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Abstract—Modern hybrid video codecs split their video content
into blocks. These blocks are predicted and the difference between
original and predicted block is calculated. This residual block is
transformed by a discrete cosine transform (DCT) from the pixel
domain into the frequency domain and quantized by a dead-zone
quantizer (DZQ), which removes high frequency signals,
depending on the quantization parameter (QP). DZQ has an
extended zone around zero, which acts as a noise-gate, removing
noise as intended but also removing useful signals. DCT and DZQ
are not the optimal solution, they create distortions and side effects
at lower bitrates. In contrast, sparse coding does not have these
problems at lower bitrates, but it compresses inefficient at higher
bit rates. We propose a method to add sparse coding as an
alternate transform, which is controlled by a rate-distortion
optimization (RDQO) decision, in a semi-extreme sparse coding
(SESC) setup and uses a semi-extreme dictionary training (SEDT)
process. It is integrated into the High Efficiency Video Coding
(HEVC) test model HM-16.18 and screen content coding (HEVC-
SCC) test model HM-16.18+SCM-8.7. Experimental results
demonstrate that the proposed method achieves a Bjontegaard
rate difference (BD-rate) of up to 5.5% compared to the standard.

Index Terms— video coding, sparse coding, sparse
representation, orthogonal matching pursuit, screen content
coding, HEVC, residual coding, intra prediction, KSVD

[. INTRODUCTION

Traditional video codecs follow a block-based hybrid approach.
Codecs divide video content into frames and frames into blocks. A
block is predicted as accurately as possible by multiple methods, based
on the quality, complexity, and maturity of the video codec. In the
transform coding process, the predicted signals are subtracted from the
original, which results in residual signals that represent the difference
respectively the errors of the process, which the discrete cosine
transform (DCT) then transforms from the pixel domain to the
frequency domain. After the transformation, it is easier to identify high
frequencies which will be quantized and removed, depending on the
QP setting. QP ;) corresponds to the highest video quality which
removes not much high frequencies, and QP37 corresponds to the
lowest video quality which remove a lot medium to high frequencies.
The reason is that the human visual system (HVS) is more sensitive to
lower frequencies than higher frequencies. In general, high frequencies
consume a lot of bandwidth. In many cases, a dead-zone quantizer
(DZQ) is used, which means that the quantization around the 0 area is
extended. This extended dead-zone acts as a noise gate—it removes
noise, but at the same time it cuts off useful signals. When a DCT and
a typical DZQ are used, they create artifacts and distortion. These are
visible especially in the low-rate setup as blocking and rippling
artifacts. Therefore, both tools, the DCT and DZQ together, compress
the signal very well, but with higher distortion at lower bitrates. Sparse
coding is a reconstruction of a given signal y € R™ (n is the signal
dimension) by a linear combination of the coefficients of sparse vector

a € R® (K = number of coefficients), from an overcomplete
dictionary D € R™* KA dictionary is a matrix with dimension n times
K. Sparse means that vector a € RX, which is a collection of
coefficients, should have as few coefficients as possible (constrained
by L0 norm). A coefficient is a combination of an index, which points
to the column/atom of a dictionary, and a value or multiplicity, which
indicates the magnitude. This dictionary atom is multiplied and then
added to the reconstructed signal y € R™. To find a sparse vector «,
the following equation is used to approximate the reconstructed signal
to the original signal y:

lly = Dall,s.t.llall, <, )

where || - ||, represents the L2 norm and || - ||, the LO pseudo norm.

However, the process of finding the sparsest possible a vector to solve
equation (1) is a NP-hard problem [1]. There are alternatives to a brute
force approach; the most well-known are as follows: matching pursuit
(MP) [2], basic pursuit (BP) [3], or orthogonal matching pursuit
(OMP) [4]. OMP tries to solve this issue in linear time, but the
complexity is high [5]:

O(STp + S(n + K) + 53) 2)

where S is the sparsity constraint, K is the number of atoms of the
dictionary, n is the signal dimension, and T}, is the time for updating a
residual in an iteration. Sparse coding in general performs better—in
low-to-medium frequency/energy (LMFE) signals—in terms of the
mean-squared error (MSE) between the original and reconstructed
signals, in comparison to DCT + DZQ. Additionally, if the sparsity is
low, it is more cost efficient in a rate-distortion optimization (RDO)
sense. General side effects of sparse coding for lower-to-medium
bitrates are blurriness and a loss in detail. Sparse coding in general has
a problem with a higher complexity and, in contrast to DCT + DZQ,
the sparse coefficient dictionary index has a uniform distribution. This
means it cannot be compressed efficiently—especially with a typical
context-adaptive binary arithmetic coding (CABAC) engine, which is
considered close to optimal in the lossless compression regime. The
coefficient index cannot be compressed lossy because it must be
precise. Therefore, CABAC needs to be turned off for these sparse
coefficient atom indices. This contrasts with DCT + DZQ, where
almost all side information can be encoded with the CABAC engine
turned on, and the difference is significant.

The proposed semi-extreme dictionary training (SEDT) process in
this work uses K-means clustering singular value decomposition
(KSVD)[6]. A dictionary has the dimension D € R™* X (n is the signal
dimension and K is the number of atoms). The first step is to generate
training data from a separate High Efficiency Video Coding (HEVC)
training run (proposed method turned off) where the residual data,
before quantization for each block size, is written to disk if the absolute
sum of this block is bigger than 0. The second step is to initialize the
empty dictionary D € R6** 2048 (8 x 8 block size) by a random
selection of the gathered training data. The third step, is to make the
current dictionary better by minimizing the error further, with singular-
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value decomposition (SVD). SVD is USVT where U is the orthogonal
basis vectors, X is the singular values (eigenvalues squared), and V7 is
the set of eigenvectors. U represents the orthogonal basis vectors,
sorted in order of decreasing ability to represent the variance in the
dataset. The finding of U is taken to update the dictionary. The fourth
step is to check if the number of predetermined iterations has reached
a specific threshold—or if the error went below a specific threshold—
and if not, jump back to step three and repeat until the number does. If
so, the dictionary D is finished.

This paper distinguishes between two major content areas: Camera
Capture Content, which is handled by HEVC (HM-16.18) [7], and
screen content, which is handled by HEVC-Screen Content Coding
(HEVC-SCC) (HM-16.18+SCM-8.7) [8], which is an extension of
HEVC. HEVC and HEVC-SCC have the same software architecture.
HEVC-SCC is basically an extension of HEVC that adds important
screen content coding tools, like the following (explained in [9]):

e  Adaptive Color Transform (ACT)
Adaptive Motion Vector Resolution (AMVR)
Cross-Component Prediction (CCP)
Intra Block Copy (IBC)
Palette Mode (PM)
Residual Rotation (RR)
Residual Differential Pulse Code Modulation (RDPCM)
Transform Skip (TS).

The idea is to take advantage of screen content like graphics, text,
mixed content, and animation, because it has some important
properties [9]:
® 10 sensor noises
large uniform flat areas
many repeated patterns
highly saturated and limited colors
high contrast
discrete tones
sharp edges,
high frequencies in certain regions

In this paper we propose a semi-extreme sparse coding (SESC)
method for video compression that uses sparse coding as an alternate
transform to DCT. The decision whether to use the proposed method
or DCT is based on a RDO decision, which is an important tool in
video compression:

JK) = d(K)quzM(K) 3)

A=057x2 30 )

where K is the number of nonzero coefficients and QP 33 27 32,37} is
the quantization parameter. The idea of RDO [8, 10], as depicted in
formulas (3) and (4), is to calculate an overall cost j(K) for a specific
combination of distortion d (K), which is the MSE between the original
and reconstructed image block; the number of bits needed r(K) (after
entropy coding); and A, the Lagrange multiplier, which controls the
balance between distortion and number of bits. SESC is implemented
with an in-loop quantization (ILQ) approach that helps to reduce
complexity. The whole proposed method is separated into three parts:
training, analysis, and encoding. All parts are optimized for LMFE
signals, emphasize sparsity over distortion (SoD), and are strictly
limited to a maximum upper bound (MUB4) of only four sparse
coefficients (regardless of block size and QP33 27,3237 setting). The
SEDT process is additionally adjusted by the following modules: a
category approach (CAT) where the test sequences are grouped into
categories based on the common test conditions (CTC) [11, 12];

training data is down-sampled by a unique down-sampling approach
(QPD), which optimizes the training data and converges/generalize the
training process faster and creates a semi-extreme dictionary that
emphasizes sparsity over distortion; and extremely overcomplete
dictionaries, with a k-size 0f2,048. The analysis process is additionally
supported by the following modules: a residual classifier (RClass)
which passes LMFE signals and a A Lagrange multiplier adjustment
(LMA) which emphasizes sparsity over distortion. Moreover, the
encoding process uses a sparse coefficient quantization process (SQP),
which utilizes only a subset of the standard rate-distortion optimized
quantization (RDOQ) standard process. The coefficient encoding for
the proposed method relies on an adapted sparse coefficient encoding
process (ACP), which uses the standard transform coding process with
optimizations and its own context models for CABAC encoding.

The remainder of this paper is organized as follows: section II
investigates related works, section III explains the proposed method,
section IV depicts implementation details, section V presents
experimental results, and section VI provides the conclusion.

II. RELATED WORK

Sparse coding as a research area is remarkable, incorporating
numerous subtopics for use in many applications. We concentrate on
sparse coding in video compression. Sparse coding is used for the
transform coding of the inter part (temporal, video), and intra part
(spatial, video, and image). Video coding includes both parts: inter and
intra, but in many cases sparse coding research in video compression
concentrates on the inter part [5, 13-18]. The intra part is usually
researched in depth by image coding. One conference paper from Kang
et al., uses sparse coding for inter and intra [19] coding, and our
research [20] compressed only the intra part. Veterli and Kalker were
one of the first, in 1994 [18], to research the possibility of using
matching pursuit in video coding, based on the findings of Mallat and
Zhang [2] from 1993, before Bergeaud and Mallat [21] came up with
a similar idea to use matching pursuit in image compression in 1995.
They used a constructed dictionary with prototype waveforms, which
learns from past frames, to compress motion prediction transform
residuals. They also used a matching pursuit algorithm with a RDO
cost calculation. Neff and Zakhor investigated, in their
conference/journal papers [16, 17], matching pursuit for very low
bitrates, with dictionaries of 2-D separable Gabor functions, to
compress motion residual blocks. They replaced the DCT transform
completely with the matching transform. Their proposed method is
used to compress at very low bitrates, and they replace the DCT
transform, instead of adding another alternate sparse coding/matching
pursuit transform, which is nowadays a valid solution. Al-Shaykh et
al. [22] expand on the idea from [16, 17] to scalability and arbitrary
shape coding. Kang et al. was one of the first in video compression in
2011 [19] to train a dictionary by KSVD, and they used MP to code
inter and intra prediction residuals. It replaces the core transforms
through an adaptive mixed transform scheme. Their follow-up paper
[5], expanded on this idea and put DCT and sparse coding in a
sequence for a two-layered approach. Xiong et al. based their work
[23] on a super-resolution paper [24] from Yang et al. and used a three-
layer approach for low- to high-frequency dictionaries. In their paper
[15], Xue and Wang investigated OMP in combination with a self-
adaptive dictionary for inter-motion residuals. They included the DCT
transform matrix in their dictionary, which combined DCT and their
proposed method into one solution. Song et al. elaborated in [14] on
anisotropic correlations (high frequencies/sharp edges), and they were
the first to create a mixed DCT/Sparse coding approach, determined
by a RDO calculation. Zhang and Yeh loosely investigate in [13] the
work of Kang [5, 19], an adaptive dictionary learning approach for
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inter-prediction residuals, which are learned from a previous intra-
frame. The significant difference with the other research is that the
created dictionaries have only 16 atoms, for all block sizes from 4 X 4
to 32 x 32, which represents an undercomplete dictionary, which is
usually not considered sparse coding because a fundamental property
of sparse coding is the use of an overcomplete dictionary. We elaborate
in [20], on the use of sparse coding for screen content coding in video
compression for intra-prediction residuals. In this paper, we extend our
proposed method to inter-prediction residuals and to camera captured
content and other improvements.

III. PROPOSED METHOD

Using sparse coding as an alternate transform for prediction
residuals in video compression does not guarantee bitrate savings;
there is a limited range which creates BD-rate savings. In many cases
a sparse coding setup expands rather than compresses. A significant
reason for this is that the standard transform coding process, which
uses DCT + DZQ in combination with CABAC encoding, performs
well and has improved over the last 50 years, which makes the standard
process very efficient. An alternative sparse coding transform needs at
least one bit that signals either that the proposed method is used (Flag
= 1) or that the standard method is used (Flag = 0). This creates an
additional overhead for all blocks and block sizes, even if the proposed
method is used only for around 20% of the blocks, although 100% of
all blocks need that additional flag (turned on/off). Another problem is
that a sparse coefficient dictionary index has a uniform distribution, in
contrast to DCT + DZQ coefficients, so it needs to be encoded with a
fixed length (CABAC bypass). The fixed length encoding makes it
unlikely for use in the high frequency or high quality setting.

A. Semi-Extreme Sparse Coding (SESC)

To get as close as possible to an extreme sparse representation, the
proposed method follows the following three important rules. First, the
proposed method targets only LMFE signals, because the number of
sparse atoms are very limited based on the assumption that DCT +
DZQ is not optimal for LMFE signals and that sparse coding is better
in this signal range, if and only if the sparse approximation is as sparse
as possible. The reason for this low sparsity constraint is due to the
uniform distribution of the sparse coefficient indices. These indices
needs to be encoded and compressed into the bitstream in fixed length
(CABAC bypass), which is a problem because the proposed method
RDO competes with DCT, where almost all information are encoded
with the CABAC engine on, meaning that DCT coefficients can be
encoded much more efficiently than sparse-coded coefficients. Some
researchers try to alleviate this problem by using Huffman coding
[5,16-17,22], but in general the indices distribution is uniform, which
makes its efficient compression difficult. Second, the SoD approach—
as a result of the aforementioned sparsity constraint—necessitates that
the proposed method needs to make the sparse coding part as sparse as
possible even if distortion increases. To achieve this, we adjusted the
Lagrange multiplier A, which is shown in formula (3) and (4) and has
the property to balance both the distortion and the number of bits in
the RDO cost calculation. The proposed method adjusts A towards SoD
because of the uniform distribution of the sparse coefficient indices. A
is increased by +5% for all block sizes and QP (3 27,32 37} settings. The
selection of the QP33 27 32,37 parameter are based on the CTC [11,
12] requirements. This adjustment is only used for the proposed
method-encoded blocks; the standard HEVC and HEVC-SCC use the
original A value. Third, because the MUB4 strictly limits the maximum
number of sparse coefficients to four for all block sizes and
QP(22,27,32,37) settings, this unusual low upper bound limit of sparse
coefficients makes it unlikely that the proposed method is used for any
high frequency block.

B. Semi-Extreme Dictionary Training (SEDT) process

The SEDT process uses KSVD, is optimized for SoD, and focuses
on LMFE, using a novel QPD approach, which is an important
optimization, to take training data from a higher quantization setup, to
then be used for the test execution. In general, higher quantization
encourages a sparser representation because—with a higher QP
setting, which means lower quality—the intra/inter-prediction
residuals are much more quantized, so that they get smaller, and
coarser, which is better for the learning process. Furthermore, KSVD
converges/generalize much faster to the given signal. This approach is
inspired by a down-sampling method from Xiong et al. [23], but they
down-sampled the resolution of the frames themselves and used this
down-sampled signal for their dictionary-learning process. The
proposed method instead lowers the quality and does not down-sample
the resolution.
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Fig. 1. quantization parameter (QP) original value to QPD value
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In Fig. 1 the used QP original to QPD settings are shown. QP;53
test execution used QP ,,) training data because it is not relevant at all,
reason is that the partial BD-rate savings for this QP setting are always
limited and approximately around 0.1% to 0.3%, which is
insignificant. QPy,7) test execution used the training data from QP34
because it is a better quality setup and profits from training data which
is closer to the original setting. QPy3, 37) test execution is considered
lower quality and can be trained by Q P49y Which represents the lowest
quality training data. Another major part of this process involves the
creation of extremely overcomplete dictionaries with a bigger number
of K atoms, which gives the KSVD/OMP algorithm [4, 6] more overall
atoms to choose from. The reason for this is that, when a dictionary
can offer a bigger variety of building blocks, the average sparsity is
lower. The KSVD training process [6] offers only limited amount of
hyper-parameters to adjust the learning process to a specific range of
signals:

e K size is the number of atoms in the dictionary

e [ isthe number of sparse atoms used for the internal OMP
algorithm to calculate the error

e | isthe number of iterations to execute

The dictionary K size is 2,048; the number of atoms is set to two,
with 800 iterations per dictionary. Parameter [ is significant because it
is the number of sparse coefficients that the internal KSVD algorithm
uses for executing the OMP part, which is responsible for the learning
update and for calculating the distortion. If l is set to a very low number
like two, which we selected for our method, it encourages sparsity and
requires less bits, although it tends to have higher distortion. In
contrast, if [ is set to a higher number like 16, a dictionary needs on
average more sparse coefficients and more bits to create a signal with
low distortion. Distortion can be minimized by the number of training
epochs. All of these parts of our SEDT process create dictionaries that
are optimized for low sparsity with as few bits as possible.
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C. Proposed Method Block Diagram

original

f A
@ residual DeT Quant. _ eEnr::tcr’gip:‘y
Intra redicted y « o ¢
. . Prediction 1
Original ~ : temp.
signal Tﬂ Inter f Bitstream
Prediction | predicted |
nv. _ Inv. » Entropy
pct [ o | Quant. = o decoding
( a ) gﬂBits ( C)
f vr
original .| MSE distortion .| RDO cost
f calc. d calc ]
— In-Loop-Quantization (search local minimum) L
on;ma I_Ioop (i=0;1<MAX_SPAR AND current cost lower than previous cost;i++) 7
| i Ent Iif...
residual oMP » Quant. —» n '°_F’Y
| y o; o encoding |
Intra redicted f [ |
Prediction = l
Original . OR - f | Dictionary temp.
signal [F D Bitstream
f Inter ? | |
Prediction | predicte |
Inv. Inv. Entropy .
: cost; J
OMP - Quant. 5. | decoding
( b) | al al : |
| reconstructed #b'ts |
T
v If |
original | .| MSE distortion RDO | cost curr_cost >
f calc d ) calc i prev_cost
| * Ji break I
-~ __ __ ]

Fig. 2. Proposed Method Block Diagram

Fig. 2 shows the block diagram of the proposed method. It is separated
in three parts: (a) shows the standard DCT transform and coding
process; (b) shows the proposed method transform and coding process,
which is probed if and only if DCT is selected as the candidate for
encoding in previous step (a); and (c) shows an additional step which
compares both costs and selects the solution with the lower cost, which
is finally encoded in the bitstream. In general, the standard DCT
process is executed in the following way: the original signal, which is
represented by f and can be any block size {4 X 4,8 x 8,16 X
16,32 x 32}, is intra/inter-predicted f. y is the residual signal which
is calculated by original — predicted. The standard process transforms
the residual with DCT into the frequency domain which is represented
as a DCT coefficient vector . The DCT coefficients are then
quantized into vector . The video codec then usually entropy encodes
it into a temporary bitstream, subsequently decoding it back to vector
& and inverse quantizing it into vector &. Inverse DCT transform is
executed, which is represented by the reconstructed residual vector J.
To create the reconstructed signal f, § and f are added together. The
distortion d is calculated between f and £, and the number of bits r is
taken from the previous executed entropy-coding process. Finally, the
distortion j is calculated by formula (3). This is done to simulate a
whole transform coding process in order to get as close as possible to
realistic numbers. The proposed method (b) makes no difference
between intra/inter-prediction, or which modes or other parameters are
used in the prediction process itself. A significant difference of the
proposed method (b) to the standard DCT process (a) is that (b) uses
an ILQ scheme. The standard process transforms the residual signal y
in one step into the frequency domain a and follows the process
depicted in (a) to finally calculates the cost j. The proposed method
does this for every finding of a sparse coefficient in a loop, and the
loop is shown in Fig. 2 part (b) as a dotted rectangle. All loop
dependent vectors are marked with the subscript i. This means that

quantization is part of the OMP algorithm itself, which is calculated
after every finding of a new sparse coefficient, it includes not only the
quantization part, but also the entropy encoding/decoding process,
inverse quantization, inverse transform, reconstruct residual, and cost
calculation for every found sparse coefficient. The process depicted in
Fig. 2 (b) takes the residual signal y and executes one OMP iteration
at a time to find the next best sparse coefficient that minimizes the
error. With every iteration it adds one more sparse coefficient to vector
a;. It is then quantized into @;, entropy encoded into the bitstream,
decoded back to &;, inverse quantized into &;, and then inverse
transformed into )’/\l —which represents the reconstructed residual
signal and is then added to the predicted signal f to represent the
reconstructed signal ]": The distortion d; is calculated, the rate r; is

taken from the entropy coding process, and finally the cost j; for the
current iteration is computed. The ILQ process searches for a local
minimum and calculates the cost of every iteration separately. With
every ILQ iteration, the cost is compared to the previous cost, and as
long as the cost is going down, the next iteration is executed unless the
cost goes up again, which would indicate that the minimal cost was
found in the previous iteration. In this case the last sparse coefficient
is deleted from «;, which then represents the local minimum solution.
With every iteration of the ILQ, the cost j; is calculated by an adapted
RDO method, where A is increased by 5% to emphasize distortion over
bitrate. The maximum sparsity is a global constant MUB4 and set to
four, independent of block size or QP33 773237 setting. When the
local minimum solution was found, the cost of the DCT and the
proposed method approach is compared in (c), and the solution with
the lower cost will be finally encoded into the bitstream. It is possible
that this local minimum approach is not always sufficient because
quantized spare coefficients are sometimes chaotic in nature, but
MUB4 constraints represent an upper bound, that limits the
probability of significant error margins.
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D. Category Approach (CAT)

For the proposed method we used a CAT approach which is loosely
inspired by [25], where they divided training samples into different
subsets. Our dictionaries are trained by categories based on the CTC
[11, 12] classes. This simultaneously simulates an application-specific
approach and an online-learning approach. The training data, which
includes basically all intra-predicted residual blocks with an absolute
sum > 0, is created by a separated HM-16.18 [7] and HM-16.18+SCM-
8.7 [8] run, for the HEVC and HEVC-SCC configuration. All CTC
[11, 12] test sequences are strictly split, with 20% of the frames for
training purposes, which remain unseen for the test execution, and 80%
of the frames for the test execution. These trained files are grouped and
randomly shuffled into the mentioned categories (based on CTC [11,
12]), which goes into an offline KSVD training process [6]). This split
is unusual, but mixing a setup of similar test sequences in one category
simulates noise and distortion, which would not be the case in a pure
online learning solution, which concentrates only on the current test
sequence. Selecting 20% as unseen training data and 80% as test data
is an arbitrary cut, and can be minimized further, but it demonstrates
that not much training data is needed to create a useful semi-extreme
dictionary. We used for convenience reasons only intra-prediction
residuals as training data.

Table I

HEVC Class Al to D Resolutions
HEVC Category Resolutions
Class Al (4K) 4096 x 2160 &
Class A2 (4K) 3840 x 2160
Class B (HD) 1920 x 1080
Class E 1280 x 720
Class C 832 x 480
Class D 416 x 240
Class F 1280 x 720 & 1024 x 768 & 832 x 480

Table I shows for HEVC and camera-captured content; the common
test conditions categories [11] are mainly based on their resolution.

Table 11
HEVC-SCC Categories and Resolutions

HEVC-SCC Category Resolution
Animation (A) 1024 x 768 & 1280 x 720
Mixed Content (MC) 1920 x 1080 & 2560 x 1440
Text, Graphics, Motion

(TGM720) 1280 x 720

Text, Graphics, Motion

(TGM1080) 1920 x 1080

Table II shows, for HEVC-SCC, the common test condition categories
which are mainly based on their content and not on the resolution itself
[12].

E. Summary

The originality of this research concentrates on the semi-extreme
approach which is in contrast to the extreme sparse representation, as
mentioned in [6], which is considered if and only if one sparse
coefficient is used with a coefficient value of 1. This constraint seems
to be too restricted. Semi-extreme is easing this condition because the
sparse coefficient dictionary indices have a uniform distribution, in
contrast to DCT + DZQ coefficients, so it needs to be encoded with a
fixed length (CABAC bypass). The fixed length encoding makes it

unlikely for use in the high frequency or high quality setting. As a
consequence, the proposed method uses a novel SESC approach,
which means in average less than two sparse coefficients are allowed
with a non-restricted coefficient value, additional sparsity is more
important than distortion. Other adjustments are integrated, like an
extreme overcomplete dictionary, with 2,048 atoms. The training
process is adapted; the proposed method targets basically only low
frequency signals which can be in average encoded with a minimum
of sparse coefficients. This leaves high frequency signals out of the
process.

IV. IMPLEMENTATION DETAILS

A. Sparse Quantization Process (SQP)

The standard RDOQ [10] process from HEVC is not used because
it is not well designed to handle sparse coefficients—rather it is
optimized to quantize DCT coefficients. Part of the difference is that
the direct current (DC) component does not exist for sparse
coefficients. Therefore, the RDOQ process analyzes the first sparse
coefficient value and determines how to quantize the following sparse
coefficient values. In general, sparse coefficient values are on average
higher, and they strictly decrease from the most to the least important
sparse coefficient value. This means that, if the standard RDOQ
process is used for coding the proposed method’s sparse coefficient
values, the first coefficient value is quantized as expected; however,
all the following sparse coefficient values would be quantized to zero,
with almost no exception. The proposed method uses only a subset of

the RDOQ process, which is the Qstep calculation:
1\ QP-4

Qstep(QP) = (2¢) ®)

where QP (35273237} is the quantization parameter. But in general, it
is used to calculate a staircase quantization scheme, and our SQP
method uses it in a scalar way, which means that, per QP33 27,3237}
setting, there is simply one and only one divider/multiplier for every
sparse coefficient, independent of the importance of the coefficient.
This is in contrast to the standard process, where the DCT quantization
has its own quantization matrix with a different quantization for
different DCT coefficients, depending on the position of the
coefficients in the matrix. The reason for this is that sparse coefficients
are organized in a linear vector and not in a coefficient matrix.

B. Adapted Sparse Coefficient Encoding process (ACP)

In general, all sparse coefficient indices are coded in fixed-length
code because of the uniform distribution. The proposed coefficient
coding process follows the “transform coefficient coding” [26] with its
own context models and adjustments. One adjustment, for example, is
the significance map from the transform coefficient coding process,
which is deactivated for the proposed method because all sparse
coefficient values are significant with no exception. The reason here is
that if a coefficient value is quantized to zero, the whole sparse
coefficient will be removed.

C. In-Loop-Quantization (ILQ)

An important difference from the standard process is the ILQ
approach. This means that after every sparse iteration, a complete
transform coding process is done, including quantization, CABAC
encoding, and RDO calculation, based on formulas (3), (4) and (5), as
depicted and explained in Fig. 2. An in-loop quantization has a
deadlocking problem [27], which is prevented by comparing every
newly found sparse coefficient with the previously found coefficient.
If the coefficients are the same, this stops the loop, and returns the
previous cost calculation finding.
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D. Residual Classifier (RClass)

To save computation time, we create RClass which analyses the
DCT residuals for LMFE signals. The reason is that the complexity,
especially in the analysis phase, is very high due to a multitude of
permutations being tested. RClass saves complexity by passing LMFE
signals. The task is to check every candidate residual block to see if it
is suitable for the proposed method. The classifier calculates the
absolute sum, after quantization, of the DCT residuals; if the sum is in
a specific range—above the lower and below the upper bound—then
the block is allowed to be probed by the proposed method. The lower
and upper bound are uniquely adapted for every QP55 27,32 37} settings
and every block size, based on a statistical analysis.

V. EXPERIMENTAL RESULTS

A. HEVC/HEVC-SCC versus VVC

The proposed method is implemented in HEVC HM-16.18 [7] and
HEVC HM-16.18+SCM-8.7 [8]. This research chooses HEVC instead
of the VVC standard due to its wide deployment currently. Also,
HEVC is less code and module complex, and the run time complexity
of VVC is 7.4x to 34.0x as complex as HEVC [28, 29], which would
be a significant time issue while testing all tests of the common test
conditions with the available test hardware.
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Fig. 3. Complexity of VVC compared to HEVC [30]

Additionally, as can be seen in Fig. 3, the execution time of the All
Intra test scenario is even much higher, which would additionally
significant increase the overall test time because the proposed method
is more focused on the intra part.
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Fig. 4. The concept of 2D separable transforms selection in VVC. [31]
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Fig. 4 shows the VVC transforms which has more options to
choose from in contrast to HEVC which has only a small subset
of these options. With more choice the VVC standard has an
advantage over the HEVC standard, which would have an
impact on the outcome of the proposed method results.

B. Max and Min Test Setups

We constructed a Maximum-BD rate setup (Max-BD) which consider
maximum BD-rate savings, and a Minimum-Execution time setup
(Min-Exe) for which the execution time was considered. Both setups
were integrated on HEVC HM-16.18 [7] and HEVC HM-16.18+SCM-
8.7 [8], which strictly follows the CTC [11, 12]. The Max-BD setup
was used for intra and inter signals, for all QP;; 27 32,37 settings, all
block sizes {4 x 4,8 % 8,16 X 16,32 x 32}, and all test setups:
Alllntra (AI), RandomAccess (RA), LowDelayB (LDB), and
LowDelayP (LDP) which is only used in HEVC. The major difference
between the two implementations, HEVC and HEVC-SCC, is that
HEVC-SCC uses a variety of tools that are specialized for compressing
screen content. The proposed method for HEVC-SCC was tested only
with the 4:2:0 color scheme, which means that four of seven screen
content tools were activated: TS, RDPCM, IBC, and PM. Some
elements for the Min-Exe test setup, are excluded. Block size 4 X 4
was not activated, the reason being that block size 4 X 4 has the lowest
execution time overhead at around 4%, and that it does not compress
enough—usually around 0.1% BD-rate savings for HEVC-SCC, or
0.2% BD-rate savings for HEVC. The BD-rate savings for QPy;5), was
always very low because it is the high quality setup and as a
consequence the number of sparse coefficients raised significantly,
which was a problem because the sparse coefficient indices were coded
in fixed length (CABAC bypass). As an outcome, the BD-rate savings
for QP(;7) is approximately close to around 0.1% to 0.3%. In general,
while the number of sparse coefficients get higher the encoded
efficiency for the proposed method goes down significantly. The
number of sparse coefficients reflects linearly the quality of the
outcome. As a rule, the higher the frequency (sharp edges) of a signal,
the more sparse coefficients needed to reconstruct it. A signal can be
perfectly reconstructed, even in a high frequency case, when the
dimension of a signal is the same as the number of sparse coefficients.
But in this case, the compression rate is worse than the standard
method. The key is to be as sparse as possible. Therefore, QP ;) was
deactivated for the Min-Exe setup. Nonetheless, block size 32 X 32
performed well, but the execution time expanded exponentially. So,
for the Min-Exe, 32 X 32 was also deactivated.

Table 111
Major differences between the two test sets

Max-BD Min-Exe

High BD-rate savings | Min execution time
Block sizes {4x4,..,32x32} {8 x 8,16 x 16}
QP settings {22,27,32,37} {27,32,37}
Residual No Yes
Classifier
Chroma No No

Table III shows the major differences between the two test setups Max-
BD and Min-Exe.

In general, we tried to follow the CTC [11, 12] strictly, and tried to test
as much as possible. The only difference is that this research used the
first 20% of a test sequence for training purpose and selected the
remaining unseen 80% of the test sequence frames for testing. This
tends to be closer to a realistic less biased test towards an online
learning approach, which uses the first frames for training and
improves with every frame the dictionary. This was done on the
encoder as wells as on the decoder side in the same way.
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7
Table IV
All HEVC and HEVC-SCC test results
Luma Block Intra OomP Inter OomP Avg Execution Time
Test Name X Used Used A
BD-rate Size | OMPFlagl  OMPFlag0 % OMPFlagl | OMPFlag0 % Sparsity | Encoder | Decoder
4x4 3,526,548 53,236,429 6.6% 1.19
8x8 9
SCC_Al4x32_Max-BD -4.766 % 4,787,222 13,862,871 | 34.5% 1.52 1,021% 4,993%
16x16 | 2,457,848 5,171,209 | 47.5% 2.17
32x32 991,806 2,074,050 | 47.8% 2.58
4x4 116,601 3,515,124 3.3% 8,824 | 10,492,210 0.1% 1.22
8x8 0, 0,
SCC_RA4x32_Max-BD 3234% 176,313 813,168 | 21.7% 110,389 | 1,037,164 | 10.6% 1.52 1,390% 7.421%
16x16 84,259 327,977 | 25.7% 37,333 477,844 7.8% 2.10
32x32 33,767 205,019 | 16.5% 13,536 310,693 4.4% 2.48
4x4 30,544 1,265,479 2.4% 19,970 | 12,685,192 0.2% 1.11
8x8 64,967 328,873 | 19.8% 164,964 | 1,703,677 9.7% 1.35
SCC_LDB4x32_Max-BD | -2.578 % 1,381% | 10,236%
16x16 29,871 176,076 | 17.0% 60,302 922,787 6.5% 1.66
32x32 14,896 166,717 8.9% 26,759 584,217 4.6% 1.99
8x8 0,
SCC_AI8x16_Min-Exe -2.501 % 3,869,633 9,068,174 | 42.7% 1.54 220% 244%
16x16 2,337,254 4,177,609 | 55.9% 2.23
8x8 0, 0,
SCC_RASX16_Min-Exe | -1.534% 145,617 506,463 | 28.8% 118,796 461,347 | 25.7% 1.47 270% 3529%
16x16 90,090 320,086 | 28.1% 52,022 469,793 | 11.1% 1.98
in- 8x8 53,372 169,590 | 31.5% 170,513 788,590 | 21.6% 1.29
ECC_LDBBX16_M|n 1114% b b 247% 371%
xe 16x16 25,982 110,144 | 23.6% 64,171 521,664 | 12.3% 1.61
4x4 14,437,493 277,364,683 5.2% 1.10
8x8 9
HEVC_Al4x32_Max-BD | -5.525% 27,562,097 136,790,051 | 20.1% 1.34 3,276% | 10,513%
16x16 | 15,970,839 56,120,009 | 28.5% 1.57
32x32 5,386,339 25,186,027 | 21.4% 1.98
4x4 1,047,441 31,257,980 3.4% 68,529 | 14,978,562 0.5% 1.12
- 8x8 0, 0,
HEVC_RA4x32_Max Py 2,985,636 16,274,568 | 18.3% 809,187 | 12,028,761 6.7% 1.30 1836% | 10,592%
BD 16x16 | 2,223,144 8,826,824 | 25.2% 715,090 | 7,931,077 9.0% 1.49
32x32 652,800 4,639,018 | 14.1% 255,620 | 4,602,167 5.6% 1.78
4x4 796653 19632338 4.1% 309868 | 39458604 0.8% 1.12
. 8x8 2657428 11678910 9 2411411 | 24886063 9
HEVC_LDB4x32_Max . 22.8% 9.7% 1.30 1805% | 18170%
BD 16x16 1945721 7184906 | 27.1% 1720925 | 15619769 | 11.0% 1.49
32x32 538643 3587575 | 15.0% 7494 662500 1.1% 1.78
4x4 873,646 22,563,381 3.9% 285,409 | 44,675,472 0.6% 1.12
- 8x8 3,050,409 13,951,111 | 21.9% | 2,142,065 | 26,163,711 8.29 1.30
HEVC_LDP4x32_Max a6a1% ,050, ,951, % | 2,142, ,163, % 2,696% | 26,693%
BD 16x16 | 2,359,404 8,586,423 | 27.5% | 1,504,331 | 14,947,719 | 10.1% 1.49
32x32 636,430 4,187,715 | 15.2% 532,050 | 7,900,674 6.7% 1.78
in- 8x8 9
HEVC_AI8x16_Min Py 21,519,766 68,766,993 | 31.3% 1.26 . p—
Exe 16x16 | 15,627,731 39,638,053 | 39.4% 1.51
in- 8x8 o 9
HEVC_RA8x16_Min 0.961% 1,939,316 6,813,799 | 28.5% 423,412 | 2,983,070 | 14.2% 0.78 253% 432%
Exe 16x16 1,793,628 5,099,246 | 35.2% 490,959 3,120,249 | 15.7% 1.40
in- 8x8 9 9
HEVC_LDB8x16_Min 1,808 % 1,883,832 4,790,684 | 39.3% | 1,127,614 | 6,307,114 | 17.9% 1.17 206% 677%
Exe 16x16 | 1,593,832 4,062,323 | 39.2% | 1,232,370 | 6,841,544 | 18.0% 1.33
in- 8x8 2,046,142 5,397,039 | 37.9% 998,235 | 6,607,593 | 15.1% 1.16
I;EVC_LDPBle_Mm 1789% b b 406% 927%
xe 16x16 | 1,829,219 4,720,432 | 38.8% | 1,053,868 | 6,622,729 | 15.9% 1.32
Averages -2.878% 3,576,052 21,014,646 | 24.4% 564,534 | 9,226,419 9.4% 1.52 | 1,113% 6,566%

Table IV shows the major test results, for HEVC and HEVC-SCC,
against the standard test runs using CTC [11, 12]. In general, the results
are organized in the following way. The “Test Name” specifies the test
setup and various details about it. First, the prefix HEVC stands for
camera-captured content and “SCC” for screen content. Second, the
kind of test—AI, RA, LDB, and LDP which is used only for

HEVC. Third, the block sizes the proposed method is using—either
{4x4,..,32%x32}) or ({8%8,..,16 X 16}). Fourth, test setup,
which is either Max-DB or Min-Exe. The next column is the BD-rate
savings. The next columns give more information about the details for
each block size: {4 X 4,8 x 8,16 x 16,32 x 32}, which reveals the
numbers of intra and inter blocks compressed by the proposed method

Authorized licensed use limited to: Santa Clara University. Downloaded on June 24,2023 at 16:51:34 UTC from IEEE Xplore. Restrictions apply.

© 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Consumer Electronics. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TCE.2023.3268061

for every block size and test execution. It also shows the percentage of
the blocks used by the proposed method, and the average sparsity per
block size and test setup.

Remarkable for Table IV is that, in general, all Al test executions have
the most blocks overall. The reason is that the inter part has in many
cases only a limited number of blocks because they are encoded in a
different way. The low number/percentage of proposed coded blocks
for the 4 X 4 block size reflects that 4 X 4 only minimally contributes
to the outcome. This is because the training data for this block size is
much bigger, and the KSVD algorithm cannot converge/generalize to
create an efficient semi-extreme sparse dictionary. Al always performs
best because there are a lot of blocks to probe and encode with the
proposed method. RA performs well because it has more intra frames
regularly inserted into the bitstream, and LDB performs well too.
Significant is that the average proposed method block usage is 24.4%
for intra and 9.4% for inter. MUB4 for all block sizes and
QP(22,27,32,37) settings are four and, on average, the proposed method
uses only 1.5 sparse atoms per block, which is very low and reflects
that this is close to the extreme sparse representation explained in [6],

-0.3%
-9.2%

1280 x 720 | 1.00
1024 x 768 | 1.05

Animation
Animation

Robot
ChinaSpeed

Table V shows the detailed results for the test execution of Table IV
test “SCC_AI4x32 Max-BD”. The percentage relation is similar
through all other test executions. The outliers: FlyingGraphics,
Console, SlideShow, and Robot show 0% and up to 0.6% BD-rate
savings. One positive outlier is BasketballScreen with 15.5% BD-rate
saving, which is remarkable. In the case of SlideShow, it is simply that
the test sequence is dominated by big, white one-color areas where the
proposed method cannot compete against DCT + DZQ + CABAC. The
console test sequence is a different example which contains a lot of
text and simple graphic elements and is thus not frequently selected by
the proposed method a lot. A general reason for these outliers is mostly
that the category boundaries based on the CTC [12] categories are not
performing well for all test sequences.

Table VI
Detailed BD-rate savings of “HEVC_AI4x32 Max-BD” test. Broken
down by separate test sequences compared to
HM-16.18+SCM-8.7

which represents our semi-extreme sparse coding proposed method. Compression Ratio (CR)
This also shows that no high-frequency signals are encoded by the
proposed method. In general, bigger block sizes lead to bigger BD-rate Video Sequence Category | Resolution CR BDjl‘at?
savings. The difference between the percentage of blocks encoded by Class 1: savmgos
the proposed method for intra which is 24.4% and for inter which is luma /:
9.4%, is remarkable. The reason for the difference is on one hand, that Tango Al 4096 x 2160 | 0.99 -0.6%
our convenient approach to simply use the intra trained dictionaries Drums100 Al 3840 x 2160 | 1.00 -0.3%
also for encoding inter blocks is not sufficient enough. On the other CampfireParty Al 3840 x 2160 | 1.00 -0.7%
}(’iand, il;tra residual data hashmore energy than inter residua(li trainit;g ToddlerFountain Al 2096 x 2160 | 1.00 03%
ata. As a consequence, the mter training process needs to be 5
optimized further to increase the proposed method selection to a higher CatRobot A2 3840 > 2160 | 1.00 0.0%
percentage. The execution time for the Max-BD setup is high and TrafficFlow A2 3840 x 2160 | 1.05 -0.0%
extends the original execution time by a factor of 11 to 33. QP,, does DaylightRoad A2 3840 x 2160 | 1.00 -0.3%
not perform well, because it is the highest quality, which means that Rollercoaster A2 4096 x 2160 | 1.00 -1.0%
the lowest d'1stort10n is needed. However, if more sparse cqefﬁglents Kimono B 1920 x 1080 | 1.00 03%
are needed, it creates a problem because every sparse coefficient index .
is encoded in fixed length (CABAC bypassed), which creates too much ParkScene B 1920 x 1080 | 1.00 -02%
overhead. And additionally there is a max sparsity limitation of four Cactus B 1920 x 1080 | 1.08 -14.3%
(MUB4). This is the reason the proposed method is not used much, and BasketballDrive B 1920 x 1080 | 1.00 -0.6%
[5, 19] make similar observations. In general, QP35 performs the best. BQTerrace B 1920 % 1080 | 1.00 1.0%
The reason that QP does not perform that well, in comparison to
, QP ot pe , mpat FourPeople E 1280 x 720 | 1.15 | -23.4%
QP (32, is that for QP (37, the limiting factor is not the distortion, but = 09 TN
the bits for encoding. Not many bits are allowed. Johnny 1280 x 720 : o
KirstenAndSara E 1280 x 720 | 1.10 -15.0%
Table V BasketballDrill C 832 x 480 1.14 -30.4%
Detailed BD-rate savings of “SCC_AI4x32_Max-BD* test. Broken BQMall C 832 % 480 1.00 203%
down by separate test sequences compared to HM-16.18+SCM-8.7
Compression Ratio (CR) PartyScene C 832 x 480 1.00 -0.1%
RaceHorses C 832 x 480 1.00 -0.2%
CR | BD-rate BasketballPass D 416x 240 | 100 | -0.3%
savings
0,
Video Sequence Category Resolution 1: luma % BQSquare D 416 x 240 1.00 -0.3%
BasketballScreen | MixedContent | 2560 x 1440 | 1.09 -15.5% BlowingBubbles D 416 x 240 1.00 -0.1%
MissionControl2 | MixedContent | 2560 x 1440 | 1.02 -4.3% RaceHorses D 416 X 240 1.00 20.1%
MissionControl3 | MixedContent | 1920 x 1080 | 1.04 -8.0% BasketballDrlIT v NE STE
FlyingGraphics TGM1080 | 1920 x 1080 | 1.00 20.1% asketballDrill Text 832x480 | 1. 2157
Desktop TGM1080 1920 x 1080 | 1.02 -2.6% ChinaSpeed F 1024 x 768 | 1.07 -10.6%
Console TGM1080 1920 x 1080 | 1.00 0.0% SlideEditing F 1280 x 720 | 1.10 “11.4%
- — — 0
ChineseEditing TGM1080 1920 x 1080 | 1.03 3.7% SlideShow F 1280 X 720 100 0.8%
‘WebBrowsing TGM720 1280 x 720 | 1.05 -6.0%
Map TGM720 1280 x 720 1.06 -8.3% .
Programming TGM720 1280 x 720 | 1.02 3.4% Table VI shows the detailed results for each test sequence and category
SlideShow TGM720 1280 x 720 | 1.00 20.6% of Table IV test “HEVC_AI4x32_Max-BD” execution. For camera-

captured content, 8 of 24 test sequences are outliers in regard to the
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upper bound, and the rest of the test sequences are between 0.0% and
1.0% BD-rate savings. This is in part a problem of the category
composition for HEVC in CTC [11], which is based on the resolution
and not on the similarity of the content as it is in HEVC-SCC. ClassF
is a good example that performs very well with almost every test
sequence except SlideShow. The reason SlideShow does not perform
well is already explained, because most of the content is simply white
background. It can be assumed, if the category selection is based on
the content and not on the resolution, that the HEVC test sequences
would perform in a more balanced manner with similar overall BD-
rate savings as for HEVC-SCC.

For the RDO curves we used the Bjentegaard model [32] where we
transformed the PSNR into a logarithmic scale (dB).
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Fig. 5. HEVC-SCC: Al - MixedContent — BasketballScreen test
sequence RDO curve for Min-Exe and Max-BD to reference run
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Fig. 8. HEVC: Al - ClassC - BasketballDrill test sequence RDO
curve for Min-Exe and Max-BD to reference run.
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Fig. 6. HEVC-SCC: RA - MixedContent - MissionControlClip3 test
sequence RDO curve for Min-Exe and Max-BD to reference run.
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Fig. 7. HEVC-SCC: LDB - MixedContent — BasketballScreen test
sequence RDO curve for Min-Exe and Max-BD to reference run

Fig. 9. HEVC: RA — ClassF - SlideEditing test sequence RDO curve
for Min-Exe and Max-BD to reference run.
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Fig. 10. HEVC: LDP — ClassF — BasketballDrillText test sequence
RDO curve for Min-Exe and Max-BD to reference run.

By comparing the curves in Fig. 5 to Fig. 9, a general tendency is that
as mentioned before the compression at higher PSNR values gets
closer to zero, which is an outcome of the demand for more sparse
atoms, so that the proposed method is not used overall.
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C. Contribution of the proposed method parts

Here we provide a quick overview of which parts are contributing
how much to BD-rate saving terms. These tests were conducted with
the HEVC-SCC Al test setup.

Table VII
Different parts of the proposed method and their impact on BD-rate
savings tested with HEVC-SCC Al Max-BD setup

Test BD-rate savings Execution
Time
1 Dic K-Size 512 -1.893% 842%
2 Dic K-Size 1,024 -3.151% 887%
3 Dic K-Size 2,048 -4.765% 1,021%
4 Block Size 4x4 -0.050% 103%
5 Block Size 8x8 -0.802% 141%
6 Block Size 16x16 -2.070% 257%
7 Block Size 32x32 -1.567% 494%
9 A-5% (LMA) -4.658% 1,000%
10 | 210% (LMA) -4.747% 1,037%
11 | 2+5% (LMA) -4.765% 1,021%
12 | 2+10% (LMA) -4.757% 1,086%
13 | QPD off -2.641% 1,036%
14 | Chroma On Around -1% for 1,103%
chroma parts
15 | PON (palette mode on) -3.641% 1,149%
16 | TON (transform skip TS -5.048% 1,738%
on)
17 | TRON (TS & residual -4.540% 1,707%
rotation on)
18 | ION (IBC on) -6.009% 1,130%
19 | All SCC tools off -11.764% 1,853%

Table VII shows BD-rate and complexity numbers for various test
setups. Tested with the Max-BD test setup on HEVC-SCC Al, Tests
1-3 show the impact of the K-size of a dictionary. The complexity
increases for higher K-sizes, but at the same time the BD-rate savings
goes up significantly. Tests 4-7 show the BD-rate and complexity for
the block sizes separately. A 4 X 4 block size contributes only 0.05%
BD-rate savings and exceeds the execution time by 3%, which was the
reason it was deactivated in our Min-Exe setup. On the other end, a
32 X 32 block size performs well in terms of BD-rate savings, but the
execution time is too high, which is the reason it was deactivated for
the Min-Exe test setup. Tests 9-12 reveal the impact of various
A settings on the BD-rate savings and encoder execution time. If LMA
goes negative, the BD-rate savings are worse because distortion is
emphasized over sparsity, but the proposed method follows the
opposite configuration with SoD. If LMA goes positive, the results
improve, and a +5% A adjustment created the best results. Test 13
shows the BD-rate savings results of the QPD part, which performs
very well and improves the BD-rate by around 2.1%. Test 14 shows
the impact of the chroma part. Tests 15-19 show the impact of the
HEVC-SCC tools on the BD-rate savings and execution time.
Interestingly, in the “All tools off” setup (screen content tools off), the
BD-rate savings is more than double compared to the “All tools on”
setup test 3. This shows that the internal screen content tools of HEVC-
SCC perform well in removing a lot of content that would otherwise
be a candidate for our proposed method.

10

D. Crop Compare

The visual quality is not an issue and tends to be in
general, consistent with the PSNR values.

L e s R &)
Fig. 11. ChinaSpeed original yuv test sequence 1024x768 QP 3},
Alllntra, screenshot

Bk

Fig. 12. ChinaSpeed original yuv test sequence 1024x768 QP (3},
AllIntra, snapshot enlargement

Fig. 13. HEVC proposed method blocks for ChinaSpeed test sequence
1024 X 768, QP(32}, Alllntra, snapshot enlargement

By comparing Fig. 12 which is an enlarged snapshot of Fig. 11 With
Fig. 13 it is not easy to detect any PSNR degradation at all.
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Table VIII
HEVC BD-rate and execution time Comparison
Paper/year Block size Test Setup Test Classes BD-rate Execution Time
[13] 2016 “Orthogonal- C
Matching-Pursuit 8x8 BasketballDrill 480p
Based Residual Coding to RaceHorses 480p -2.3% 143%
with Content Adaptive 32x32 LDP
Dictionary in HEVC” D
This paper 4x4 BlowingBubbles 240p
A imati to BQSquare 240p -4.2% 3,613%
(Approximation) 32x 32 RaceHorses 240p
[14] 2016 “OMP-based RA A,B,CD,F -1.0%
transform for inter LDB -0.8% Not Available
coding in HEVC” 4 tf) 4 LDP B,C.D,E,F 3.3%
32 x 32 RA A,B,C,D,F -2.5% 1,836%
This paper (Table 1V) LDB B,C,D,E, F -4.6% 1,805%
LDP B,C,D,E, F -4.6% 2,696%
Table VIII lists the BD-rate and execution time for related sparse video
compression research for comparison with Table IV. For execution Table IX
time, 100% means that the execution time is the same as the reference All Intra, RandomAccess, LowDelayB and LowDelayP
run without the proposed method. Overall, there are around 11, more
or less, sparse coding papers, but only three papers [5, 13, 14] compare Test Scenario Details
with HEVC and only ours [20] compares with HEVC-SCC. The rest Alllntra (AI) - Each picture is an I picture
of the past research used H.264 to H.263 and other codecs. Paper [5] - Good for low delay

uses sparse coding and DCT in a sequence. They tested B, C, and D,
but the method is too different to be listed for an unbiased comparison
in Table VIIL In general, paper [13] tested only a small subset of the
CTC [11] (classes C and D), but this research tested all the CTC [11]
test sequences, so it was possible to adapt the test results from Table
IV to the test setup of paper [13] for an unbiased comparison. Also
different is the block size of 8x8 to
32 x 32 and our block sizes includes everything from 4 X 4 to
32 x 32, but as mentioned before, the contribution of the 4 X 4 block
size for the proposed method is very low, so that the difference to [13]
can be ignored. Paper [14] on the other hand, follows like our research,
strictly with the CTC [11]. The only difference between the results
between [13], [14] and this research are the number of frames tested.
[13] tested all frames, [14] tested only first 11 frames, and our research
takes the first 20% of the frames for training and uses the remaining
unseen 80% frames for the test. Execution time comparison is a general
problem, some research did not mention it, like [14, 17, 19], and [22],
or mention it in an unusual way like [15] as “Complexity (pel/s)” and
“Runtime (s/frame)” or in [16] with millions of operations per frame,
which goes from a ratio of 3.94 to 7.40. We consider [13] as an
efficient implementation of sparse coding, it has a 43% increase of
execution time. With more research into optimization techniques like
vectorization, plus using the latest and most efficient sparse coding
solution, and not using a generic OMP MATLAB translation into C++,
plus a more optimized residual classifier (RClass), and additionally, if
the 16x16 and 32x32 blocks are all split up in 8x8 blocks to reduce the
exponential increase of execution time for 16x16 and 32x32 blocks,
the complexity increase should be around the same level or even lower.
The BD-rate test results are promising, compared to [13] we improved
the BD-rate by 1.9%, but our execution time was almost 35 times
slower. For [14] we improved it for RA by 1.5%, for LDB by 3.8%,
and for LDP by 1.3%. The execution time for this case, could not be
compared because [14] did not mention it. A surprising issue with the
comparison of this work with others is also that sparse coding in video
compression is in many cases were done only for the inter part. To
compare our results with intra compression it is needed to compare it
with sparse coding for image compression which is in principle intra.
But, on the other hand, it would be a biased comparison because of the
missing CABAC compression option, so we skip it here.

- Higher bit rate applications
- QP is constant
-Hierarchical B structure is used

RandomAccess (RA)

-Streaming -Coding efficiency is highest
-Broadcast -Larger delay (reordering)
-Blue-ray -For errors control,

-DVD - Every second an I pic
LowDelayB (LDB) -First pic is an I pic

-Medium comp.
-Video Conference

-All others are encoded as P pics
-Reordering of pics not allowed
-only past pics prediction

-Low coding delay

-First pic is an I pic

-All others are encoded as B pics.
-Reordering of pics not allowed
-Low coding delay

-Higher coding efficiency as LDP

LowDelayP (LDP)
-HEVC only
-Medium comp.
-Video Conferencing

E. HEVC & HEVC-SCC: ChinaSpeed test sequence and
proposed method comparison

HEVC is tested by CTC [11], and HEVC-SCC is tested by the CTC
[12]. Both CTC [11, 12] test-sequence selection are different except
for two, which are for HEVC-SCC and also for HEVC (ClassF
optional) ChinaSpeed and SlideShow.

Table X
Comparison of common test sequences ChinaSpeed and SlideShow
between HEVC and HEVC-SCC

BD-Rate HEVC
-10.5%
-0.7%

BD-Rate HEVC-SCC
-9.4%
-0.9%

Test sequence
ChinaSpeed
SlideShow

Table X shows the differences in BD-rate savings between the two test
sequences that are common to both CTC [11, 12]. An interesting
example is the ChinaSpeed test sequence for comparing the decoded
YUV output between HEVC and HEVC-SCC. This comparison
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reveals in general where the proposed method compresses well, which
part is not compressed, and whether or not there is a significant
difference between the two codecs. ChinaSpeed is overall very well
compressed by the proposed method, for both codec HEVC by -10.5%
and HEVC-SCC by -9.4%.

EY et

¢ e ﬁ%.&“; % su j 2w we &EFSDn *' .
Flg 14 HEVC proposed method blocks for ChinaSpeed tes sequence
1024x768, QP333, Al

Fig. 14 shows the ChinaSpeed test sequence, handled by the HEVC
codec, without screen content coding tools. As it can be seen, almost
all Chinese characters are not encoded by the proposed method.

‘ [ \ 0 e
w WA
Fig. 15. HEVC-SCC proposed method blocks for ChlnaSpeed
sequence 1024x768, QP 3z, Al

Fig. 15 shows the same ChinaSpeed test sequence like Fig. 14 but with
the HEVC-SCC codec compression. As expected, despite the fact that
two different sets of dictionaries were used, the outcome is similar. The
BD-Rate savings for both are close, with a difference of 1.1%. The
compression of HEVC-SCC is less because the HEVC-SCC tools
already compress a significant amount of screen content blocks on
their own, and these are subsequently not compressed by the proposed
method. In general, for the ChinaSpeed test sequence for both codecs,
the proposed method is used more in some areas of the picture. Overall,
the proposed method is used for simple planar blocks, and blocks with
straight lines in any angles, but not for simple, single-color blocks with
no change at all.
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F. HEVC & HEVC-SCC: SlideShow test sequence and
proposed method comparison
SlideShow is the other test sequence that both test conditions share

and exists on the other end of the spectrum that is poorly compressed
by the proposed method.

— = = = - -
a D '
5 § Author Your Presentation
-7

Design, erganize, and collaBorate s

Fig. 16. HEVC proposed method blocks for SlideShow test sequence
1280x720, QP(353, AL

Fig. 16 shows the SlideShow test sequence, where the proposed
encoded blocks are highlighted with black boxes. In comparison to
ChinaSpeed, it is obvious that SlideShow does not perform well with
the proposed method. A major reason is that SlideShow contains
numerous white color background blocks, which are efficiently
compressed by DCT + DZQ + CABAC. In these cases, the proposed
method cannot compete against the standard process.

Author Your Presentation

Design, organize, and collaborate wm

Fig. 17. HEVC-SCC proposed method blocks for SlideShow test
sequence 1280x720, QPy333, Al

Fig. 17 shows the same picture/frame as shown in Fig. 16, but encoded
with HEVC-SCC instead of HEVC. The two BD-rate savings are
close: with HEVC at -0.7% and HEVC-SCC at -0.9%. The test setup
between the two codecs was similar, and both used their own trained
dictionary sets. The differences are that the proposed method for
HEVC compresses more of the middle graphics, an area that is
compressed less by HEVC-SCC. Additionally, the grass is more
compressed in HEVC than in HEVC-SCC.

Authorized licensed use limited to: Santa Clara University. Downloaded on June 24,2023 at 16:51:34 UTC from IEEE Xplore. Restrictions apply.

© 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Consumer Electronics. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TCE.2023.3268061

G. Dictionary visualization HEVC

We visualized the dictionaries to show the common structures, to
reveal any surprising patterns, to get an idea of the direction in which
the whole training process goes, and to demonstrate what the general
characteristic of a trained dictionary is—as well as to determine what
the KSVD process considered important, and what it considered
unimportant.
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Fig. 18. ClassA2 (4k) 8x8 QPy34) subset.

LY
A Y
™
ol P
e

Fig. 18 shows the ClassA2 (4k) dictionary subset. It features fluffy
diagonal blocks, including horizontal blocks. This reflects that the
training data process have a significant impact on the dictionary
training process.
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Fig. 19 ClassD 32x32 QP(34) subset.

Fig. 19 shows a dictionary subset, which contrasts with many other
dictionaries because it looks almost like noise, waves, or shadows.
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Dictionary visualization HEVC-SCC

Ll (R et || ) III
FIIIII!EEIIFFII

=

=
=
[
"
1]

U
s

—

L
=
"1
| |
A

NiE=u3=0
1 R
=

|
% |
et
[ 3
[
=

I
=
1= EF nra=s

ictionary TGM 1080 8x8 QP(34) subset.

|
I
=
]
| |
il

3
]
=
=
| |

MEHHHHEHIJ

"
]
=
|
| [
E
H
i |
- B

—
—

(E-R (]

w
=

o — —
] |
= ="
B =
=S

ig. 20. Vis

,:-

— —
Q‘d

=

a

13

Fig. 20 shows a typical subset of a TGM1080 dictionary, where the
blocks themselves look more detailed. It also shows more lined
dictionary atoms, in this case a majority are straight horizontal and
vertical, and some are diagonal.
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Fig. 21. Visual dictionary MixedContent 16 X 16 QPy,,) subset.

Fig. 21 shows a dictionary, which is special because this subset
features content parts from MissionControl2 test sequence, where the
background is star-like, as can be seen in this dictionary subset.
Overall, as expected, every category is developed in the training
process, with characteristics adjusted to the content used for the
process.

VI. CONCLUSION

We adapted, with encouraging results, a semi-extreme sparse coding
solution to HEVC and HEVC-SCC for LMFE prediction residuals
signals. The BD-rate savings for the HEVC intra setup can reach up to
5.5%, with enough BD-rate savings depending on [33] to be
considered for the standardization process, but the execution time is a
problem. This BD-rate savings shows that the standard HEVC
inter/intra prediction and transform coding process is not perfect and
has flaws and limitations. A significant problem with using sparse
coding is the increase in complexity. Our execution time needs to be
taken with caution. As mentioned before based on paper [13] the
execution time for the encoder can be around the same increase of
43%, by following basic optimization techniques. The execution time
for the decoder should be slightly better than for DCT because sparse
coding uses only a linear combination to reconstruct the signal.
Additionally, the overall average sparsity for HEVC and HEVC-SCC
is around 1.5 atoms. On the other hand, DCT + DZQ are in principle
matrix based, and have a higher complexity than a linear combination.
The mentioned low overall average number of sparse coefficients
means that most blocks are compressed by less than two sparse
coefficients, which is close to the extreme sparse representation
mentioned in [6], which would be the case, if only one sparse
coefficient is used with a coefficient value of 1. We consider an
average sparsity of less than two sparse coefficients as semi-extreme.
The proposed category approach is only a temporary
simulation/solution and a placeholder for an online learning approach,
but it still demonstrates that there will be not a single universal
dictionary that can handle all contents and applications. The reason is:
to have a dictionary that is suitable for every content, it needs to be
learned by every content, and if it is learned by every content, then it
must be more generic and thus needs a significant amount of basic
building blocks to include the large number of different details.
Therefore, the sparse coding finding process requires on average more
coefficients to construct a specific signal.
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