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ABSTRACT

Multimedia communication has had a huge impact on data transmission and reception in recent years.
Video transmission, reception, and storage are all important aspects of multimedia communication. The
requirement to store the movie on the drive necessitates a significant amount of space and memory.
Lossy compression and lossless compression are the two types of video compression techniques. Lossy
compression compresses video frames more efficiently than lossless compression, but the video quality
suffers as a result of artefacts. When compressing the video frame, an artefact reduction technique is
employed in this study. Despite the fact that video frame data compression techniques have the ability
to dramatically reduce the quantity of video frame material, they also generate visual distortions due to
lossy compression. The proposed method increases video quality after compression by employing the
DREPF technology to remove artefacts. DREPF has been proposed as a way to improve decoded video
frames after compression using a technique called Recursive Ensemble Particle Filtering (REPF).
Recursive Ensemble Particle Filtering (REPF) locations are determined using the DCNN, which is utilized
to include them into the deep Recursive Ensemble Particle Filtering (REPF). For better video frame
enhancement, the previous information is approximated by combining the time and temporal systems.
Model-based and learning-based systems can be combined in a novel way by combining the Recursive
Ensemble Particle model's recursive structure with DCNN's dominating illustration capabilities.
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Experiments have shown that the proposed methodology produces better outcomes than current

systems.
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1. Introduction

Video compression is a frequent practice in
many real-world (especially mobile) application
situations because of limited bandwidth and
storage capacity [1]. Despite the fact that lossy
video compression reduces transmission and
storage costs, jerkiness, edge/texture floats,
and mosquito noise are all introduced [2].
Because to visual distortions, the quality of the
experience can suffer (QoE). Thus, in the
disciplines of multimedia and computer vision,
video compression artefact reduction has
become a prominent topic The successful
implementation of deep neural networks has
resulted in considerable breakthroughs in
compressed image/video enhancement in
recent years. Using deep convolutional neural
networks, for example [6-9], it is possible to
remove compression artefacts from images
without having to consider the underlying
compression algorithms. There are no temporal
links between adjacent frames in these models.
Using two motion-compensated closest PQFs,
[5] exploits the temporal correlation of adjacent
frames to establish a deep Kalman filter
network, [10] makes use of task-oriented
motions, and [3] introduces the deep Kalman
filter network. However, [3] only uses the target
frame's preceding frames, whereas [10, 5] only
use a pair of nearby frames, potentially missing
high-quality features in other neighbor frames
(will be explained later). Intra-frame and inter-
frame codecs are used in video compression
algorithms. The preceding and next neighbor
frames have a considerable impact on
intercoded frames (P and B frames). So finding
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spatiotemporal correlations between adjacent
frames can improve video enhancement
performance. Compression video artefacts can't
be minimized by just mining information from
one or two neighboring frames or even two
close PQFs. Figure 1 illustrates this concept by
way of an illustration. SSIM (structural similarity
index measure) values above a threshold are
indicative of higher visual quality in a frame. In
spite of the overall visual quality of the 140th
and 143rd frames being greater, the 142nd
frame has the best cropped patch. Current
approaches to extracting spatiotemporal
information from videos would miss the high-
quality details in these patches.

Reduction methods for compression artifacts
were initially studied by developing a specific
filter inside the compression process [11].
Although these approaches can efficiently
remove ringing artifacts [12], the improvement
in image regions is limited at high frequencies.
Examples of such approaches include
deblocking-oriented approaches
[13,14],wavelet transforms [15,16], and shape-
adaptive discrete cosine transforms [17].
Numerous DNNs have been developed in the
past few years with the goal of reducing
artefacts in machine learning. These DNNs
include convolutionary, recurrent and
generative adversarial models (GANs). The use
of CNN-based artefact reduction (AR)
techniques can improve visual performance in
terms of peak signal-to-noise ratio (PSNR) [19],
PSNR with blocking effects (PSNR-B) [20,21],
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and structural similarity index measurements
SSIM [22].

Despite the developments of AR, most CNN-
based approaches tend to design the heavy
network architecture by increasing the number
of network parameters and operations. Because
it is difficult to deploy such heavy models on
hand-held devices operated on low complexity
environments, it is necessary to design the
lightweight AR networks. A lightweight CNN-
based artifacts reduction model is used to
reduce the memory capacity as well as network
parameters. The main works of this study are
summarized as follows:

e To reduce the coding artifacts of the
compressed images, we propose a CNN
based densely cascading image restoration
network (DCRN) with two essential parts,
densely cascading feature extractor and
channel attention block.

e Through a various ablation study, the
proposed network is designed to guarantee
the optimal trade-off between the PSNR
and the network complexity.

e (Compared to the previous method,
proposed network is designed to obtain
comparable AR performance while utilizing
the small number of network parameters
and memory size. In addition, it can provide
the fastest inference speed, except for
initial AR network [30].

e Compared to the latest methods to show
the highest AR performances (PSNR, SSIM,
and PSNR-B), the proposed method can
reduce the number of parameters and total
memory size maximum by 2% and 5%
respectively

2. Related Works
Several strategies for reducing picture
compression artefacts have been proposed.

Early efforts like the sparsity-based image
eISSN1303-5150

restoration algorithms [23, 24] were presented
as a starting point for sharpening photographs.
Image compression artefacts can be minimized
using deblocking-oriented and deep learning-
based algorithms.

In order to eliminate ringing and blocking
artefacts, deblocking-oriented techniques are
employed in the audio industry. The SA-DCT
[25] methodology is widely accepted as the
most advanced deblocking approach, despite
the fact that it, like many other deblocking-
oriented algorithms, can produce false results
and lose the sharp edges of the original images.
In order to minimize blocking artefacts, Wu [26]
has presented wavelet transforms based on the
Meyer algorithm.

In many circumstances, neural networks and
deep learning are now the most viable
solutions. Deep learning's ability to provide
exact detection and predicting has improved
steadily in recent years. Thanks to recent
advances in deep learning, picture compression
artefacts reduction has made a huge leap
forward. As part of their work on image
restoration, Dong and his colleagues developed
an algorithm with four convolution layers to
reduce artefacts due to image compression.
[27] Researchers were able to begin training
larger and deeper neural networks thanks to
GPU performance and optimization
methodologies.

In order to remove artefacts from JPEG-
compressed images, Wang et al. [28] suggested
a Deep Dual-Domain based fast restoration
method. In order to take advantage of this,
deep networks are utilized. Testing has revealed
that the suggested D3 model outperforms
current methods. A CNN (IG-Net) model
developed by Wang et al. [29] learns to map the
intensity picture and distorted depth map to an
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uncompressed deep image by learning to map
the IG-Net model.

Deep learning techniques such as convolutional
neural networks play a critical role in computer
vision. For image-related tasks like object
detection, unsupervised training of
Convolutional Neural Networks (CNN) has
become increasingly popular. Optimal CNNs can
be trained to penalize the discrepancy between
the output image and the ground truth image in
order to uncover the mapping between the
input image and the reasonable output image.
The two CNN models differ greatly in terms of
network architecture[36] and loss function
parameters[35]. The L2 (or L1) norm can be
used to evaluate the outputs pixel by pixel by
measuring the distance between the output
and ground truth images in pixel space. As a
result, the final photographs may appear blurry
when they're printed.

generative adversarial networks (GANs) have
been used successfully in a large number of
applications since they were first described by
Goodfellow et al. [33] in 2014. (e.g., SRGAN
[30], DCGAN [31], Pix2Pix [32]). There is a
difference between what GANs construct and
what the real data distribution is, which is
examined by generative adversarial losses.
Using generative adversarial losses, more
"realistic" pictures can be generated. An
successful GAN network for compression
artefact reduction was inspired by the success
of generative adversarial networks (GANSs),
which we created after learning about their
success in image-to-image translation. Our
image analysis shows that the recommended
networks perform well for us. Our strategy
outperforms current best practices in terms of
both qualitative and quantitative performance,
according to our research.
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Figure 1. Conceptualization and design of a two-stage video compression artefact reduction strategy.

3. Methodology

elSSN1303-5150

Fig. 1 displays the suggested artefact reduction
strategy, which consists of two stages: 1)

www.neuroquantology.com

781




NeuroQuantology | July 2022 | Volume 20 | Issue 8 |Page 778-790|d0i:10.14704/nq.2022.20.8.NQ44084
Dr.C.RAVICHANDRAN et al/ NEURAL NETWORK BASED CONCEPTUALIZATION AND DESIGNOF A TWO-STAGE VIDEO

COMPRESSION ARTEFACT REDUCTION STRATEGY

texture detail restoration and 2) deep CNN
Fusion (see text for more information). [35] A
patch-by-patch strategy to picture restoration is
used in the first stage, while a deep CNN is used
in the second stage to consolidate previous
predictions [35].

3.1 Video Sequence

A video sequence is a timeline including video,
audio, and graphics clips that are ready to
restore frames. When recognizing duplicate
images, a frame changing sequence changes the

video correlation. The video sequence
establishes the entire process and isolates the
frame from the optical flow, which arranges
deep frames that change model.

3.2 Lucy Richardson Algorithm

Iterative nonlinear restoration using the Lucy
Richardson (LR) technique. Maximizing the
likelihood formulation, hazardous statistics are
used to model the picture. Iteration after
iteration of a model's likelihood function
converges when an equation is satisfied:

fk+1(x,y) = fk(x:Y) [h(—x, —y) * g(x,y) ]

When employing this strategy, the question of
where to end naturally arises. If the PSF matrix
is large and complex, it is difficult to estimate
the number of iterations required. The
approach typically achieves a stable solution
quickly with a minimal PSF matrix (in a few
steps). However, if you stop after a few
iterations, the image will be quite smooth.
Increasing the number of iterations, on the
other hand, not only slows down the
computation, but also amplifies noise and
generates the ringing effect. [34] provides
several further ringing reduction approaches. As
a result, for a "excellent" quality restored
image, the appropriate number of iterations is
manually chosen for each image based on the
PSF size.

3.3 Proposed Modified Lucy Richardson
Algorithm

Because the suggested solution uses the DWT
of a degraded image, we'll go over the
properties of DWT briefly. Similar to human
visual system models, DWT's spatial localization
and multiresolution features are comparable.
DWT decomposes three high-frequency sub-
images (HL, LH, and HH) and one low-frequency
sub-image into four sub-band images (LL,
named approximate sub-image). The exact sub-
eISSN1303-5150

h(x,y)*f k(x,¥)

image is the convergence of the original picture
strength, whereas the fine-grained sub-image
contains fringe information. For this reason, it is
more stable than the detail sub-images. As a
result, the LL sub-band image will be subjected
to the Lucy Richardson algorithm.

1) Take a non-blurred image of size 512x512.

2) To create a blurry image, use a filter like
Gaussian blur or motion blur.

3) Now add Gaussian noise to produce
degraded image G.

4) Each of the four DWT sub bands (LL, HL, LH
and HH) is 256x256 pixels in size.

5) Apply the LR approach to the LL sub-band
and you'll get the restored low frequency band
LLM.

6) HL, LH, and HH are the last three photos to
be thresholded.

7) DWT is applied to LLM, HL, LH and HH to

restore the imagef .

3.4 Deep Convolutional Neural Network
(DCNN) for video frame artifact elimination

The deep convolution concept of instruction
also increases its capacity for extracting
features and its reliability for efficient
operation. Until matching, the feature learning
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clustering algorithm of a sample picture was
retrieved using a computer program. In the
suggested DCNN, to predict image quality
optimization outcomes, multi-level feature
vectors are trained and removed. In this
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Figure 2 Architecture diagram of Deep Convolutional Neural Network (DCNN)

DCNN's architecture is seen in Figure 2. The
suggested network can efficiently spread the
differential regression to the previous nodes
within the network by terms of long-range
residual ties and interfaces. This is of critical
significance to our strategy which helps our
network to achieve successful end-to-end
preparation. The suggested DCNN consists of
two convergent path modules: part of the
forward encoder and part of the reverse
decoder. A 4-cascaded network is modeled in
our design, incorporating four sub-nets in the
decoder section. The performance of the linked
layers in the previous encoding portion is taken
as input by both of these sub-networks.
Furthermore, the performance of the previous
sub-net is also related to the sub-net below.
Despite the fact that the architectures of all the
sub-networks are identical, the requirements of
the sub-networks are not related, allowing
versatile adaptation to be carried out by each
system. There have been very few experiments
employing deep learning approaches for the

eISSN1303-5150

reconstruction of pictures. For video frame de-
noising and post-de-blurring de-noising, multi-
layer perception (MLP), whose all levels are
completely (as opposed to convolutional), is
implemented. For video frame de-noising and
elimination of noisy  variations, the
convolutional neural network has been more
intimately associated to our function. Almost
de-noising-driven are these reconstruction
issues. On the opposite, the object super-
resolution concern has not experienced to the
best of knowledge the use of deep learning
methods.

Create a single video frame that is low-
resolution. With recurrent connections, which is
really the only pre-processing we do, we first
upgrade it to the required level. Y is the name
given to the resampled object. An image F(Y)
that closely resembles the elevated view of the
ground reality X is what we are trying to get out
of the input data set Y. Although Y is the same
size as X, we name it a "low-resolution" image
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for convenience's sake. F is a three-step process process works, and then by comparing the two
that we'd like to master. methods.

The linear imaging equation states that
4. Results & Discussion g(x,y)= f(x,y)**h(x,y)+n(x,y),,

Digital image processing uses the Lucy—
Richardson (LR) algorithm, a nonlinear image
restoration procedure. Bayesian reconstruction
methods are used. You can better comprehend

that the noise (X)) is the difference between

the output distribution SXV): (i.e. picture we
really took) and the uncertain distribution of

the Lucy-Richardson (LR) deconvolution input signals/) convolved with the PSF
approach by first examining how an iterative h(xy):
n(x,y)=g(x,y)—f(x,y)**h(x, ). (3)

‘/( X »} / )

Use of an accurate prediction of the input distribution instead of the original in Equation (3)

nx.,y
would tend to make ( ) )it is tiny, whereas a poor estimate would make it huge, and in the limit of
low noise, our ideal estimate would meet

glx,y)—f(x,y)**h(x,y)=0. (4)

If we add the input distribution Sxy) to both sides of Equation (4), then we have

S, y)=f(x,p)+[g(x, )= f(x,y)**h(x, y)]. (3)

One way to think of this equation is as a combination of the prior estimate (first term on the right-hand
side) and a correction term to get an updated estimation of the input (left-hand side) (in brackets). What
we call "correction" here refers to the difference between our actual image and our best guess at the
original input. This appears to be a sensible change, as well as a straightforward one to calculate. By
explicitly stating this as an iterative operation, we get the (k+1)th estimate of the input

S, ¥)= [, (x, y)+[g(x,y)— [, (x, ) **h(x, y)]. (6)

Equation (6) describes how to begin the method by setting Alternatively, we seed the algorithm by
estimating the input distribution based on what we measured. Unless the image is substantially
deformed, you should be able to get good results with the deblurring method. For varying the rate of
convergence of Equation (6), the Van Cittert approach applies a pixel-dependent weighting factor or
relaxation parameter:

Jin(x,3) = fi(x, )+ w(x, y)[8(x, ¥) = fi(x, ¥) **h(x, y)]. (7)
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A Bayesian technique is used by Lucy-Richardson (LR), an iterative programme that attempts to restore
images. Alternatively, Equation (7) can be written as follows:

g(x,y) (8)
h(x,y)* fi(x,¥)

fia@ )= £,(x.)| h(=x,—y)*

Only if there is no noise at all can the correction term in Equation (8) be reduced to its minimum value,
as illustrated in Equation (9) (3). The mean square error (MSE) is 2.4.

The impact of picture restoration was assessed by calculating the MSE, or mean square error. The
following is how the MSE is described:

] M N

o Gy s 9
MxN 2 M[o(.\,}) r(x, ). (9)

MSE =

Where o(x.y) rxy)

is the matrix representing the original image, is the matrix that represents the

restored image matrix's The matrix size is represented by the parameters M and NO(.\‘,y) and Hxy)
respectively.

4.1 Numeric simulation experiment image restoration parameters. Table 1 and
Gaussian model was used to create the motion Table 2 show PSF kinds 1 and 2, respectively. In
blurring image. The original PSF and a new PSF Figure 3, you can see a restored version of the
that differed from the original were used in the PSF. A variety of iteration lengths are employed.

Table 1 The MSE of restoration image with the original PSF
Irrelative times 5 10 15 20 25 30
MSE 0.2311 1 0.2460 | 0.2609 | 0.2648 | 0.2668 | 0.2682
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Iterative times:5 Iterative times:10 Iterative times: 15

786

Figure 3: the original PSF was used to restore the image many times during the restoration processThe
restoration image of the various PSFs is shown in Figure 4. Table 2 illustrates the MSE for various PSFs. It
can be seen that the MSE increases as the data in table 1 increases.

terative times:5 Iterative times:10 Iterative times:15

Iterative times:20

Figure 4: a different PSF for each iteration of the restoration process
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Table 2 The MSE of restoration image with different PSF
Irrelative times 5 10 15 20 25 30
MSE 0.3101 ] 0.3263 [ 0.3354 | 0.3472 [ 0.3501 | 0.3511

The proposed approach is based on a grayscale image with a dimension of 512 x 512 pixels. The
proposed method was put to the test in the presence of Gaussian and motion blur. There are two
performance evaluation metrics known as PSNR and MSE, which are defined as follows:

255x255

PSNR(dB) = 10 log,y ——&MSE =—z, N (e y) — B y)°

Where M X N signifies the image size f(x,y)and f(x,y) and pixel values at the (x,y)th location of the
original and restored images, respectively. Original and repaired pictures were tested for resemblance
using PSNR (percentage similarity ratio). Higher PSNR and lower MSE can be achieved with better
deblurring.

Figure 1 shows a clear image, but Figure 2 shows a fuzzy and noisy image with Gaussian noise. As can be
seen in the images in Figures 3 and 4, the recovered images were created using several techniques,
including the wiener filter, CLS, LR, and the modified LR method with Gaussian Blur. Figures 5 and 6
show the restored images created with the LR method and CLS, respectively.

Figurel Figure 2 Figure3 Figured Figure5 Figure6

Figure 7 depicts the original image, whereas Figure 8 depicts a motion blurred and noisy version of it.
When motion blur is present, the Wiener filter is used to recover the image shown in Figure 9. Figures
10 and 11 show the restored image using the CLS method, while Figure 12 shows the restored image
using the modified LR method. Figures 11 and 12 also show the restored image using the LR method.

SRl

Figure7 Figure8 Figure9 Figure 10 Figure11 Figure12
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Table 1: PSNR Comparison in the presence of Gaussian Blur.

Filter Type MSE PSNR (dB)
Wiener Filter 1.0754e+004 |17.9947
Constraint Least Square Filter 579.3914 47.2055
Lucy Richardson method 485.7005 48.9693
Modified Lucy Richardson method [421.8640 50.3784

Table 2: PSNR Comparison in the presence of Motion Blur.

Filter Type

MSE PSNR (dB)

Wiener Filter

2.2033e+003 [33.8482

Constraint Least Square Filter

1.1289e+003 [40.5354

Lucy Richardson method

956.1066 42.1966

Modified Lucy Richardson method

882.0553 43.0027

In the presence of Gaussian blur& Motion blur,
Table 1& Table 2 show the PSNR& MSE
calculation between the non-degraded image
and restored image using modified LR method,
LR method, CLS method, and Wiener method in
the presence of Gaussian blur& Motion blur.

5. Conclusion

The usual approach (wiener filter, regularized
filter, Lucy- Richardson algorithm, and non-blind
deconvolution) was utilized in this investigation.
The optimal parameter for the wiener filter at
noise variance (nv=103), the regularized filter at
iteration (it=104), the Lucy- Richardson
algorithm at iteration(it=1), and non-blind
deconvolution at iteration(it=3) has been
discovered. We concluded that Lucy-Richardson
algorithm was superior to other approaches,
and that our proposed methodology
outperformed the original Lucy-Richardson
algorithm, which had a better standard quality
of SSIM.
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