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the textural feature to obtain the probabilities of using Coding Units (CUs), so as to
predict candidate CUs and exclude unlikely ones. Second, we jointly utilize the textural
features, the neighboring Coding Modes (CMs) and Rate Distortion (RD) cost to obtain
the probability of Intra Mode (IM), which is then combined with the probability of its
collocated CU to exclude unlikely IMs. Finally, we investigate distribution of Direction
Modes (DMs), which are then combined with the probability of their collocated CU

to predict candidate DMs and exclude unlikely ones. Experimental results demon-
strate that the proposed algorithm can significantly improve coding speed by 78.64%
with negligible coding efficiency change by a 0.27% decrease in BDBR.

Keywords: SHVC, Coding units, Coding mode, Direction mode

1 Introduction
With the rapid development of science and technology, video applications have been
deeply embedded in our daily life. Digital TV broadcasting, video conferencing, wire-
less video streaming, smart phone communications and so on, have gained widespread
application. Correspondingly, the number of terminal devices with various spatial reso-
lutions is continuously increasing. This poses the requirements for video streams to be
adaptive to different spatial resolutions. Conventional video coding schemes cannot
effectively meet these needs. As the scalable extension of HEVC, Spatial Scalable High
Efficiency Video Coding (SSHVC) provides a practical solution for accommodating
various device requirements. By employing a hierarchical encoding structure, SSHVC
assigns each layer a specific spatial resolution. This design allows the system to efficiently
adapt to devices with different resolution needs by selecting the corresponding layer.
The SSHVC architecture includes a Base Layer (BL) and one or more Enhancement
Layers (ELs). The BL relies on the standard prediction methods of HEVC, while the
ELs introduce inter-layer prediction to further optimize encoding efficiency. Since the
coding process of HEVC is already very complex [1], the process of SSHVC is certainly
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much more complex. This increased complexity limits its deployment in widespread
applications, presenting a notable challenge for further adoption. Therefore, developing
its fast-coding algorithms is very important. For this purpose, we propose a fast-cod-
ing algorithm for SSHVC in this paper. The major novelties of the proposed algorithm
include:

1. Feeding the textural feature into a decision tree to obtain the probabilities of using
Coding Units (CUs), so as to remove unlikely CUs.

2. We combine the probability of Intra Mode (IM) with probability of its collocated CU
to early skip unlikely IM. More specifically, we first use a decision tree to obtain IM’ s
probability. Since IM is within its collocated CU, they certainly have strong relation-
ship. Therefore, we can combine the probability of IM with probability of its collo-
cated CU to early skip unlikely IM.

3. We combine Direction Modes (DMs) distribution with probability of their collocated
CU to predict candidate DMs and exclude unlikely ones. More specifically, we first
investigate DMs distribution. Since DMs are within their collocated CU, they cer-
tainly have strong relationship. Therefore, we combine DMs distribution with prob-
ability of their collocated CU to predict candidate DMs and exclude unlikely ones.

The remainder of this paper is organized as follows. Section 2 provides related work.
Section 3 presents an overview of our proposed algorithm. Sections 4, 5 and 6 describe
the proposed CU selection, Coding Mode (CM) selection and DM selection in details.
Section 7 discusses and analyses the experimental results. Finally, Section 8 concludes
this research and plans for future work.

2 Related work
In order to improve the coding speed, many algorithms have been proposed to improve
coding speed of SSHVC, which are reviewed and discussed below:

2.1 CU prediction

Generally speaking, depths are closely related to textural complexity. CUs with simple
textures usually use smaller coding depths, such as 64x64 and 32x32. On the contrary,
CUs containing complex textures usually use larger coding depths, such as depth 16x16
and 8x8. Therefore, textural features are usually used to predict candidate CUs and skip
unlikely CUs. Liu et al.[2] used convolutional neural network (CNN) to exclude unlikely
CUs. Wang et al.[3] integrate depth probabilities with textural complexity to early skip
unlikely CUs and early terminate CU selection. Xu et al.[4] use deep learning to decide
whether to early terminate CU selection. These algorithms are developed based on tex-
ture features. Since a CU and its neighboring CUs are usually very similar, neighboring
CUs can be utilized to predict candidate CUs and skip unlikely CUs. In [5], the temporal
and spatial correlations and their correlation degrees were combined to predict candi-
date CUs and skip the unlikely CUs. In [6], both inter-layer and spatial correlations as
well as residual coefficients are jointly used to predict candidate CUs of a CU. In [7],
the inter-layer correlation and spatial correlation were combined to predict likely CUs
and remove unlikely CUs. The above algorithms are developed based on correlation.
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Residual coeflicients are closely related to CU selections. Thus they can be used to early
terminate CU selection process. In [8], a hypothesis test is conducted to assess whether
the residuals exhibit significant differences so as to early terminate CU selection pro-
cess. Common significance testing methods, such as t-test [5] and F-test [9], are applied
to assess whether the expected values or variances of the residual coefficients are suffi-
ciently similar, facilitating the early termination of CU selection, so as to accelerate cod-
ing speed.

2.2 CM prediction

Since the residual coefficients and Rate Distortion (RD) cost are strongly related to CM
prediction, they can be used to predict the likely CMs. The research in [10] sorts each
CM from small to large by the RD cost expectation, and then develops a threshold to
early exclude unlikely CMs. Tohidypour et al. [11] uses the already coded neighboring
CUs of the current CU to obtain its predicted RD cost, and if the actual RD cost of a CM
is less than or equal to the predicted RD cost, CM selection can be early terminated. The
work in [12] first predicts candidate CMs by using inter-layer and spatial correlations,
subsequently early terminate CM selection process based on RD cost and residual coeffi-
cients. Zhao et al. [13] uses inter-layer and spatial correlations to sort the candidate CM,
and then uses a constrained model with optimal stopping to terminate the coding pro-
cess early. Wang et al. [14] first check Inter-layer Reference (ILR) CM, and then calculate
its part-zero block to derive a threshold, so as to early terminate CM selection based on
the threshold. Tohidypour et al. [9] use RD cost to determine whether the current CM is
optimal so as to skip unlikely CM.

Generally speaking, inter-layer and spatial correlations are usually used to improve
coding speed. Based on neighboring blocks’ CMs in EL and its co-located block’ s CM in
BL, Tohidypour et al. [15] uses Bayesian method to predict candidate CMs and exclude
unlikely CUs. Lu et al. [16] uses inter-layer and spatial correlations, and textural fea-
tures to predict candidate CMs and early terminate the coding process. Cho et al. [17]
uses both inter-layer and spatial correlations to only predict SKIP CMs in EL, so as to
exclude other CMs. Textures are also related to CM selection. Wang et al. [5] integrates
textural complexity with depth probabilities to skip unlikely CMs and early terminated
CM selection.

2.3 DM prediction
DM prediction: etLiu et al. [18] use textural complexities and directional complexities
to predict DMs and exclude unlikely DMs in rough mode decision procedure. Jiang
et al. [19] use a Sobel operator to predict candidate DMs and skip unlikely ones, so as
to reduce coding time. Zhang et al. [20] calculate the average gradients in the horizontal
(AGH) and vertical (AGV) directions, and subsequently compute the ratio of AGH to
AGV to forecast the potential DMs. Feeding the improved pixel data of CUs, adjacent
blocks, the Sum of Absolute Hadamard Transformed Difference into a Decision Tree, M.
Jamali et al. [21] predicts the DM candidate and skip some unlikely DMs to speed up the
coding process.

Hadamard Costs (HCs) are closely associated with the selection of DMs and are
commonly employed to predict potential DM candidates. Zhang et al. [22] developed
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a HC-based progressive rough DM search that can check likely DMs and skip unlikely
ones to increase the coding speed. The research in [5] combines textural characteristics
with DMs and their associated HCs, thereby enabling the prediction of potential DMs
and efficiently skipping unlikely ones. Wang et al. [8] combines relevant CUs with the
relationships between the IMs and their corresponding HC values to predict candidate
DMs and skip unlikely ones. Wang et al. [3] utilize the difference in HCs of typical DMs
to predict potential DMs. Subsequently, percentages of gradient amplitudes and HCs are
combined to predict likely DMs and early terminate DM selection process. In order to
improve coding speed, M. Jamali et al. [21] developed a HC-based statistical model for
RD cost to predict candidate DMs and remove unlikely DMs.

Although the above algorithms can improve the coding speed, they only predict CU’s
depth, CMs, and DMs independently. Due to both CMs and DMs are collocated in a CU,
they certainly have closely relationship with a probability of their collocated CU. There-
fore, independent prediction without considering their relationship may not achieve the
optimal performance. In order to address this issue, we first feed texture features into a
decision tree to obtain a CU’s probability. Second, we use texture features and RD cost
as eigenvalues, and use a decision tree to obtain the probability of IM, which is com-
bined with probability of its collocated CU to skip unlikely IM. Finally, we combine DM
distributions and probability of their collocated CU to predict likely DMs and exclude
unlikely DMs. Since the probabilities of IM and DM distributions are combined with a
probability of their collocated CU, more CUs can early exclude unlikely IM and DMs,
and coding speed can be significantly improved accordingly.

3 Overview of the proposed algorithm framework

This paper proposes the following three strategies to improve coding speed and main-
tain the encoding efficiency of SSHVC: Textural Features-Based Coding Units Prediction
(TFBCUP), Probability-Based IM Early Skip (PBIMES), Probability and Distribution-
Based DM Selection (PDBDS). The overall structure of the proposed algorithm is shown
in Fig. 1. First, we use TFBCUP to predict candidate CUs and exclude unlikely ones.
Second, we use PBIMES to determine whether IM can be skipped. If PBIMES confirms
the IM skippability condition, IM prediction can be early skipped. Otherwise, we need
to use PDBDS to predict candidate DMs and exclude unlikely ones. In Fig. 1, the left
side shows the three strategies, and the right side shows the process of the proposed
algorithm.

To thoroughly investigate the characteristics of Intra coding within SSHVC, a series of
comprehensive experiments were performed. Eight representative video sequences, each
exhibiting varying levels of motion and texture complexity, were selected for training.
These include Blue_sky, Ducks, Park_Joy, Pedestrian, Tractor, Town, Station2, and Aver-
age. Following the Common SHM Test Conditions (CSTC) [23], two spatial scalability
ratios were considered: 1.5x and 2x, which correspond to the ratios of frame height and
width in the EL relative to those in the BL, being 1.5 and 2 times, respectively.

For the BL, a single Quantization Parameter (QP) set of (22, 26, 30, 34) was applied
across all configurations. In contrast, the EL was tested with two distinct QP sets: (22,
26, 30, 34) and (24, 28, 32, 36). Combining these QP settings with the two scalability
ratios resulted in four experimental cases. Specifically, Case 1 applies a 1.5x ratio with
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Fig. 1 Overview of the Proposed Algorithm

EL QPs of (22, 26, 30, 34); Case 2 also uses a 1.5x ratio but with EL QPs of (24, 28, 32,
36); Case 3 involves a 2x ratio with EL QPs of (22, 26, 30, 34) and Case 4 uses a 2x ratio
combined with EL QPs of (24, 28, 32, 36). Among these, Case 4 presents the highest
disparity in both scaling factor and QP values between EL and BL, implying a minimal
inter-layer dependency.

It should also be emphasized that, in this paper, eight representative sequences were
selected for training. These sequences were deliberately chosen to cover a broad spec-
trum of characteristics, including high versus low texture complexity, strong versus
weak inter-layer dependency, and varying levels of motion activity. Therefore, although
increasing the number of sequences would likely further stabilize the statistical values,
the relative trends and conclusions drawn from our methods are expected to remain
consistent. Moreover, the hyperparameters employed in our strategies (such as probabil-
ity thresholds for CU, IM, and DM decisions) are derived from intrinsic coding proper-
ties rather than sequence-specific tuning. Consequently, expanding the dataset would
mainly refine the numerical performance values but would not substantially affect either
the hyperparameters or the overall conclusions of the proposed framework.

4 Textural features-based coding unit prediction

According to HEVC standard, each 64x64 coding tree unit (CTU) is recursively split
into four equally sized sub-CUs until reach 8x8 CUs. Through the above process, the
optimal division can be obtained, but its computational complexity is also significantly
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increased. To enhance the coding speed, we propose a fast CU selection strategy which
aims to skip unlikely CUs, thereby significantly accelerating the coding speed.

There are different machine learning classifiers, such as Naive Bayes Classifier (NBC),
Decision Tree (DT) and Support Vector Machines (SVM) [24]. NBC is a probabilistic
machine learning model based on Bayes’ theorem, which assumes conditional inde-
pendence between features. NBC requires the statistical estimation of the probability
of each feature first, which can be quite burdensome. SVM is primarily used for clas-
sification and regression analysis. In classification problems, SVM aims to find a hyper-
plane to maximize the spacing between different categories, which usually leads to
complex training and prediction processes [25]. DT is a widely used binary classification
approach known for its comprehensible flow-chart-like structure [26]. Each non-leaf
node performs a test on a specific attribute, with branches indicating the test outcomes
and leaf nodes holding class labels. Due to its simple prediction process and high predic-
tion accuracy, we have chosen DT as the classifier in this paper.

Since feature selection critically influences DT performance, we conduct thorough
analysis to identify optimal eigenvalues for CU partition prediction. Three key features
are selected: 1. Textural complexity: Generally speaking, the more complex the textures
of CUs, the greater their textural variances are. And the corresponding CUs are more
likely to be further split, and vice versa. Obviously, variances of CUs can well reflect their
textural complexity and have strong relationship with CU partition. 2. Directional com-
plexities: Directional complexities are also usually selected to measure textural complex-
ity [27]. Therefore, we apply the Sobel Operator to calculate directional complexities. 3.
QP: QP directly affects CU partitioning decisions: at high QP values, the encoder tends
to select larger CUs; at low QP values, the encoder tends to select smaller CUs.

Although we employed a DT classifier in this paper due to its efficiency and interpret-
ability, the selected features (including textural complexity, directional complexities and
QP) are intrinsic descriptors of CU partitioning and are not dependent on the specific
classifier used. These features could, in principle, also be applied in other classification
models (e.g., NBC, SVM, or neural networks), with the main difference being in the form
of the decision boundaries. Thus, while the classifier type may change, the fundamental

validity of the chosen features remains unaffected.

4.1 Selection of eigenvalues
When choosing a decision tree as a classifier, the selection of eigenvalues is very impor-
tant, which is selected as follows:

4.1.1 Textural complexity
Variances of CUs are selected as eigenvalues to predict CU partition as shown in Fig. 2:

1. The more complex the texture of a CU, the greater the overall pixel variance is, the
CU is more likely to be split, and vice versa (Fig. 2a). Therefore, the overall pixel vari-
ance is closely related to CU partition, which is selected as an eigenvalue and can be

calculated as follows:
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Fig. 2 The division ofa CU
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pij represents luminance value of a pixel located at (i, j) in a CU; p represents the
average pixel value of the CU; w and 4 are width and height of the CU, respectively.

2. If a CU is equally divided into top and bottom parts (Fig. 2b), where T and B respec-
tively refer to top and bottom parts of the CU. The more complex the texture of the
two parts, the greater their average of the pixel variances, the current CU is likely to
be split, and vice versa. Therefore, the average of the pixel variances of the two parts
is closely related to CU partition, which is selected as an eigenvalue and can be calcu-
lated as follows:

2 _ 1 2 + 2 2
Gtop»bottom ) atop Obottom ( )

2
top

pixel variance of the bottom part of the CU, and ot%p_b ottom

oj, represents the pixel variance of the top part of the CU, Gl?ottom represents the

is their average value of
variances. Similarly, the average of pixel variance of the left and right parts is also
closely related to CU partition. We can equally divide a CU into left and right parts
(Fig. 2c), namely parts L and R, and select their average value of pixel variances as an
eigenvalue, which is denoted as Olift— right

3. If we equally divided a CU into four parts (Fig. 2d), namely LT, LD, RT and RD. The
more complex the texture of the four parts, the greater the average of the variances of
the four parts, the corresponding CU will be more likely split, and vice versa. There-
fore, the average of the variances of the four parts is also closely related to CU parti-
tion[27], which is selected as an eigenvalue and can be calculated as follows:

2 L/ 5 2
Ofour = a <Gleft—t0p + Oright-top
3)
+ Ul%ft—bottom + Ulrzight-bottom)

and o2 represent the variance of the

2 2
where oy, 0 right—bottom

2
right—top’oleﬁ—bottom
left-top part, the right-top part, the left-bottom part and the right-bottom part of a

CU; aj%w is their average value of pixel variances of the two parts.
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Fig. 3 Four angular Sobel operators for each pixel

Table 1 Average directional complexities under different angle degrees

Class Sequence Split Mode G G35 G5, [

B Traffic split 32 35 20 16
No-split 12 17 22 9

C Park split 40 42 27 33
No-split 22 15 12 26

D Flowervase split 31 33 35 27
No-split 13 21 19 8

E RaceHorses split 21 27 15 24
No-split 15 17 10 11

4.1.2 Directional complexity

More specially, we adopt four typical diagonal directional (0° 45° 90° 135° ) Sobel
Operator components to calculate their directional complexities of a CU, as shown in
Fig. 3.

Their corresponding directional complexity (DCy;)) can be calculated as follows:

DCijy = Sk * A, (k = 0°,45°,90°,135°) )

Where i, j are horizontal and vertical coordinates of a pixel in a CU, k is angle degree, Sk
represents Sobel Operator for angle degree k as shown in Fig. 3, A is a 3x3-pixel block.
For a pixel located at (i, j), it’s A block is:

pi—1j—1) pi—1)) pi—1Lj+1)
A=| pGj-1  pGj)  plj+1) (5)
pi+1,j—1) pi+1,)) pi+1,j+1)

In order to verify the relationship between directional complexities and CU partition,
the average directional complexities for 32x32 CUs are listed in Table 1.

Split indicates a CU is further divided, and no-split indicates a CU is no longer
divided. From Table 1, it can be observed that the average directional complexity of
split CUs is significantly greater than that of the no-split CUs. Experiment results
show that other CUs also obey this rule. Therefore, the directional complexity is
selected as the eigenvalue.
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4.1.3 QP
Generally speaking, QP plays an important role in CU partition. When QP rises, the
quantity of the large CUs increases, while that of the small CUs reduces, and vice versa

[27]. Therefore, we employ QP as an important eigenvalue to determine CU partition.

4.2 The process of probability based CU selection

Feeding above eigenvalues into the decision tree, we can obtain the probability of using
a CU. Obviously, if the probability is greater than or equal to 0.9, the CU is very likely to
be the optimal CU. Therefore, we can early terminate CU selection. Conversely, if the
probability is less than or equal to 0.1, the CU is unlikely to be the optimal one. Thus, we
can early skip this CU checking.

5 Probability-based IM early skip

In coding process of the EL, CUs will check both ILR mode (ILRM) and IM, and select
the CM with smaller RD cost as the optimal one. In this way, the optimal CM can be
obtained, but this process is quite complex. If we can early skip unlikely CMs, the coding
speed can be improved. In order to improve the coding speed, we first investigate coding
complexity and distribution of CMs, and then use a decision tree to predict likely CMs
and early exclude unlikely ones.

5.1 The coding complexity and distribution of CMs

Generally speaking, if coding complexity of a CM is higher, skipping the CM can save
much time, and vice versa. Obviously, coding complexity of a CM severely influences
the coding speed improvement. Therefore, we need to investigate coding complexity of
CMs. Using the same experimental conditions and sequences as mentioned above in
testing, coding complexity of CMs is listed below in Table 2.

In Table 2, IM and ILRM refer to the proportion of their corresponding coding time.
From Table 2, the average coding time of ILRM and IM are 19.18% and 80.82%, respec-
tively. Obviously, the average coding time of the IM is much more than that of the ILRM.
Therefore, coding complexity of ILRM is much lower than that of IM.

Generally speaking, if proportion of a CM is higher, the probability of using this CM as
optimal CM is greater, and vice versa. Therefore, proportions of CMs are closely related
to CM selection. We refer to proportions of CMs as CM distribution. We use the same

Table 2 Coding complexity of CMs

Category Sequence ILRM IM

B Sunflower 19.36% 80.74%
Tractor 2891% 81.09%

@ Flower vase 19.27% 80.73%
Party Scene 19.10% 80.90%

D Race Horses 18.66% 81.34%
Bubbles 19.33% 80.67%

E Park 18.65% 81.35%
Town 28.24% 79.76%

Average 19.18% 80.82%
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experimental conditions and sequences as mention above to obtain CM distribution as
Table 3.

In Table 3, IM and ILRM represent their corresponding proportions. From Table 3, the
average proportion of ILRM and IM are 73.75% and 26.25%, respectively. Obviously, the
average proportion of ILRM is significantly higher than that of IM.

Based on the above analysis, we can draw conclusions: (1) The coding complexity of
ILRM is much lower than that of IM. (2) The proportion of ILRM is higher than that of
IM.

Based on above analysis, since the proportion of ILRM is very large, making it more
likely to be selected as the optimal CM. In addition, the coding process of ILRM is very
simple, even if it is not the optimal CM, checking ILRM will not waste much time.
Therefore, we can first directly check ILRM, and then use a decision tree to obtain the
probability of ILRM, denoted as Pjrg, to determine whether ILRM is the best one, so as
to early skip unlikely IM. In order to accurately obtain the probability, the selection of

eigenvalues is the key, which will be discussed below.

5.2 Selection of eigenvalues
Generally speaking, CM selection is closely related to texture, correlations, and RD cost.

Therefore, we use them as eigenvalues as follows:

5.2.1 Textural complexity

Generally speaking, textural complexity of a CU may have relationship with selection of
CM. The textural variance can well reflect the texture complexity of a CU. In order to
investigate the relationship between textural variance and CM selection, we use same
video sequences and conditions as above in testing. Taking 32x32 CUs for example, their
textural variances of different CMs are listed in Table 4.

In Table 4, IM and ILRM indicate their corresponding textural variance. From Table 4,
the average textural variance of ILRM and IM are 62.57 and 743.1, respectively. Obvi-
ously, textural variance of ILRM is much smaller than that of IM. In addition, experiment
shows textural variances of CMs in different CUs also obey the same rule. Obviously,
textural complexity has closely relationship with CM selection. Therefore, we can select

textural variance as an eigenvalue.

Table 3 CM distribution

Category Sequence ILRM IM

B Sunflower 81.81% 18.19%
Tractor 71.54% 28.46%

@ Flower vase 58.79% 41.21%
Party Scene 77.99% 22.00%

D Race Horses 73.75% 26.25%
Bubbles 74.43% 25.57%

E Park 88.63% 11.37%
Town 63.05% 36.95%

Average 73.75% 26.25%
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Table 4 Textural variances of CMs

Video 32x32

Sequence ILRM IM
Sunflower 22137 764.13
Tractor 49.65 1196.34
Flower vase 103.17 847.07
Party Scene 36.31 428.13
Race Horses 543 1229.72
Bubbles 43.95 658.13
Park 11.32 548.12
Town 29.35 273.19
Average 62.57 7431

5.2.2 Other eigenvalues

Beyond textural complexity, we select three eigenvalues for CM selection: directional
complexity, the neighboring CM, and RD Cost. These features jointly characterize tex-
ture properties, spatial dependencies, and compression efficiency.

Directional complexity is also an important texture feature [27]. Therefore, we also
select it as an eigenvalue, which can be obtained by using the similar way as 5.2.1.

The neighboring CM information leverages the high spatial correlation between
neighboring CUs. This exploits spatial consistency to infer optimal CM selection. There-
fore, we can use CMs of neighboring CUs as an eigenvalue.

RD cost can effectively reflect performance of CM prediction. If RD cost of a CM is
very small, it indicates that the corresponding CU is predicted very well by the CM, and
vice versa. This deterministic relationship establishes RD cost as an essential eigenvalue
for evaluating CM suitability.

5.3 IM early skip
After select the above eigenvalues, we feed them into a decision tree to obtain Py . Since
there are only two CMs, the probability of IM denoted as Py, can be derived by:

Prutra =1 — Prig (6)

Since IM is within its collocated CU, IM selection is closely with the CU’s probability.
Thus, we can combine Pr,, and probability of its collocated CU denoted as Pcy; to
obtain the final IM probability denoted as Py, which can be obtained by:

Pyt = Prura X Pcu (7)

Obviously, if probability of IM is less than or equal to 0.1, it indicates that IM is unlikely
to be selected as optimal one and can be directly skipped. Therefore, we select 0.1 as the
threshold of the IM early skip.

6 Probability and distribution-based adaptive DM selection

In each CU, there are 35 DMs which are shown in the Fig. 4. All DMs will be checked
to obtain the optimal DM, which lead to a complex coding process. If we can early skip
unlikely DMs, coding speed will be improved.
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Fig. 4 All the DMs in SHVC [28]
Table 5 The DM distribution of 8x8 CUs
Index DMs Percentage Index DMs Percentage
1 0 29.37% I 27 1.73%
2 1 12.54% 12 6 1.72%
3 26 12.06% 13 24 1.50%
4 10 5.20% 14 13 1.39%
5 1 4.58% 15 23 1.10%
6 25 4.53% 16 2 1.06%
7 3.79% 17 18 0.98%
8 2.04% 18 34 0.97%
9 1.89% 19 5 0.96%
10 12 1.79% 20 14 0.96%

In order to improve the coding speed, we first investigate the DMs distribution, and
then predict the candidate DMs based on distribution.

6.1 DM distribution
In order to obtain candidate DMs, we need to first investigate their distribution. Using
the experimental parameters and sequences as above in testing, we can obtain the dis-
tribution of the DMs. Taking the DM distribution of 8x8 CUs as an example, the corre-
sponding DM distribution is listed in Table 5.

In Table 5, the index refers to the order of the corresponding DM and the percent-
age refers to the ration of this DM is selected as the optimal one. From Table 5, we can
observe that with the increase of the index, the percentage of the DMs decreases. As the
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index reaches 10, its percentage decreases to be 1.79%. The sum of the percentage of the
first ten DMs reaches 77.79%, which means most of the CUs eventually select the opti-
mal DM in these 10 DMs. The remainder occupies 22.21%, which means few of CUs will
eventually select the optimal DM in the remainder DMs. Therefore, we define the first
ten DMs of the as the Basic Modes Set (BMS), and the rest DMs as the Rest Direction
Modes Set (RDMS) When the index is greater than 20, the corresponding percentage of
a DM is very small, so we have not list them in Table 5.

6.2 DMs selection based on probability

Since DMs are within their collocated CU, it is certain that they have a strong relation-
ship. Therefore, we can combine DMs within their collocated CU to predict candidate
DMs. When probability of the CU is very small, even its DM prediction is not very accu-
rate, the corresponding influence on coding performance is not very significant. In this
condition, in order to improve coding speed, we can only choose a part of DMs to check.
As mentioned above, the DMs in BMS occupy 77.79% percentage, and there are only
10 DMs. If probabilities of CUs are not very high, we can only choose the DMs in BMS,
thereby the coding speed can be significantly improved. The key is how to obtain the
optimal probability of these CUs. In order to obtain the optimal probability, using the
experimental parameters and sequences mentioned above, we select commonly test val-
ues, such as: 5%, 10%, 15%, 20%, 25%, ...and so on in testing, the corresponding coding
performances for 8x8 CU are listed in Fig. 5:

In Fig. 5, the horizontal axis refers to probabilities of 8x8 CUs, the vertical axis refers
to BDBR. As can be seen in Fig. 5: the value of BDBR stays approximately constant when
probabilities are smaller than or equal to 0.25. Therefore, when probabilities are smaller
than or equal to 0.25, we can only use the BMS. To further improve coding efficiency, for
CUs with higher probability, we can continue to increase the number of the DMs in the
BMS. Experimental results indicates that, when probabilities are smaller than or equal
to 0.35, shifting 4 DMs with the highest probability from the RDMS to the BMS can
obtain the optimal performance. When probabilities are smaller than or equal to 0.45,
shifting 4 DMs with the highest probability from the RDMS to the BMS can also obtain
the optimal performance. When probabilities are smaller than or equal to 0.55, shifting
6 DMs with the highest probability from the RDMS to the BMS can obtain the optimal
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Table 6 The number of DMs in the BMS under different probabilities of 8x8 CUs

Probability of CUs DMs
Number in
the BMS

Less than or equal to 0.25 10

Reaches 0.35 14

Reaches 0.45 18

Reaches 0.55 24

Table 7 Performance comparisons among different proposed strategies

Type Sequence TFBCUP PBIMES PDBDS Proposed
TS BDBR TS BDBR TS BDBR TS BDBR
A Traffic 4312%  —0.05% 62.12% —0.10% 2680% —0.17% 83.52% 03%
PeopleOnstreet  40.67% —030% 6135% —025% 27.72% —0.11% 84.74% 0.6%
B Kimono 4487% —020% 67.03% —024% 3250% —0.19% 83.53% 0.0%
ParkScene 4326% —0.10% 64.58% —0.13% 3049% —0.12% 8284% —0.1%
Cactus 4035% —0.02% 6035% 032% 2631% —0.19% 7027% 0.8%
BasketballDrive  4829%  —0.25%  54.02% 0.81% 2345% —021% 6924% 1.5%
BQTerrace 41.12%  0.02% 42.11%  094% 2460% —0.10% 6805% 0.8%
Average 43.10% —0.04% 5879% 0.19% 2741% —016% 7760%  0.56%

performance. The number of DMs in the BMs under different probabilities of 8x8 CUs is
listed in Table 6. The results of the remaining depths of CUs are similar to those for 8x8
CUs. Through the above processes, the candidate DMs to be checked are remarkably
reduced, thereby the coding speed can be significantly improved.

With the probabilities increase, the number of the DMs in the BMS also continuously
increase. When probabilities are greater than or equal to 0.55, we need to continue to
add more DMs, which will lead to coding speed cannot be improved efficiently. To solve
this problem, we use a Sobel operator to obtain the gradient for a pixel and sum up the
amplitudes of similar gradients to predict potential DMs and efficiently skip unlikely

ones [5].

7 Experimental results

In order to evaluate the performance of the proposed algorithm for SSHVC, we use the
reference software (SHM 11.0) and test the proposed algorithm on a server with Intel (R)
2.0 GHz CPU and 30 GB memory. We evaluate the performances of the proposed algo-
rithms in terms of coding efficiency and coding speed. Coding efficiency is measured
using the BDBR, coding speed improvement is denoted as TS, which is the percentage of
coding time saving only in EL.

As mentioned above, we have provided three strategies, including: TFBCUP, PBIMES
and PDBDS. Since all the above processes use the parameter configuration in Case 4, we
also use this parameter configuration. The corresponding coding performance is listed
in Table 7.

As shown in Table 7, the average coding speed improvements of "TFBCUP", "PBIMES"
and "PDBDS" are 43.10%, 58.79% and 27.41% respectively. Their corresponding average
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BDBR changes are —0.04%, 0.19% and —0.16% respectively. These three strategies all sig-
nificantly improve the encoding speed, while the loss of coding efficiency is small. The
coding speed improvement of the PBIMES is the most significant, but its BDBR also
increases most significantly accordingly. This is because in this process, the IM is very
complex but its proportion is very small, skipping IM can significantly improve coding
speed. In addition, IM is within its collocated CU, they should have a strong relationship.
Combining probabilities of IM with probabilities of its collocated CU, majority of CUs
can early skip unnecessary IM checking. Therefore, PBIMES can improve coding speed
most significantly. Since each CU contain all CMs, TFBCUP can exclude many unlikely
CUs, thus it also can significantly improve coding speed. Due to the strict early termina-
tion thresholds for depth in the TFBCUP, compared to PBIMES, it has a relatively small
improvement in coding speed and the change of BDBR is also negligible. Since PDBDS
only predict candidate DMs and exclude unlikely DMs in rough mode decision, whose
own proportion of coding time is also not very high, which also lead to coding speed
improvement of PDBDS not very significantly. TS and BDBR of the proposed algorithm
with case 1 which uses "TFBCUP", "PBIMES" and "PDBDS" are listed in Table 7 also.
From the result, the proposed algorithm significantly improves the encoding speed com-
paring to use one strategy only, while the loss of coding efficiency is acceptable.

To illustrate the overall performance of the proposed algorithm, which integrates all
proposed strategies, we compare the performance of our algorithm with PBFIP[3] and
HSEIP[29]. To the best of our knowledge, these two algorithms are the state-of-the-art
fast Intra coding algorithms for SSHVC. To ensure a fair comparison, all algorithms are
tested on the same computing platform. According to the two scalability ratios and two
QP settings mentioned above, we group the combinations into four cases, their corre-
sponding performance comparisons are listed in Tables 8, 9, 10 and 11 respectively.

In Table 8 (Case 1), the coding speed of the proposed algorithm, PBFIP and HSEIP
are improved by 77.60%, 57.59% and 72.17%, respectively. Compared with PBFIP and
HSEIP, the proposed algorithm is faster by 20.01% and 5.43%, respectively. The BDBR
of the proposed algorithm, PBFIP and HSEIP are 0.56%, 0.27% and 0.67%, respec-
tively. The BDBR of the proposed algorithm is greater than PBFIP by 0.29 but smaller
than HSEIP by 0.11. In Table 9 (Case 2), the coding speed of the proposed algorithm,
PBFIP and HSEIP are improved by 77.77%, 60.25% and 73.86%, respectively. Com-
pared with PBFIP and HSEIP, the proposed algorithm is faster by 17.52% and 3.91%,

Table 8 Overall performance comparisons with case 1

Type Sequence Proposed PBFIP HSEIP
TS BDBR TS BDBR TS BDBR
A Traffic 83.52% 0.3% 55.89% 0.01% 74.45% —0.03%
PeopleOnstreet 84.74% 0.6% 54.51% 0.08% 75.02% 0.28%
B Kimono 83.53% 0.0% 66.04% 0.19% 74.91% —0.23%
ParkScene 82.84% —0.1% 57.28% 0.10% 73.26% —0.16%
Cactus 70.27% 0.8% 56.12% 0.68% 71.15% 1.02%
BasketballDrive 69.24% 1.5% 60.47% 1.12% 66.23% 1.46%
BQTerrace 68.05% 0.8% 53.52% 0.49% 70.14% 2.32%

Average 77.60% 0.56% 57.59% 0.27% 72.17% 0.67%
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Table 9 Overall performance comparisons with case 2

Type Sequence Proposed PBFIP HSEIP
TS BDBR TS BDBR TS BDBR
A Traffic 84.20% 0.1% 60.20% —0.15% 75.73% —0.17%
PeopleOnstreet 83.94% —0.1% 56.63% —0.20% 76.21% —0.29%
B Kimono 84.98% 0.0% 67.25% —0.39% 7543% —0.3%
ParkScene 83.88% 0.1% 60.65% —0.10% 74.35% —0.15%
Cactus 71.18% 0.6% 59.11% 0.54% 73.08% 0.68%
BasketballDrive 67.85% 1.4% 63.14% 1.08% 69.97% 1.47%
BQTerrace 68.38% 0.9% 54.79% 0.47% 72.24% 2.15%
Average 77.77% 0.43% 60.25% 0.18% 73.86% 0.48%

Table 10 Overall performance comparisons with case 3

Type Sequence Proposed PBFIP HSEIP
TS BDBR TS BDBR TS BDBR
B Kimono 82.97% —0.3% 68.02% —0.42% 75.14% —0.33%
ParkScene 82.05% —0.2% 61.03% —0.22% 74.31% —0.21%
Cactus 77.87% 0.0% 59.61% —0.12% 74.87% —0.13%
BasketballDrive 76.35% 0.8% 63.69% 0.06% 72.98% 0.12%
BQTerrace 77.08% 0.2% 56.81% —0.02% 73.95% 0.16%
Average 79.26% 0.10% 61.83% —0.14% 74.25% —0.08%

Table 11 Overall performance comparisons with case 4

Type Sequence Proposed PBFIP HSEIP
TS BDBR TS BDBR TS BDBR
B Kimono 84.27% —0.2% 69.65% —0.68% 76.83% —0.21%
ParkScene 83.81% —0.1% 63.97% —0.68% 76.18% —0.13%
Cactus 78.30% 0.0% 62.29% —0.38% 76.45% —0.31%
BasketballDrive 76.10% 0.2% 66.04% —0.23% 75.03% —031%
BQTerrace 77.13% 0.1% 59.75% —0.12% 7527% —0.13%
Average 79.92% 0.0% 64.34% —0.42% 75.95% —0.22%

respectively. The BDBR of this algorithm is 0.43%, and the BDBR of PBFIP and HSEIP
are 0.18% and 0.48%, respectively. The BDBR of the proposed algorithm is greater
than PBFIP by 0.25 but smaller than HSEIP by 0.05.

In Table 10 (Case 3), the coding speed of the proposed algorithm, PBFIP and HSEIP
are improved by 79.26%, 61.83% and 74.25%, respectively. Compared with PBFIP
and HSEIP, the proposed algorithm is faster by 17.43% and 5.01%, respectively. The
BDBR of the proposed algorithm, PBFIP and HSEIP are 0.10%, —0.14% and —0.08%,
respectively. Compared with PBFIP and HSEIP, the BDBR of the proposed algorithm
is greater by 0.24 and 0.18, respectively. In Table 11 (Case 4), the coding speed of the
proposed algorithm, PBFIP and HSEIP are improved by 79.92%, 64.34% and 75.95%,
respectively. Compared with PBFIP and HSEIP, the proposed algorithm is faster by
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15.58% and 3.97%, respectively. The BDBR of this algorithm is 0.0%, and the BDBR
of PBFIP and HSEIP are —0.42% and —0.22%, respectively. Compared with PBFIP and
HSEIP, the BDBR of the proposed algorithm is greater by 0.42 and 0.22, respectively.

In order to further demonstrate the overall performance of the proposed algorithm
for all four cases, Table 12 provides their overall average performance comparisons
among these three algorithms.

From Table 12 , the overall coding speed of the proposed algorithm, PBFIP and
HSEIP are improved by 78.64%, 61.00% and 74.06%, respectively. Compared with
PBFIP and HSEIP, the proposed algorithm is faster by 17.64% and 4.58%, respectively.
The BDBR of the proposed algorithm, PBFIP and HSEIP are 0.27%, —0.03% and 0.21%,
respectively. Compared with PBFIP and HSEIP, the BDBR of the proposed algorithm
is greater by 0.30 and 0.06, respectively. Although there is a certain BDBR changes of
this algorithm compared with the other two algorithms, considering the remarkable
improvement in coding speed, these BDBR decreases are acceptable.

Here are the main reasons why the proposed algorithm can effectively improve cod-
ing speed. First, in CU selection, since the CU selection has a strong relationship with
texture complexity, we can predict candidate CUs and early skip unlikely CUs based
on texture complexity. Second, we observe that coding complexity of IM is much
higher than that of ILRM, and its proportion is much smaller than that of ILRM.
Therefore, skipping unlikely IM checking can significantly improve coding speed.
Moreover, IM is within its collocated CU, they should have a strong relationship. We
combine probabilities of IM with probabilities of its collocated CU to exclude unlikely
IM of CUs. Since we simultaneously utilize both probabilities of IM and probabilities
of their collocated CUs, relevant coding information is more fully used, more CUs
can early skip unnecessary IM checking. Third, since DMs are within their collocated
CU, they also should have a strong relationship. Therefore, we combine DMs distribu-
tion with the probability of their collocated CU to adaptively predict candidate DMs
and exclude unlikely ones. More specially, for CUs with smaller probabilities, we can
select less DMs to improve coding speed. On the contrary, for CUs with lager prob-
abilities, we can select more DMs to maintain coding efficiency. Since we fully use
DMs distribution and the probability of their collocated CU, more DMs can be early
skipped. In a word, we not directly predict candidate CUs, IM and DMs, but combine
CUs with IM and DMs to predict candidate CUs, IM and DMs, so more unlikely CUs,
IM and DMs can be early skipped. Therefore, the proposed algorithm can effectively

improve coding speed.

Table 12 Overall average performance comparison of all four cases

Test Proposed PBFIP HSEIP

TS BDBR TS BDBR TS BDBR
Table 8 77.60% 0.56% 57.59% 0.27% 72.17% 0.67%
Table 9 77.77% 0.43% 60.25% 0.18% 73.86% 0.48%
Table 10 79.26% 0.10% 61.83% —0.14% 74.25% —0.08%
Table 11 79.92% 0.00% 64.34% —0.42% 75.95% —0.22%

Average 78.64% 0.27% 61.00% —0.03% 74.06% 0.21%
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It is worth noting that BDBR decreases come from Case 1 and Case 2 (scalability ratio
1.5x) in Tables 8 and 9 are significantly greater than those from Case 3 and Case 4 (scala-
bility ratio 2x) in Tables 10 and 11. The main reason is that the ILR prediction is not very
accurate when the scalability ratio is 2x. Due to the large resolution difference between
BL and EL, the interpolation effect is not very good, so the prediction of the ILR mode
is not very accurate either. Therefore, the corresponding BDBR change increases signifi-
cantly when the scalability ratio is 2x.

The performance differences observed in our proposed methods across video
sequences are the result of three interdependent factors that collectively influence the
effectiveness of the algorithm. Primarily, texture complexity differences play a pivotal
role, where sequences with complex textures (e.g., "ParkScene") demonstrate superior
gains from our texture-based CU prediction (TFBCUP), achieving 43.26% TS improve-
ment in Table 7 compared to 41.12% for homogeneous sequences like "BQTerrace", as
intricate spatial features enable more accurate probability estimations. Simultaneously,
inter-layer dependency strength critically affects consistency. Sequences with strong
BL-EL correlations (e.g., "Kimono") achieve stable improvements (84.27% TS in Table 11)
as our algorithm effectively utilizes collocated CU information. However, sequences
with weak dependencies (e.g., "BasketballDrive") show less improvements (76.10% TS in
Table 11) , because their independent layer characteristics reduce the prediction reliabil-
ity. Furthermore, motion complexity introduces additional dimensionality, high-motion
sequences like "BasketballDrive" exhibit greater performance variability (1.5% BDBR in
Case 1 vs 0.2% in Case 4) because rapid movement affects both inter-layer prediction
accuracy and directional mode selection. This aligns with our DM distribution analy-
sis showing that motion-compromised sequences require more exhaustive mode checks
(Table 5). Texture complexity differences, layer interdependence, and motion complexity
collectively determine the performance differences of our proposed methods across dif-
ferent video sequences.

8 Conclusion

In this paper, we have proposed a new and effective fast coding algorithm for SSHVC.
First, we obtain a CU’s probability based on textural features so as to predict candidate
CUs and early skip unlikely CUs. Next, we combine both probability of IM and its collo-
cated CU to early skip unlikely CMs. Then, we integrate DM distributions and probabil-
ity of their collocated CU to predict candidate DMs and remove unlikely DMs. Since we
jointly utilize probability of IM, DM distributions and probabilities of their collocated
CUs, more CUs can early skip unlikely IM and DMs. Experimental results also dem-
onstrate that the proposed algorithm can improve the coding speed significantly. Since
Deep learning has been widely used and achieves excellent performance, we plan to use
deep learning to further improve coding speed in our future work.
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