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Abstract: Today’s multi-media applications need high video quality with low bitrates. However,
it is restricted in its capacity to provide higher quality than earlier coding methods. Deep learning
(DL) approaches for video coding have shown compression capacities equal to or better than
traditional methods, including high-efficiency video coding (HEVC) methods. The trade-off
between compression efficiency and encoding/decoding complexity, optimisation for perceptual
nature of semantic dependability, specialisation, and universality, the federalised layout of
various deep toolkits, etc. remains unclear. HEVC encoding is more efficient than previous
standards. Improved efficiency is driven by intra image prediction, which incorporates more prior
directions (35 modes) than previous standards. Its high efficiency comes from balancing encoder
complexity and dependability. This article presents DL, which uses a convolutional neural
network to predict the best model with the least rate-distortion (RD) and further promotes study
into deep learning video coding (DLVC).
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1 Introduction display is growing over the decades. According to current
research, coded video information is rapidly has become the
majority of user internet activity, with such a forecasted
proportion of 90% before 2019. Contemporaneous video
conferences, streaming video via broadband services, with
digital television broadcasts are among the foremost widely
utilised application. Most today’s mobile hand-held gadgets

Because of the accessibility of greater network bandwidth,
quicker processor speed, innovative capture as well as
display systems, applications that have advantage in precise
video recording, effective depiction as well as coding,
error-free transmitting, and entirely subjective optimisation
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have a video camera that can collect and encode a streaming
video in a standardised way. Video clients that can decode
as well as playback video are also included in such devices.
Every one of the changes needs the advancement of highly
effective video coding methods capable of reducing bitrate
independent of losing video quality or allowing for an
improvement in video quality independent of increasing
bitrate. The most recent response to this customer
requirement is high-efficiency video coding (HEVC),
commonly referred to as H.265.

The initial stage in parametric dependent video CODEC
optimisation is to identify the coding parameters which
exhibit a substantial influence on important attributes
including bandwidth, image, or video resolution, as well as
CPU cycles, among others. Once the video content is
familiar, an authorised professional of a vidleo CODEC may
predict those parameters with certain precision, but to
properly determine the data values with minimal subjective
error, a rigorous scientific technique is required. After
obtaining these values, the main features of the video
CODEC mentioned above may be modelled using the
important parameters. Such approaches may subsequently
be utilised to improve the video codec’s efficiency while
operating under real-world restrictions, rendering
parameter-based characterisation, and modelling realistic.

2 Review of the state of art

On the video coding optimisation techniques, a substantial
number of researches are done in the prior and published in
academia. Algorithm-dependent (Zhihai et al., 2008;
Jaemoon et al., 2011; Markkandan et al., 2021a), and
parametric-based (Vanam et al., 2009; Bharath Kumar et al.,
2021) optimisation techniques seem to be the types of
optimisation  algorithms. The study focuses on
parameter-based optimisation methods. As a result, the
review would be restricted to them. Algorithmic
optimisation techniques give crucial information on how to
build a video CODEC that performs optimally, particularly
when various operational restrictions are present. To
overcome the issue, they offered a comprehensive analysis
of the relevance of multiple objective optimisation
architecture in Al-Abri (2010) and Jana et al. (2021), as well
as the technique given in Al-Abri et al. (2009) and
Sangeetha et al. (2021). The proposed methodology was
designed to create a combined complexity-memory-rate-
distortion (CM-RD) optimisation architecture for an H.264
video coding, but it may be expanded to include a set of
requirements and utilised in either form of video CODEC.
An encoder as well as decoder, the architecture
considers the optimisation of various goals. The functional
goal for rate distortion and CPU was created using SPSS
category regression. Those functionalities were later put
into a genetic algorithms-dependent optimisation (NSGA-II)
in MATLAB, together with the quantifiable values of
objective features, to produce a collection of parameters
which resulted in the CODEC’s best efficiency under a
variety of restrictions. HEVC is the ITU-T video coding

specialist’s community as well as the ISO/IEC Moving
Image Specialists Community’s newer video coding
specification (Sullivan et al., 2012). Weiwei et al. (2014)
demonstrated that HEVC offers considerably enhanced
compression effectiveness, i.e., a 50% reduction in bit rate
in comparison with the highest current video coding
methods while maintaining a similar visual quality. The
study suggested a technique of HEVC intra-coding
especially for rate-distortion optimisation (RDO) that is
hardware compatible. The research’s findings revealed that
suggested RD cost functional reduces space by 85.8% and
improves throughput by 1,260% in system architecture, with
just a small loss of bitrate as well as PSNR, making it ideal
for contemporaneous encoder applications.

Grois et al. (2013) and Markkandan et al. (2021b)
provided a comparison study of VP9, H.265, as well as
H.264 encoders. Then, H.265/MPEG-HEVC had been
demonstrated to continue providing important mean bit-rate
investments of 43.4% and 39.5% to VP9 as well as
H.264/MPEG-AVC, in both, thus accordingly experimental
data was acquired for an entire testing dataset of video
sequences utilising identical encoding setups for examined
representative encoders. (Bross et al., 2013; Markkandan
et al, 2021c) demonstrated that code improvements,
involving the significant need for singular instruction
multiple-data (SIMD), are able to allow HEVC software
decoding for full precision to HD (1,920 x 1,080) in
numerous applications. Single-threaded operation including
code optimisation was also demonstrated to be insufficient
while decoding (3,840 x 2,160) UHD video.

3 Preliminaries

In this work, the coding techniques are explored for realistic
image/video, for example, image/video captured by
everyday mobile phones or cameras as perceived by
humans. Although the approaches are usually relevant, these
are created with realistic image/video in mind but do not
work with other types (e.g., remote sensing, biomedical).

Almost all realistic image/video is now stored digitally.
x € D™ represents the domain of a unique image element
in a digitalised greyscale image, wherein the number of
rows is represented as m and columns of the image is
represented as n. D represents the unique image pixel.
D ={0, 1, ..., 255} is a typical choice, wherein |D| =256 =
28 and therefore the pixel value may be defined via an 8-bit
integer; consequently, digitalised an uncompressed
greyscale picture contains 8 bits-per-pixel (BPP), whereas
compressed bits have significantly fewer.

Conventional lossless coding techniques may produce a
compression ratio of 1.6 to 3 for realistic images that are far
less than what is required. As a result, lossy coding is used
to compress data more efficiently but at the expense of
quality. The differential among the actual and reconstructed
pictures may be used to calculate the loss, for example,
utilising mean-squared-error (MSE) for digitalised greyscale
images:
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o=l

MSE = (D

mxn
As a result, the peak signal-to-noise ratio (PSNR) may be
used to assess the quality of the processed picture in
comparison to the actual image:

(max(D))

PSNR =10x1lo
£10 MSE

2

3.1 High-efficiency video coding

Figure 1 shows the structural block diagram of H.265. In
this video coding layer, then HEVC uses a hybrid coding
technique that includes intra-image forecasting, inter-image
forecasting, and a two-dimensional transformation. The
following is the encoding algorithmic approach: Every
image is divided into coding tree modules (CTMs), which
are block-shaped areas. The CTM is a coding module that is
comparable to the macroblocks utilised in older video
coding specifications (AVC/H.264). It’s broken down even
more into coding module (CM). Two types of predictions
are supported by HEVC.

e Intra: each module is calculated based on neighbouring
image data available in the present image.

e Inter: makes use of image information from several
other images as a basis.

Intra-image forecasting is used to forecast the initial clip in
a video sequence since there exist neither frame to contrast
(reference frames). Inter-image forecasting coding modes
have been used to identify the remaining images in a
sequence or among any random moments.

Figure 1 H.265 structural block (see online version for colours)
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The motion information including the chosen reference
image as well as the motion vector (MV) is utilised for
forecasting each block sample are chosen during the
encoding processes for inter-image forecasting. The encoder
is provided frame sequences, which are divided as a
quad-tree design and provided to the encoder individually to
determine whether the block has been compressed either of
both I-frame and P-frame. An encoder, as well as a decoder
utilising MC, creates equivalent inter-image forecasting
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utilising mode decision with the MV. To calculate the
variation among the frames in H.265, the actual block frame
image is deducted from the predicted block frame image
else reference frame. Error in the image block or remaining
image block is the name given to the resulting block. The
spatial transform transforms this intra/inter residual block.
These residual transformation coefficients are scaled,
quantised, and CABAC before being sent with the forecast
data.

The encoder duplicates the decoder’s working loops,
resulting in similar forecasts for future information from
both. The coefficients of quantised transform are then
rebuilt using inverse scaling as well as modify to replicate
the decoded signal’s approximations. Both the incorrect
image and also the anticipated image blocks are combined
and sent through in-loop filters to eliminate quantised
artefacts. The completed image will be stored in the
decoded image buffer that would aid with inter-image
forecasting by allowing the forecast block to be compared to
reference images.

4 Proposed architecture for performance
modelling

The proposed system for multi-objective optimisation
(MOO) is designed to find the best coding factors for an
H.265 video if several restrictions are present. The MOO
architecture aims to reduce the complexity in CPU use,
increase the bit rate, as well as improve the compressed
stream video quality. The suggested MOO architecture is
completed through the following process.

1 An encoder as well as decoder analysis test has been
conducted to identify whether coding settings had a
substantial influence on every distortion, rate, and CPU
usage objectives/constraints. It is accomplished by
calculating the influence of each factor (as it has been
modified) on each of the aforementioned factors.

2 Employing an appropriate regression method, the goal
function is developed for each objective/constraint
depending on the relevant factors.

3 These goal functions are utilised to find optimal
parameters in a genetic algorithm (GA) depending on
the MOO architecture.

In the first two stages above, defining the relevant coding
factors and constructing the appropriate functional goal are
more important. These two phases allow for performance
modelling and are then utilised to optimise the CODEC.
The video is captured by the devices initially encodes it, and
sends it across networks to some other device, which
decodes then displays the material to a user in a realistic
multi-media application domain. Considering that network
having bandwidth restrictions and the device includes the
encoder installation has computing power limitations, but
that possible content users may require low-quality levels,
the suggested MOO architecture may be utilised in this
circumstance.
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A large variety of encoder settings may be specified to
regulate the encoder’s efficiency, bit rate, and computing
power needs, ensuring that the encoder’s functionality is
optimum under the provided multiple restrictions.
Moreover, due to the high number of configurable encoder
settings, this necessitates modelling of the encoder’s quality,
bit rate, and CPU consumption. A conventional technique to
optimisation may be utilised if a numerical-functional goal
can be generated. The identification of the relevant coding
parameters, which is the main emphasis of the study given
here, is required to derive function’s goal, for instance via
mathematical regression. Similar reasoning may be used to
the decoder parameter choosing which leads to optimum
decoder performance. Let us consider that the data network
transmission is flawless in the proposed framework, with bit
losses, no delays, or mistakes. As a result, the bitstream of
the encoder is delivered to the decoder in the
contemporaneous scenario, independent of any loss or
modification. The experimental procedure used to find the
important coding parameters in the case of both the encoder
as well as the decoder is described in the next section.

The functional goal for the three criteria in the case of
cactus video has been obtained using the linear regression
method’s outcomes used as stated previously (1). These
functions allow you to go through the importance of every
parameter as well as determine how it affects the bitrate,
PSNR, and CPU encoder time in a detailed manner. The
analysis, in specific, analyses every test film independently
and evaluates the influence of every coding parameter
considering the provided features of every video’s data.

L) girare = —22.4664 % x(1) — 386.2482 # x(3) +18,066.616
£ (2)psvr = —0.0039 % x(1) —0.4404 * x(3) + 48.873

F®)ine_1ime =3.9537# x(1) +2.5501% x(2)
—36.2174 % x(3) +545.1239 % x(4) + 2, 768.025

5 Data analysis
5.1 Encoder analysis

The encoder functional goal generated because of the
experimental approach allows for discussion of the
importance of every coding setting. The models acquired for
every video sequence have been listed below, with f{1)
indicating PSNR, f(2) indicating rate, and f{3) indicating
CPU encoder time. The study of the linear regression
expressions derived for the video sequence of cactus reveals
that all four factors, notably: intra-period, search-limit,
quantisation parameter, speed encoding, have a substantial
influence on CPU use.

The functional goal produced for all examined video
sequences regarding CPU encoding time suggests that the
parameter with the most important influence on CPU is the
Speedy decisional encoder, according to the results of the
CPU Usability. The smaller intra-period outcomes in a

longer processing time when selecting the intra-period. The
quantisation feature will have the next biggest influence.
Search range (SR), as well as intra period (IP), has a minor
influence. Encoding time may rise somewhat as the SR
expands. These tests have no discernible effect on the
video’s quality. Encoding time would be somewhat longer if
FEN is disabled. Moreover, this has no significant effect on
quality.

e  PSNR analysis: QP parameter which has the greatest
influence on PSNR. The PSNR data in Table 1 show
that the two movies with the fewest
movements/changes, cactus well as Yacht ride, had the
highest correlation coefficients. It is predicted owing to
the CODEC’s reliability while encoding every
individual frame of sequential coding.

e Bit-rate analysis: the QP parameter that has the most
influence. As seen in Figure 2, lower quantises lead to
higher bitrate and superior visual quality. The
significant influence of QP on the H.265 video coding.
The search-limit has no effect on PSNR or bit-rate in
cacti. It’s true because optimal matching would not be
identified rapidly, i.e. without scanning the full movie,
for recordings with fast-moving elements. A constant
component appears in all functional, suggesting that
there is a set computing expense for encoding that is
irrespective of the coding factors used. Considering the
processes that occur are autonomous of the coding
settings, this is to be assumed.

Table 1 Correlation coefficient of the encoder
Video Yacht ride Cactus
Enc Time 0.9840 0.999
PSNR 0.9985 0.9987
Bit-rate 0.9536 0.9547

Figure 2 PSNR versus bit-rate at QP 27, 37, and 45 (see online
version for colours)

50

40 &
50 Aw"_/
o —
%0 Y...
-4

10

0

100 200 4000 8000 10000 18000
Bit-rates (kbps)

5.1.1 Decoder analysis

The decoder’s study is confined to decoder settings which
have a substantial impact on the computing difficulty of the
decoder. The PSNR, as well as bit-rate, are defined by the
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encoder, therefore the decoder parameters being free from
effect. The decoder receives the identical quality whereas
the bit-rate is fed as an encoder outcome in the proposed
architecture. The decoder’s computing complexity is
assessed utilising a similar technique as the encoder.

Figure 3 PSNR vs. bit-rate (see online version for colours)
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Figure 3 shows the outcomes of the analysis of a Pareto set
using MOO. The collection of non-dominated alternatives
or Pareto-front for PSNR and Bit-Rate is shown in Figure 3.
The Pareto-front depicted is restricted in range, indicating
that points seem to be a straight line. When the testing range
is expanded, the curve takes on the form of a Pareto curve
where this curve helps you to choose the highest
performance points plus, therefore, the coding factors which
gave you the best functional goal values for video coding.

6 Conclusions

We formally present CNN-based categorisation for
forecasting the optimal directed modes for H.265 in this
paper. The proposed neural network receives the actual
video is provided as an input. The challenge of deciding on
the optimal intra-image prediction mode is presented as a
classification issue. With a decrease of up to 0.522% over
H.265, the Bjntegaad-Delta loss rate becomes negligible.
CNN offers the appropriate video encodes. It is most useful
in circumstances such as streaming video, which involves
the generation and retrieving of digital information via the
internet at the same time. As a result, every encoder could
use a single classification for the best intra-image prediction
mode.

We utilised multi-variate regression evaluation specific
to define a functional goal for CPU usage, the bitrate, and
PSNR of a video CODEC while encoding/decoding a
specific movie. The construction of the functional goals is
present by using available data about the content as well as
motion in the test films. These regression expressions are
demonstrated to be capable of modelling the performance of
a common H.265 video coding.
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