitting decision and the SKIP-mode prediction, as binary classification problems, taking advantage
from the combination of online and offline approaches, which adapts better to the dynamic characteristics of video content.
Experimental results show that, on average, the proposed approach reduces the computational complexity of HEVC by
62.64% for the random access (RA) profile and 54.57% for the low-delay (LD) main profile, with an increase in BD-Rate of
2.58% for RA and 2.97% for LD, respectively. These results outperform the previous works also using ensemble classifiers
for the same purpose.

Keywords Fast video coding - HEVC - Random forests in HEVC - Machine learning in HEVC

1 Introduction

High-efficiency video coding (HEVC) a.k.a H.265 offers
many advanced features. It supports demanding applications
and services like Ultra High Definition TV (UHD-TV) with
display resolutions 4 K X 2 K, or higher, and multi-view
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video with higher dynamic range in terms of color content.
In HEVC, several new coding structures like Coding Unit
(CU), Prediction Unit (PU), and Transform Unit (TU) have
been introduced to improve the coding efficiency. Each video
frame is first divided into Coding Tree Units (CTU) of size
64 x 64. CTU is further divided into multiple square size
CUs at different CTU depth levels, which can vary from
0 to 3 according to the quad-tree structure. The CU size at
depth level 0 is 64 X 64, whilst, at depth level 3, this is 8 X 8
[1]. For encoding, at each CU depth level, the rate-distortion
cost (RD) is evaluated for different prediction modes and
for each PU, TUs of different sizes are also evaluated. The
size of TUs can vary from 32 X 32 to 4 x 4. Together, these
CUs and TUs at different depth levels form a quad-tree, as
shown in Fig. 1. Similarly, for each PU, several intra- and
inter-prediction modes are evaluated. These modes include
intra N X N, intra 2N X 2N, Merge/SKIP mode (MSM), inter
2N x 2N, inter N X 2N, inter 2N X N, inter N X N, inter 2N
X nU, inter 2N X nD, inter nLL X 2N, and inter nR X 2N. The
MSM is used to merge the current PU with its neighbors
when they have the same motion information. The SKIP
mode on its own is a special case of MSM when all coded
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Fig.1 HEVC CU and TU quad-tree structures

block flags are zero, and thus, it is mostly selected as the
optimal prediction mode for coding homogeneous regions in
video frames with very little or no motion. These prediction
modes, combined with the nested CU and TU structures,
have significantly increased the computational complexity
of HEVC, and thus, real-time implementation on platforms
with limited computational resources is quite challenging.

In HEVC implementation, the quad-tree structure for CU
is the main responsible factor for making the encoding deci-
sion process highly complex and computationally intensive,
because every possible CU size from 64 X 64 down to 8 X 8
is explored to find the optimal depth level, based on the RD
optimization through exhaustive search. Similarly, within
each CU, checking all possible TU sizes at different depth
levels and PUs to select the optimal one is also computation-
ally intensive [2]. For real-time implementation of HEVC,
these tasks cannot be based on exhaustive search approaches.

In the recent past, various techniques for fast encoding
have been proposed for HEVC using different approaches,
which can be categorized as (1) methods based on statistical
parameters and spatio-temporal correlations and (2) methods
using machine learning approaches. Spatio-temporal cor-
relation methods exploit spatial and temporal similarities in
video data and often reuse coding information about spatial
neighbors in the current frame and temporal neighboring
blocks from adjacent frames. These techniques often use
soft or hard thresholds to predict block type, prediction
modes, and motion vectors of the current PU (e.g., [3, 4]).
On the other hand, machine learning approaches are based
upon classification models, which use appropriate features
extracted from the video data and also from the encoding
process itself to train a specific type of classifier (e.g., [5,
6]). Then, such a classifier model is used to predict block
types, partition sizes, and prediction modes with much lower
computational complexity than the other methods based on
exhaustive search.
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Random forests (RF) is an ensemble classifier composed
of multiple decision trees and a random set of features is
used in each decision tree [7]. Random selection of features
along with majority voting among multiple decision trees
enables the classifier to easily adapt to the changes in input
data. This work exploits the RF characteristics to achieve
fast-encoding decisions in the process of determining the
best CU and TU depths and also whether a PU should be
skipped. An efficient feature selection methodology is fol-
lowed, by considering two distinct approaches: information
gain filtering and a wrapper method. Then, an ensemble of
online and offline RF classifiers is investigated to model
the CU and TU splitting decision and also the SKIP-mode
prediction as binary classification problems. In comparison
with the other state-of-art works using similar approaches,
better results are achieved as demonstrated throughout 20
test sequences.

The paper is organized as follows. Section 2 presents
a review of the most recent related work and then Sect. 3
describes the feature selection methodology. Section 4
explains the proposed classifier design and training. Sec-
tion 5 presents the simulation results, and finally, Sect. 6
concludes the paper.

2 Related work

Fast-coding methods based on spatio-temporal correlations
are among those mostly described in the literature. Rhee
et al. [8] have surveyed many fast-encoding algorithms
used for inter-prediction and coding mode decisions in
H.264 and discussed their application to HEVC. Sun et al.
[9] have used direction variance for fast intra-mode deci-
sion and efficient CU partitioning in HEVC. Liquan et al.
[10] proposed an adaptive inter-mode decision scheme for
HEVC that exploits correlations between spatio-temporal
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parameters of adjacent CUs and different CU depth levels
to predict the best mode for the current CU, including the
SKIP mode. Lin et al. [11] proposed two early termina-
tion algorithms for optimal CU depth selection that use PU
residual histogram in the current CU and SKIP informa-
tion of neighboring blocks for the early termination of CU
depth search. Similarly, Tai et al. [12] proposed an early
CU Split scheme that also skips unnecessary PU predic-
tions to reduce computational complexity of HEVC. Their
approach uses depth information of co-located CUs and
RD cost correlation of different prediction modes for the
early termination of the CU Split procedure. Chen et al. [13]
also proposed a fast inter-coding algorithm for HEVC. Their
scheme first divides the CU into static or motion block,
and then, spatio-temporal correlations are used to determine
the CU depth range and prediction mode. Hoyoung et al.
[4] proposed an early SKIP-mode decision scheme, with
an emphasis on video quality, using thresholds on the RD
cost of merge mode for the early decision of SKIP mode.
Similarly, [14—17] have used fast-encoding approaches for
inter-mode decision in HEVC, based on spatio-temporal
neighbors. These techniques that use the behavior of spa-
tial and co-located neighboring blocks for prediction and
speed-up, often use fixed thresholds for prediction, and exit
strategies. Therefore, their performance is highly suscepti-
ble to scene changes and do not easily adapt to the inherent
variability of video content.

Machine learning approaches for fast coding of HEVC
have also been gaining relevance in recent years. Shen et al.
[18] have modeled the CU size decision as a binary classifi-
cation problem, where the CU Split decision is taken upon
a Bayesian decision rule. A set of features is calculated for
each CU and the split decision is taken using the conditional
probability density functions (pdfs) of respective classes. A
mutual information parameter is used to rank and short list
the feature set. Liquan et al. [19] have also used Bayesian
decision theory for the early termination of TU size deci-
sion that uses the variance of residual coefficients for the
early termination of TU Split procedure. Xiong et al. [20]
proposed a pyramid motion divergence approach for CU
size selection in HEVC. Optical flow is estimated for down-
sampled video frames and the variance of the optical flows
of current CU and sub-CUs is used as a motion divergence
parameter. A k-nearest neighbor classifier is then used to
take the split decision at each CU depth level. However,
optical flow and motion divergence computation at pixel
level over the entire frame is a computational overhead in
this approach.

Zhang et al. [5] proposed a machine learning approach
for fast CU depth decision in HEVC. The authors model
the CU Split decision as a three-level hierarchical binary
decision problem, using support vector machines (SVM)
for classification. A three-output joint classifier is

designed to manage the false predictions. A large feature
set is used for classifier training and appropriate param-
eter selection is performed with the help of an RD com-
plexity model. Grellert et al. [21] also used SVM for fast
CU partition decisions in HEVC that uses offline training
to model the classifier, while Kim et al. [22] used online
learning based on a Bayesian decision rule, also for fast
CU partitioning. Similarly, Zhu et al. [23] have imple-
mented multiple binary and multi-class SVM classifier
models to speed-up the CU Split decision and prediction
mode selection, respectively. They also use a combination
of online- and offline-trained models to achieve better
classifier accuracy. Shen et al. [24] also used weighted
SVM for early CU split termination in HEVC. In this
case, the weights are used to reduce misclassification in
the SVM model.

A data mining approach based on decision trees is used
in [6] to allow the early termination of decision processes
that find the best CUs, PUs, and TUs. A separate decision
tree is used for each case and their fixed structure does not
allow any form of adaptability to different types of content.
Furthermore, using single decision trees may lead to overfit-
ting during the training phase, while this is not a problem in
RF. Ruiz et al. [25] have also used decision trees to speed
up HEVC intra-coding. Bochuan Du et al. [26] used RF to
speed up intra-prediction in HEVC. First, CU depth search
is reduced by selecting a range using neighboring CU depth
levels. Then, a RF classifier is used for Split vs. Non-Split
decision. The authors have used the individual pixel values
as feature vectors for the RF classifier, which may contribute
to expand the feature set because of the limited information
gain of individual pixels.

A common aspect of previous works using machine learn-
ing approaches is that most of them use offline training and
are based on a single classifier. These offline-trained clas-
sifiers do not easily adapt to changing conditions in differ-
ent types of video sequences. Therefore, feature selection
becomes highly critical and this is the reason for the major-
ity of machine learning approaches to compute a large fea-
ture set from video data. Thus, some ranking mechanism
should be used to shortlist the most appropriate and effective
features to improve the classifier accuracy. Although some
techniques use online training or cost functions based on
misclassification error to improve classifier performance,
using a single classifier may result in overfitting of the classi-
fier model. This leads to either poor performance in terms of
speed-up for low-motion video or poor performance in terms
of quality for high-motion video. Moreover, computation
of cost functions for classifier accuracy adds to the overall
computational complexity. From the related work discussed
above, one can easily infer that very few techniques avail-
able in the literature use ensemble classifiers. This may be
due to the common understanding that ensemble classifiers
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are more computationally intensive. However, ensemble
classifiers have the unique advantage of diversification that
can easily avoid classifier overfitting and result in a better
performance [27].

In this work, we propose a machine learning approach
based on RF, for reduction of HEVC computational com-
plexity. An ensemble of offline and online classifier models
is proposed, taking advantage of all the characteristics of
these type of classifiers beside being quite computationally
efficient [28].

3 Proposed method

As mentioned in the previous sections, testing all CU sizes
at different depth levels of the CU quad-tree structure is one
of the most computationally intensive tasks during HEVC
encoding. Similarly, within each CU, testing of TU quad-tree
structure and evaluation of all inter-prediction modes for
different CU sizes at all depth levels also adds to the com-
putational complexity. Hence, the proposed methodology
targets these three tasks to reduce the computational com-
plexity of HEVC, based on the RF ensemble classification to
intelligently predict the early CU and TU depth termination
rather than testing all depth levels to find the optimal one.
Similarly, RF-based classifier is also used for the early pre-
diction of SKIP mode during inter-coding. First, it predicts
the SKIP mode at different CU depth levels. Second, it is
used to predict the optimal TU size within each CU. Finally,
the classifier is used for the prediction of early CU depth
termination in the inter-frames. The classification problem
is formulated as binary classification with two classes in
each case. First, a set of features is identified as containing
the best ones to be extracted from the video data and to train
the classifier. Second, the generated classifier model is inte-
grated in the HEVC encoder. Overall the processing pipeline
of the proposed method is shown in Fig. 2. The fast-coding
decisions are taken by the classifier based upon the input
features extracted from video data during encoding at run
time. The feature selection process is described in Sect. 3.2.

3.1 Random forests

RF is an ensemble classifier composed of multiple decision
trees, as shown in Fig. 3. An ensemble classifier, by definition,

Optimal Feature Selection
i. Filtering based Approach
ii. Wrapper based
Approach

Feature Set
Extraction from
Video Data

—>

Random Forests (RF)
Classifier Design and
Parameter Optimization

/ Test Sample

_ Root Node
Tree T1

Tree Tn

‘ Majority Voting ‘

l Final Outcome (C)
Fig.3 Random forests (RF) with N decision trees

is a group of weak classifiers that collaborate to take a strong
decision. For classification, the input test sample is fed to all
decision trees, and then, each decision tree associates the sam-
ple to a specific class. Majority voting is performed on the
outcome of all decision trees to classify the test sample.

The accuracy of RF depends upon the number of trees in
the forest and depth of each decision tree. During the train-
ing process, these trees are generated using random samples
from training data. To further split each node within the tree,
a random number of features are used [7]. This randomness in
tree generation, along with majority voting on the outcome of
all trees in the forest, adds diversification to the RF classifier
and makes it immune to overfitting. During tree generation,
an entropy-based impurity measure can be computed for split
decision at each node in the decision tree according to Eq. 1,
where i(X) is the impurity at node X, p(w;) is the fraction of
samples that belongs to class w;. The decrease in impurity at
node X is measured using Eq. 2, where i(X| ) and i(Xy ) are the
impurities of left and right children nodes X; and Xy. P is the
fraction of training samples that will go to the left child node
after split. Eq. 3 is used as a stopping criterion in decision tree
generation during the training process, where f is a threshold
value [29]:

n

iX)= =Y ((p(w;) log (p(w;))) ¢))

ieC

Fast HEVC Encoding using
Classifier Training . R Clesies .
—> and Evaluation [~~~ » i. SKIP Mode Selection
ii. CU Split Decision
iii. TU Split Decision

Fig.2 Overall block diagram of the proposed methodology
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For training of RF and tree generation, some samples are
randomly selected from a whole data set, while remaining
samples are used to validate the classifier. Such process is
known as out-of-bag training accuracy and this is often used
to cross-validate RF classifier models.

3.2 Feature selection

Feature selection is of utmost importance in machine learn-
ing approaches due to its strong influence on accuracy.
Dimensionality of the feature set is also important, because
a large set may lead to overfitting and increases the compu-
tational complexity. In this work, two different approaches
were evaluated for efficient feature selection. (1) Information
gain filtering-based approach; (2) wrapper-based approach
using RF feature importance as elimination criterion. In
the filtering-based approach, individual features are ranked
based on information gain to reduce the size of the feature
set by only including those with higher rank. In the wrapper-
based approach, the combined effect of different feature sub-
sets is analyzed using a predefined classifier, and then, the
least important ones are excluded [30].

In fast video coding, the relevant features are derived
from the inherent characteristics of the video signal, coding
process, mode decision, and data structures. For instance,
homogeneous regions in a video sequence with smooth tex-
ture and small motion content are more often encoded as
large CU blocks. The depth level of a CU is also highly
correlated with spatial and temporal neighbors. TU Split
decision is highly correlated with the number of non-zero
coefficients and the absolute residue of a block. Similarly,
SKIP inter-prediction mode is usually selected as the optimal
mode for homogeneous or static regions in video frames.
SKIP-mode selection is also correlated with the prediction
modes of neighboring blocks [3].

The proposed methodology to select the best features
comprises two steps. First, a large set of relevant features is
extracted from video data to predict CU and TU depth levels
and SKIP inter-prediction mode. Second, both the filtering-
based approach and wrapper-based approach are used to
find the most relevant features and to drop those that do not
significantly contribute to the decision process. Overall, the
large set includes features about texture, motion, and other
parameters related to RD optimization and data structures.
These include pixel variance and gradient of the current
block using the Sobel operator that gives information about
the texture in the block. The variance of current CU motion
vectors (MV), average MV of neighboring CUs, and sum of

absolute differences (SAD) with co-located blocks that give
information about motion content and homogeneous regions
is also used [24]. Features related to RD optimization and
data structures include non-zero (NZ) coefficient count in
the current block, RD cost of the current block, quantization
parameter (QP), and total bits to encode the current block.
These features give information about residual content in
the current block. In addition, the depth of the neighbor-
ing CU blocks, partition size, average NZ coefficient count
of neighbors, and count of SKIP blocks in the neighbors
give information about the behavior of the neighboring
blocks. To compute the features related to the neighboring
CU blocks, three spatio-temporal neighboring CU blocks
are considered. These include top and left CU in the current
video frame and co-located CU in the adjacent frame [5].

The large feature sets defined in this work are shown in
Table 1 for: fast SKIP-mode selection (15 features), early
CU depth termination (18 features), and early TU depth
termination (7 features). The first approach to selectively
reduce the size of these large feature sets was the filtering-
based approach using the information gain, which can be
described as follows.

If A, is an attribute and C is the class, a decrease in
entropy of C reflects an increase in the information about C
because of attribute A;. This is known as information gain
and it is defined by Eq. 4 [31]:

Information gain = H(C) — H(C|Ai) 4)

where

H(O) = = ) ((pe) log, (p(c))) 5)
ceC

H(CIA;) = = ) p@ Y, ((p(cla)log, (p(clay). (g

a€A ceC

Equations 5 and 6 represent the entropy of class C, before
and after observing the attribute. Hence, information gain
measures the importance of an individual attribute A; and
how effectively it can discriminate between different classes.
To filter out the least important features, each feature A, is
assigned a score based upon its information gain and then
all features are ranked according to such score.

In the wrapper-based approach, first, an RF model is
trained using all features in the data set. To compute the
importance of each feature, it is permuted and the classifier
accuracy is computed with the resultant modified data set. A
decrease in the classifier accuracy because of the permuted
feature represents the importance of that feature [7]. This
process is repeated to compute the importance of all the
features in the data set, and then, they are ranked according
to their importance.

The information gain and feature importance of each
feature was computed for SKIP mode, CU, and TU Split
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Table 1 Large feature set for
SKIP-mode selection, CU, and
TU SPLIT decision

Features

SKIP mode

CU split

TU split

Average neighbors CU depth
Average neighbors partition size

Pixel variance partial (1/4) of Current Block

Pixel average of current block

Pixel variance of current block

MV variance of current block

Average MV of neighboring blocks
Non-zero coefficient count of neighbors
NZ coefficients of current block

SAD with co-located blocks

RD cost of SKIP-mode encoding
Neighboring CU’s average RD Cost
RD cost of current block

SKIP mode count of neighboring blocks
Gradient of current block using sobel
Total encoded bits for current block

NSNS PESANSSASNS

SN

QP of current block
SKIP flag in current block

Abs sum of coefficients of current block

Prediction residual of current block

SANENENE NEN
N N N N N N N N N N N N N N NN

I I
(.
S S

decision for the following four different video sequences:
‘BasketBallDrive’, ‘BQMall’, ‘BlowingBubbles’, and
‘Johnny’. The relevant features are extracted for 20 frames
in each video sequence encoded at four different QP values,
i.e., 24, 28, 32, and 38. The features are extracted for all CU
layers in the CTU, i.e., from layer 0 (64 X 64) to layer 2 (16
X 16). Then, the average information gain of each feature is
computed for all CU sizes. Ranking of each feature based on
average information gain (filter) and average feature impor-
tance (wrapper) is shown in Table 2 for CU Split, SKIP
mode, and TU Split cases. The rank order obtained for each
feature based on the information gain is shown in columns
“F”, while the rank order obtained from wrapper is shown in
columns “W”. Those features with the highest information
gain/feature importance are ranked as ‘1’ in the table, while
higher rank values correspond to lower information gain/
feature importance.

To select the optimal reduced feature sets for CU Split,
SKIP mode, and TU Split cases, multiple RF classifier mod-
els were generated. Starting with the complete feature set
in each case, features were gradually eliminated based on
their rank (according to information gain/feature importance
shown in Table 2), and then, new RF classifier models were
generated. The number of trees in these classifiers was kept
constant at 20 and the accuracy was calculated for each
case. The graphs of the classifier accuracy vs. number of
features for filtering and wrapper approaches are shown in
Figs. 4, 5 and 6 for CU Split, SKIP mode, and TU Split

@ Springer

cases, respectively. In each graph, the number of features
used in the x-axis corresponds to the subset defined by the
same rank order in Table 2. For example, six features in the
graphs of Figs. 4, 5, and 6 include those numbered from 1 to
6 in Table 2 for each case. This can also be seen as building
the graph from the right to the left, by starting to compute
the classifier accuracy for both the filtering and wrapper
approaches using the full set of features and then removing
those with lowest information gain/feature importance, one
by one, till a single feature is left.

Selection of optimal features is a trade-off between the
most relevant features and the feature set diversity. Accord-
ing to the graphs of Figs. 4, 5, and 6, as irrelevant features
are removed (moving in the graph from the right to the
left), classifier accuracy gradually increases up to a certain
point. Then, beyond that point, it again starts decreasing
because of the lack of diversity in the feature set. Similarly,
when features are gradually removed, the impact on accu-
racy depends on their information gain/feature importance,
which may not be same for all the features. For instance
in Fig. 4, for filtering-based approach when feature no. 8
is removed, the classifier accuracy significantly decreases,
because this feature has a relatively high feature importance,
as shown in Table 2. According to the Figs. 4 and 6, the
filtering-based approach reaches the maximum accuracy,
higher than the wrapper-based approach, at 9 and 4 features
for CU Split and TU Split, respectively. For CU SKIP mode,
as shown in Fig. 5, variations in accuracy are small, i.e.,
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Table 2 Reduced feature set Features CU split SKIP mode TU split
(in Bold) for SKIP mode, CU, [ J R
and TU Split decision using the F w F w F W
filtering-based approach
Total encoded bits for current block 1 4 1 2 3
NZ coefficients of current block 2 2 2 1 1
Average neighbors CU depth 3 16 5 13 - -
SKIP flag in current CU block 4 - - - -
SKIP-mode count of neighbor blocks 5 3 7 - -
Average neighbors partition size 6 6 8 - -
NZ coefficient count of neighbors 7 14 4 10 - -
MYV variance of current block 8 - - - -
Pixel variance of current block 9 5 10 3 4 4
Average MV of neighboring blocks 10 7 5 - -
Gradient of current block using sobel operator 11 11 11 9 - -
SAD with co-located blocks 12 12 8 4 5 2
Pixel variance partial (1/4) of current block 13 10 12 11 - -
QP of current block, 14 17 9 12 - -
RD cost of SKIP-mode encoding 15 13 - - - -
RD cost of current block 16 9 13 6 7 6
Neighboring CU’s average RD cost 17 15 15 14 - -
Pixel average of current block 18 18 14 15 - -
Abs sum of coefficients of current block - - - - 3
Prediction residual of current block - - - - 6 5

Fig.4 CU Split decision: RF
classifier accuracy vs. number
of features for filtering and
wrapper-based approaches

87.5 T T T

CU SPLIT: Classifier Accuracy vs. Number of Features

86.5 -

86 [

85.5 -

85

Classifier Accuracy (%)

84.5 -

84 1 1 1

Filtering based Approach | |

=  Wrapper based Approach

8 10 12 14 16 18

Number of Features

91.5%-92.3%, as features are reduced from 15 to 1. Despite
being small, this range of variability should not be neglected
and approximated to zero (i.e., horizontal lines in Fig. 5),
as it would lead to an ambiguous solution where any single
feature would be equally good. Moreover, a very small fea-
ture set may not guarantee enough diversity for all types of
video contents. In Fig. 5, the filtering-based approach shows

maximum accuracy at 10 features, while the wrapper-based
approach shows maximum accuracy at nine features.
Based on this analysis, any of the two feature selection
approaches can be used to select the optimal features in
video data. In this work, we have used the filtering-based
approach as it gives better accuracy out of the two. From
the previous results using the filtering-based approach,
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Fig.5 SKIP-mode selection: RF SKIP Mode: Classifier Accuracy vs. Number of Features
classifier accuracy vs. number 93 T T T T T T T
of features for filtering and
wrapper-based approaches
92.5 i
)
o 92f ]
©
S
=
3
< 9157 A
o
= ® Filtering based Approach
w91 i
g = Wrapper based Approach
(&)
90.5 [ A
90 1 1 1 1 1 1 1
0 2 4 6 8 10 12 14 15
Number of Features
Fig.6 TU split decision: RF TU SPLIT: Classifier Accuracy vs. Number of Features
classifier accuracy vs. number 78 T T T T
of features for filtering and
wrapper-based approaches
76

74 -

® Filtering based Approach

Classifier Accuracy (%)
~
N

= Wrapper based Approach| |

66 | | | | | |

Number of Features

nine features were found adequate to generate the clas- 4 RF classifier design

sifier model for CU Split decision, ten features for SKIP

mode selection, and four features for TU Split decision. The proposed method to achieve fast-coding decisions
The reduced feature sets for the three cases are identified is based on separate RF classifiers trained for the SKIP-
in Table 2 in bold figures, which also represent the rank mode prediction and early termination of CU and TU
order of the selected features. Examples of other previ- depth search.

ous works that also followed a similar type of heuristic

approach for feature selection are [24] and [32].
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4.1 Early SKIP-mode prediction

SKIP mode in HEVC is usually chosen as the optimal pre-
diction mode in smooth image regions with low-motion con-
tent. Moreover, SKIP mode is the most likely used mode at
low bit-rates, i.e., high QP values. If SKIP mode is selected
as the best mode at current CU depth level, then checking
other inter-prediction modes can be skipped, avoiding fur-
ther processing. The ultimate objective of the early SKIP
mode prediction is to determine the optimal mode, without
exhaustively evaluating all intra- and inter-prediction modes.

The proposed model for the early SKIP-mode prediction
uses RF classification to speed up the selection of optimal
prediction mode. The ten input features shown in Table 2
are fed to the RF classifier model at run time, where the
SKIP mode classification is done before checking all other
inter-prediction modes at the current depth level. The out-
come of the binary classifier is either SKIP or Non-SKIP.
If SKIP mode is predicted as the optimal mode, checking
of all the other inter-prediction modes is skipped at current
depth level.

4.2 Early CU depth termination

In a full search implementation, such as the reference soft-
ware HM, the CU depth selection process starts from depth
level 0 and then all depth levels (0-3) are recursively evalu-
ated based on RD cost before the selection of the optimal
CU depth level. Usually, depth level 0 is selected for smooth
regions in video frame and deeper depth levels, i.e., 1, 2,
and 3, are selected for regions with more texture detail and
motion content. Due to the intrinsic nature of the search
algorithm and data structures, large depth levels and small
CU sizes result in fewer encoding bits but increased com-
putational complexity.

The proposed method extracts the nine features shown in
Table 2, from the video data and uses them as input to the
RF classifier model. At each CU depth level, after evalua-
tion of all prediction modes, the RF binary classifier takes
a Split vs. Non-Split decision. If the classifier takes a Non-
Split decision, all deeper CU depth levels are skipped. This
results in major speed boost as all unnecessary CU depth
levels are not checked.

4.3 Early TU depth termination

After prediction, a residual quad-tree is formed at the root
of each CU, which recursively divides each TU into four
sub-TUs starting from TU size 32 X 32. While an exhaustive
search approach checks all possible TU sizes to find the opti-
mal one, the proposed model takes an early TU Split deci-
sion at each TU depth level. If a Non-Split decision is taken,
then checking of sub-TUs is skipped to speed-up encoding.

The four features identified in Table 2 are extracted and fed
to the RF binary classifier model to speed-up the selection
of best depth level in each TU quad-tree.

4.4 Online vs. offline classifier models

In the proposed approach, three different configurations were
investigated for training and testing the RF classifier model.
In the first configuration, the RF model is trained offline and
integrated in the HM Reference. In the second configuration,
the RF model is trained online at run time. In this case, a
few initial frames from each video stream are used for train-
ing and the remaining ones are encoded using the trained
classifier model. In the third configuration, an ensemble of
online and offline classifier models is used, to achieve the
best possible results. The combined classifier score is com-
puted as a weighted average of both classifier outputs. In
this work, a weight of 0.5 was used for each one. For those
configurations where only one classifier is used, the weight
of the enabled classifier is set to 1, while that of the disabled
one is set to zero. The generic diagram of such classifier is
shown in Fig. 7, where the combined scores obtained from
both the online and offline classifier models are used to take
the CU/TU Split and SKIP-mode decisions.

4.5 Overall fast-encoding algorithm

The proposed fast-encoding decision algorithm based on
ensemble classifiers for SKIP-mode prediction, TU Split,
and CU Split early decisions is shown in the flowcharts of
Fig. 8a, b. This algorithm is repeated during HEVC encod-
ing for each CTU in inter-frames starting from depth level
0. The ensemble classifiers for SKIP-mode prediction and
early CU depth termination run at CU level, as shown in
Fig. 8a. After training the classifier models either offline
or online, the main steps of the proposed fast algorithm are
summarized as follows:

Input Features

Classifier
Model

Classifier
Model

(Offline) v v (Online)
Offline RF Online RF
Classifier Classifier

v v

Combined Classifier Score

Classifier Decision

Fig. 7 RF ensemble classifier with online and offline classifier models
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Fig.8 Flowcharts of the overall Loop over

fast-encoding algorithm: a early CTU’s Start
SKIP-mode selection and CU P

Split Decision at different depth il

levels in a CTU, b TU split

evels ma Spi Step 1 Test SKIP Mode at CU
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Step 2

SKIP Mode Selection
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SKIP Mode Decision

N For Each ( Start
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Step 3 Intra 2Nx2N, Intra NxN) v
3 Compute Residual Transform Step 1
at TU Depth_n
Select optimal Prediction
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;, Extract Feature Set at TU
Extract Feature Set at CU Depth_n
Depth_n l
Y TU Split Decisi
. . plit Decision
Step 4 CU Split Decision e Step 2
(RF Ensemble Classifier) (RF Ensemble Classifier)
CU Split Decision TU Split Decision
Step 3
Step 5

Step 1 Test the SKIP prediction mode at current CU depth
level and compute its RD cost.

Step 2 Compute the feature set shown in Table 2 for the
early SKIP-mode selection and run the RF ensemble classi-
fier. If the outcome is SKIP, then select SKIP as the optimal
mode and go to Step 4, otherwise proceed to Step 3.

Step 3 Test all the other inter- and intra-prediction modes
and possible PU sizes at current depth level and select the
optimal prediction mode with minimum RD cost.

@ Springer

Step 4 Compute the feature set shown in Table 2 for the
early CU depth termination and run RF ensemble classifier.
If classifier outcome is Non-Split, stop the rate-distortion
optimization process at current CU depth level and skip the
next step for current CU otherwise proceed to Step 5.

Step 5 Split the current CU into four sub-CUs, increase
CU depth level by 1, and repeat Steps 1 to 5 for the next CU
depth level.

The ensemble classifier for the early TU depth termina-
tion runs at PU level inside every CU, as shown in Fig. 8b.
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The main steps of the proposed fast algorithm are summa-
rized as follows:

Step 1 Compute the residual transform at current TU
depth level.

Step 2 Extract the feature set shown in Table 2 for early
TU depth termination and run RF ensemble classifier. If
classifier outcome is Non-Split, stop the rate-distortion opti-
mization process at the current TU depth level, and skip the
next step for current TU, otherwise proceed to Step 3.

Step 3 Split the current TU into four sub-TUs, increase
the TU depth level by 1 and repeat Steps 1 to 3 for the next
TU depth level.

The RF ensemble classifier for fast selection of SKIP
mode is run for all CU depth levels from O to 3. On the other
hand, the RF ensemble classifier for fast CU Split decision
is only run at CU depth levels 0, 1, and 2, because CU is
not further split at depth level 3. Similarly, the RF ensemble
classifier for fast TU Split decision is only run at TU depth
levels 1, 2, and 3.

The proposed ensemble classifier can also be run in
offline-only mode or online-only mode by disabling the other
model. In offline-only mode, the online training is disabled.

4.6 Classifier training and evaluation

Training of the RF classifier is done in both the offline and
online modes to generate classifier models for SKIP-mode
selection and TU and CU Split decision. For offline training
model, three video sequences ‘BasketBallDrill’, ‘Vidyol’
and ‘PartyScene’ are used. ‘BasketBallDrill’ contains high-
motion content and large temporal variations. Similarly,
‘PartyScene’ contains scene change variations. On the other
hand, ‘Vidyol’ has low-motion content and static regions

Fig. 9 Relation of RF classifier

with homogeneous texture. Using three different sequences
enables the classifier to train for different types of video
content. Similarly, to avoid overlap between training and
testing data and for a better validation of classifier perfor-
mance, training video sequences are encoded at QP values
24,28, 32, and 38, which are different from the QP values
used during classifier testing.

For all three sequences, 20 frames were encoded and the
features previously selected were extracted for training the
three RF classifiers, i.e., for SKIP-mode decision, TU Split
decision, and CU Split decision. To build the decision trees
in the forest, samples were randomly selected from the input
data with replacement. This random selection with replace-
ment may result in replication of some samples from the
original data set, while some others are left out. Samples
that are left out can be used for out-of-bag training accuracy
of the classifier. In the design of the RF model, different
parameters such as the number of trees in the forest, depth
of each decision tree, number of samples at the leaf node,
and the threshold f directly affect the classifier accuracy. To
get the optimal values for these parameters, multiple simula-
tions were run for each of these parameters. In these simu-
lations, one parameter was varied at a time while keeping
the others constant and its impact on the classifier accuracy
was observed. The results of these simulations are shown in
Figs. 9, 10, 11 and 12. The impact of the number of trees on
the classifier accuracy is shown in Fig. 9, where the number
of trees is increased from 1 to 100. As observed in the figure,
after 20 trees, the classifier accuracy remains constant, and
hence, the optimum number of trees was defined as 20.

Similar simulations were run by varying the depth of
each tree in the forest from 1 to 50, and results are shown in
Fig. 10. From these simulations, it is clear that increasing the
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Fig. 10 Relation of RF classifier

Classifier Accuracy vs. Tree Depth

accuracy with trees depth in the 95 T T
forest for SKIP mode, CU and
TU split decisions

85 -

75 -

65 [~

60 -

Classifier Accuracy (%)
~

50 &

® SKIP Mode Decision

= CU Split Decision 7
TU Split Decision 1

45 L L

Fig. 11 Relation of RF clas-

15 20 25 30 35 40 45 50
Tree Depth

sifier accuracy with number 92 T T
of leaf nodes in the forest for

SKIP mode, CU, and TU split ) R R e o e S S R

decisions

=3
@
T

Classifier Accuracy (%)
~ -] (=] [~
(-] o N &

T T T T

~
o

Classifier Accuracy vs. Leaf Nodes

® SKIP Mode Decision
= CU Split Decision
TU Split Decision T

~
£~
o

100 200

depth of the decision tree beyond 10 does not significantly
affect the classifier accuracy, but increases the tree size.
Hence, the depth of the decision tree was selected as 10.
Similarly, based on the results shown in Fig. 11, the optimal
value for number of samples at the leaf node was defined as
100. To minimize the correlation between different trees in
the forest, the number of features (K) for the Split decision at
each node is kept less than or equal to the total number fea-
tures (N) according to Eq. K < \/N . Similarly, to terminate
the decision tree, the threshold f is used as stopping criteria
at each node (Eq. 3). Since the choice of this threshold influ-
ences the tree size and also the accuracy of the classification,
a simulation study was carried out to objectively evaluate its

@ Springer
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1000

influence on the accuracy, for the three types of fast decision.
Based on the results shown in Fig. 12, f = 0.3 was chosen
as a good trade-off between speed and accuracy. Moreover,
it was found that small variations around this value do not
significantly influence the results.

Using the previous optimal values for classifier param-
eters, the accuracy of the classifier model was evaluated
using five video sequences of different resolutions and dif-
ferent video contents in terms of texture and motion. Twenty
frames of each sequence were used for accuracy measure-
ment. Based on the confusion matrix, which is often used
to evaluate the performance of binary classifier models,
the true positive rate TPR = g and the true negative rate
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Fig. 12 Relation of RF classifier
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TNR = % were computed. The classifier accuracy was com-
puted using Eq. 7, where (TP) represents true positive (TP),
(TN) represents true negative, (FP) represents false positive,
and (FN) represents false negative [33]. PP represents total
positive cases and NN represents total negative cases in the
data set. For SKIP-mode decision, true positive represents
SKIP-mode predicted as SKIP and true negative represents
Non-SKIP mode predicted as Non-SKIP. Similarly, for CU
and TU Split decisions, true positive represents a Split case
predicted as Split, and true negative represents Non-Split
case predicted as Non-Split by the classifier.

(TP + TN) x 100

Accuracy(%) = PP+ NN

)

0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Beta Threshold

For SKIP-mode decision, higher TNR (i.e., large number of
cases correctly classified as Non-SKIP) leads to improved
video quality, while higher TPR (i.e., a large number of
cases correctly classified as SKIP) results in higher speed-
up. Similarly, for CU and TU Split decisions, higher TPR
(i.e., large number of cases correctly classified as Split)
also increases the video quality, while higher TNR (large
number of cases correctly classified as Non-Split) increases
speed-up.

For CU SKIP-mode decision, the classifier model has
an average accuracy of 90.04%, average TPR of 0.88, and
average TNR of 0.89, as shown in Table 3. Specially for
sequences with high-motion content, like ‘PeopleOnStreet’
and ‘BlowingBubbles’, where the percentage of SKIP blocks
is small, the proposed classifier achieves small TNR values
of ‘0.96 and 0.90’, respectively, as shown in Table 3. Small

Table 3 REF classifier evaluation for SKIP-mode selection, CU, and TU split decision

Stream o, CU split decision SKIP-mode selection TU split decision
TPR TNR Accuracy (%) TPR TNR Accuracy (%) TPR TNR Accuracy (%)
BlowingBubbles 27 0.93 0.57 70.42 0.84 0.88 86.50 0.85 0.72 74.81
37 0.84 0.81 81.84 0.76 0.90 80.83 0.73 0.92 90.59
BQMall 27 0.92 0.82 84.38 0.94 0.89 92.42 0.80 0.79 79.00
37 0.89 0.90 90.39 0.92 0.89 91.19 0.72 0.92 90.95
Johnny 27 0.85 0.93 92.87 0.97 0.77 95.05 0.70 0.88 86.57
37 0.79 0.98 97.48 0.97 0.72 96.74 0.62 0.98 97.717
BasketBallDrive 27 0.86 0.86 85.59 0.88 0.96 91.44 0.85 0.64 65.54
37 0.80 0.94 93.66 0.87 0.96 88.96 0.77 0.93 92.23
PeopleOnStreet 27 0.96 0.67 77.39 0.90 0.95 93.09 0.79 0.53 62.49
37 0.94 0.79 81.43 0.76 0.96 84.13 0.58 0.89 83.52
Average 0.88 0.83 85.55 0.88 0.89 90.04 0.74 0.82 82.35
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values of TNR result in good video quality. Similarly, for
sequences like ‘Johnny’, with static regions and low motion,
the percentage of SKIP blocks is large, which results in TPR
of 0.97 and good speed-up.

For CU Split decision, the classifier has an average accu-
racy of 85.55%, TPR of 0.88, and TNR of 0.83, as shown in
Table 3. Similarly, for TU Split decision, the classifier has an
average accuracy of 82.35%, TPR of 0.74, and TNR of 0.82,
as shown in Table 3. For sequences with high-motion content,
like ‘BlowingBubbles’ and ‘PeopleOnStreet’ where Split CUs
are often necessary, and TPR of 0.93 and 0.96 results in good
video quality. For sequences with low-motion content like
‘Johnny’, where Split CUs is rarely necessary; high TNR of
0.98 results in good speed-up.

To select the optimal number of training frames for online
RF model, several simulations were run for SKIP-mode selec-
tion, CU, and TU Split decision, while increasing the number
of training frames from 5 to 30. It was found that increasing
the number of training frames, results in lower bitrate increase
(BDBR) and lower speed-up, with all three cases following an
almost linear relationship. A median value of 15 frames was
used in the experiments, which is also inline with the other
previous works [34].

5 Performance evaluation

To evaluate the performance of the proposed method, the
RF models for early SKIP-mode selection, early TU Depth
termination, and early CU depth termination were integrated
in the HEVC reference software, HM version 16.10 [35].
Twenty video sequences of different resolutions and diverse
content have been used. The RF library ‘librf” was used for
the generation of the proposed RF classifier model [36]. As
previously mentioned, offline RF classifier models for SKIP-
mode prediction and CU Split decision have been generated
using three sequences, ‘BasketBallDrill’, ‘PartyScene’, and
‘Vidyo1’, using the bootstrap method. For online generation
of the RF model, 15 frames of each stream were used for
training, assuming that the video content characteristics do
not significantly change during the limited duration of these
test sequences. In longer video sequences without real-time
constraints, temporal segments (i.e., video shots) should be
identified and retraining should be done at shot boundaries.
Simulation results were obtained for Low-Delay Main B pro-
file and Random Access profile in HEVC for QP values of 22,
27, 32, and 37 under the common test conditions [37]. The

platform used for evaluation is an Intel Core i5 machine run-
ning at 1.70 GHz with 8 GB of RAM.

Coding efficiency is measured using BDPSNR (dB) and
BDBR (%) [38]. The speed-up (TS %) is measured in terms
of the difference between the coding time of the HM refer-
ence encoder and the proposed RF-based fast encoding, as
given by Eq. 8, where T, and 7| are the encoding times of
HM reference and proposed RF, respectively. For comparison
of different approaches, only analyzing the speed-up, i.e., TS
alone, does not provide an absolute and fully meaningful per-
formance measure, because, in general, an increase in TS also
increases BDBR. Hence, we have used a fusion measure (FM)
that merges both BDBR and TS into a single performance indi-
cator, defined by Eq. 9. Such indicator measures the amount of
bit rate overhead per complexity reduction unit. Therefore, any
fast-coding method presenting a smaller value of FM means
that complexity reduction is achieved at a lower cost in terms
of bit rate overhead:

(T, - T,) x 100
TS(%) =———— ®)

T

_BDBR x 100

FM S ®

5.1 Comparison with other state-of-the-art

To evaluate the contribution of each RF classifier, the speed-
up results individually achieved by the SKIP-mode selection,
CU Split and TU Split decisions, for Random Access profile,
are shown in Table 4. These results were obtained using RF
offline models for SKIP mode, CU Split, and TU Split deci-
sions. The maximum contribution to speed-up is due to the
early SKIP mode selection algorithm that gives an average
speed-up of 47.47%. The speed-up due to early CU depth
termination is 47.01%, while the early TU depth termination
algorithm yields an average speed-up of 10.48%.

Table 5 shows a comparison of HEVC implementation
with the offline RF model, online model, and ensemble of
online and offline models for Random Access profile. It
is clear from the table that, when implemented individu-
ally, both online and offline approaches yield almost the
same speed-up, but the online approach produces higher
BDBR that results in higher FM score of 6.63 as compared

Table 4 Individual performance achieved by SKIP-mode selection, CU, and TU split decision (RA, Offline)

SKIP-mode selection CU split decision TU split decision
BDBR  BDPSNR TS (%) FM BDBR BDPSNR TS (%) FM BDBR  BDPSNR TS (%) FM
Average  0.66 -0.025 47.47 141 051 -0.018 47.01 130 0.11 -0.004 10.48 0.97
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Table 5 HEVC RD performance comparison for offline, online, and ensemble classifier models (RA)

Stream Resolution  Offline Online Ensemble of offline and online
BDBR BDPSNR TS FM BDBR BDPSNR TS (%) FM  BDBR BDPSNR TS (%) FM
(%)

BasketballPass 416 x 240 3.91 -0.182 4558 8.59 3.54 -0.164 4645 7.62 244 -0.114 4179  5.85
BlowingBubbles 3.72 -0.150 4995 745 4.28 -0.172 50.25 851 285 -0.117 4536  6.28
BQSquare 1.63 —-0.069 51.61 3.16 2.92 -0.124 50.54 578 1.05 —0.045 45.16 233
Flowervase 2.24 -0.120 80.20 2.79 1.66 —-0.090 7224 230 1.28 —-0.069 73.70  1.74
BasketballDrill 832 x 480 2.37 —-0.099 54.08 4.38 2.74 -0.115 5431 5.04 1.76 -0.074 50.13  3.51
PartyScene 2.48 -0.107 41.07 6.03 5.62 -0.243 52.39  10.72 2.96 -0.127 4276  6.93
BQMall 2.29 —0.085 5244 436 5.25 -0.193 56.51 930 3.00 -0.113 51.09 5.87
RaceHorses 2.20 —-0.081 33.89 649 17.36 -0.264 47.88 1537 451 —-0.165 37.01 1220
Johnny 1280 x 720  2.55 -0.072 8440 3.03 1.18 -0.033 7437 159 093 -0.026 77.18  1.20
Vidyol 1.93 —-0.085 84.73 228 0.86 -0.037 73.52  1.17 0.68 —-0.030 76.40  0.89
Vidyo3 3.92 -0.166 83.23 471 243 -0.102 7392 329 152 —-0.065 76.61  1.98
Vidyo4 2.03 —-0.080 82.77 245 0.80 -0.032 69.77 1.14 0.60 -0.024 7373 0.82
FourPeople 1.71 —-0.069 83.79 2.04 1.11 —-0.046 69.83 159 0.77 -0.031 70.57  1.09
KristenAndSara 2.12 -0.079 83.25 255 1.03 -0.040 73.73 140 0.72 -0.027 76.63  0.94
BasketballDrive 1920 x 1080 2.41 —-0.053 56.92 424 490 —-0.105 6332 774 281 —-0.061 5642 498
BQTerrace 2.53 —0.041 61.48 4.11 3.07 —-0.049 56.92 540 1.79 -0.029 5490 3.26
Cactus 3.26 -0.071 61.50 529 4.80 —-0.101 66.86 7.18 3.22 -0.074 6144 523
Kimonol 2.48 -0.075 59.74 4.16 5.59 -0.167 68.26 8.19 438 -0.131 62.67 6.99
PeopleOnStreet 2560 x 1600 2.57 -0.114 33.88 7.59 1149 -0497 51.75 2220 5.55 -0.243 4030 13.78
Traffic 3.20 -0.111 68.33 4.69 5.17 —-0.168 73.80 7.00 3.00 -0.102 68.77  4.37
Average 2.58 —-0.095 62.64 4.52 3.79 -0.137 62.33  6.63 2.29 -0.08 59.13  4.51

to the FM score of 4.52 for offline implementation. Since
the offline RF model has been trained using samples from
multiple video streams encoded at different QP values, it
adapts better to video sequences with diverse characteris-
tics, such as the high-motion content of ‘RaceHorses’ and
‘PeopleOnStreet’. This is the main reason that justifies the
lower FM score obtained for these sequences when encoded
with the offline model and compared with the online model.
On the other hand, the online model performs better than
offline, i.e., lower FM score, for video sequences with
low motion and homogeneous regions like ‘Johnny’ and
‘KristanAndSara’.

When the ensemble of both online and offline approaches
is used, this results in lower BDBR. Hence, the FM score
of the ensemble approach shows improved results as com-
pared to either online or offline individual implementations.
Tables 6, 7 show further results, including comparison with
the other state-of-the-art implementations for Low-Delay
and Random Access (Main profile), respectively. Since the
works of Huang [14] and Chen [13] do not fully cover both
coding configurations, their methods were implemented for
the purpose of this comparison. In the case of Tai [12], the
comparison is made with the results obtained by the authors.

For the case of Low-Delay Main profile, the proposed
approach gives a maximum speed-up of 79.71% with

an average of 54.57%, as shown in Table 6. For Random
Access profile, the results are slightly better. The maximum
speed-up is 84.73% with an average of 62.64%, as shown
in Table 7. For video sequences with low-motion content
and homogeneous regions, such as ‘FourPeople’, where
the number of SKIP CU blocks is large and the percent-
age of Split cases is lower, the proposed approach achieves
higher speed-up. For Low-Delay Main profile, this is 78.98%
with an increase in BDBR of 1.83%, as shown in Table 6
for sequence ‘FourPeople’. In comparison with the recent
works, for the same video sequence, Huang [14] and Chen
[13] achieve lower speed-up (35.45%) with an increase in
BDBR of 0.72% and 71.59% with an increase in BDBR of
7.03%, respectively. Similarly, for the same sequence in Ran-
dom Access profile, the speed-up of the proposed approach
is 83.79% with an increase in BDBR of 1.71%, as shown
in Table 7. Huang [14] reaches a speed-up of 36.47% with
0.36% of BDBR increase and Chen [13] gives speed-up of
62.72% with 0.69% BDBR increase for the same stream.
Hence, for sequences with low-motion content, the proposed
approach performs better as compared to other state-of-the-
art methods, in terms of speed-up in both HEVC profiles.
Similar results can be seen for the other sequences like
‘Johnny’ and ‘Vidyol’. This clearly shows that the proposed
approach adapts better to low-motion video content and
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gives higher speed-up with negligible increase in BDBR as Q
compared to the other state-of-the-art, which underperform g
both in terms of speed-up and BDBR. £
. . N . s S|lQ =@ o o o
For sequences like ‘PeopleOnStreet’ and ‘RaceHorses gleasgezalrs
that have high texture and camera movement, the speed-up °
of the proposed approach is slightly lower than the average. £
This is because these sequences are mostly encoded in small 3
o motion. whi : flezszggezags
CU blocks due to very high motion, which also results in 5 AN S TS e S S R
a very low percentage of SKIP blocks. Therefore, despite S|~ T TE®2A
accurate prediction of SPLIT and Non-SKIP cases by the =
. . . . [
classifier, the overall speed-up is relatively low. For video :
sequences with high-motion content like ‘BasketBallDrive’, Q
- SREFIEIERIREA
the proposed approach achieves a speed-up of 49.16% for E PR R A N R .
Low-Delay profile at BDBR rate of 1.93% and 56.92% at o AR
BDBR rate of 2.41% for Random Access profile. For the 5
same sequence, Huang [14] achieves a lower speed-up of 8
39.87% at BDBR of 0.63% for Low-Delay Profile and Tai Q
[12] achieves 45.0% at BDBR of 1.57% for Random Access ElTIFSESERAIR_R@
ElS S e ade vwn S &
profile. Hence, the proposed approach also outperforms o - = o a
these recent works in terms of speed-up and BDBR for video &
sequences with high-motion content. Furthermore, the pro- 7
poseq approach based on an ensemble of f)fﬂine and onlir.le QE: ca2ga=z2vnegn
classifier models reveals a better adaptation to changes in S-S Fcnms I <x 3
. —
video content as compared to the other approaches that are .
only based on offline classifier models or use fixed thresh- g
e . = S AT A —~ D T D
olds for prediction. oD e e T oA
(=] AN N> 0~ AN A
Overall, the average speed-up of the proposed approach BT3B RZ LT
is higher than all the other state-of-the-art implementa- Fa -
tions under comparison in this work for both the Random E[E2288L8 &S
. . 20 BEARENN SR G-\ ol oS e <)
Access profile and Low-Delay Main profile. This speed-up LTSS A=Z8GC
is achieved while maintaining comparative RD performance. |3 e
Taking into account that 20 video sequences with quite dif- % §
ferent content characteristics and formats were used in the _a;ﬁ B
above experiments, generalization to other video sequences 8|28 ILAREE IS
. . .. O (R wv = o das oS
is expected to yield very similar performance. Thus, the pro- slolelye=z=resgq s
. . . . u:: o | | | — AN A O >~ < O
posed fast-encoding method is an efficient solution to ease Z | g R R T
real-time implementation of highly efficient video encoders. 5 E
a9
Zlalmesgszszzeq
5.2 Reduction in HEVC computation time and RF ElZ|lgg-gvuc g3
classifier overhead 2|2 79T *a 8RR
2 g [
. . 5 | B
Table 8 shows the reduction in HEVC encoding times and s |
the computational overhead of RF classifier during fast g 2
HEVC encoding for different video streams. ‘Ref.Enc Time’ 22| - O 00 — = O 0 O O —
. . . E Q < © 0o~ — O 0 O A
represents encoding time of HM reference without RF clas- S|5ls gy =9a9d
o s s - Ol RRIESITL2R
sifier. ‘RF.Enc Time’ represents the encoding time with RF > |2 aa Y FE=F9
Classifier integrated in the HM reference software. RTimel, T
. i .. s | &2 =& NN
RTime?2, and RTime3 represent the reduction in HM Refer- poll ISl B BB B B S B B
ence encoding time, when each of the three RF classifier % 8 o -
for SKIP-mode selection, CU Split Decision and TU Split 3 s 8 &
Decision are run one by one. OTimel, OTime2, and OTime3 &~ @a = =2 )
. . o ) =
represent the computational overhead time for feature extrac- 2 % % = g ) ié.
. . . . = = 2
tion and classification for each of the SKIP mode selection, - 8 ° 2 L
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CU Split Decision, and TU Split Decision, respectively.
‘Total Overhead’ represents the time for total computations
involved in feature extraction and RF classification during
fast HEVC encoding. According to the Table, the computa-
tional overhead of TU Split Classifier is higher than the other
two classifiers. This is because TU Split Classifier is invoked
multiple times for different prediction modes in each CU at
a specific depth level. These results show that the maximum
overhead of proposed classifier model is 4.13% for ‘Johnny’.
This sequence has homogeneous regions and low motion,
which results in higher speed-up. As a result, the classifier
overhead time increases as compared to the total encoding
time. Overall, the percentage of classifier overhead for dif-
ferent sequences is far less than the reduction in computa-
tional complexity of HEVC. Hence, the proposed classifier
design can be integrated in real-time video encoders with
quite small computational overhead.

5.3 Final remarks

The relative gain in encoding time, given as the percent-
age of computational time reduction, is the most commonly
used metric to evaluate and compare the results of fast video
coding algorithms. Although a direct link to real-time video
encoding cannot be established with such relative measure,
it allows the validation and comparison of results obtained
from different methods published in the literature. For
instance, the other works previously published within the
scope of real-time processing [9, 11, 25] also use percentage
of computational time reduction to evaluate the performance
of different fast video coding methods. Nevertheless, a rela-
tionship with real-time video processing can be established
by measuring the real-time performance of the reference
video encoder, or equivalent implementation running the
same coding decision functions (source code is available
online). Once the run time of the reference is known for
any specific hardware platform, it is straightforward to infer
the processing time expected for an implementation using
the proposed fast methods. Therefore, an indirect link can
always be established between the results presented in the
paper and real-time performance on specific platforms.

6 Conclusion

This paper proposed a fast method for reduction of the
HEVC computational complexity, based on RF ensemble of
online and offline classifiers. A consistent and reproducible
methodology was presented to select the best feature sets and
classifier design parameters. The proposed approach mod-
els CU and TU splitting decision and SKIP-mode selection
as a binary classification problem, using Random Forests
for the early splitting decision and SKIP-mode prediction.

The RF ensemble classifier shows good performance both
for sequences with high- and low-motion contents. Particu-
larly, the experimental results demonstrate that the proposed
approach achieves increased speed-up for low- and high-
motion video streams while ensuring comparative video
quality as compared to the other state-of-the-art. Maximum
and average speed-up achieved by the proposed approach is
84.40% and 62.64%, for Random Access, while, for Low-
Delay Main, it is 78.98% and 54.57%, respectively. Taking
into consideration that these gains are obtained with an aver-
age BDBR of 2.58% (Random Access) and 2.97% (Low-
Delay Main), the overall results demonstrate that RF provide
an efficient solution for fast video encoding that can be used
in real-time implementations.
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