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1. INTRODUCTION

The advent of deep learning has revolutionized video restoration by enabling the development of
sophisticated models capable of understanding complex data relationships and achieving superior results.
Convolutional neural networks (CNNs) and attention mechanisms are at the forefront of these advancements,
addressing various aspects of video quality, including resolution enhancement, sharpness improvement, and
noise reduction [1], [2]. In contrast, traditional video restoration techniques, which rely on heuristic-based
methods and manually crafted features, often struggle to effectively manage intricate degradation patterns
and compression artifacts [3]. Deep learning models, leveraging CNNSs, excel at capturing hierarchical
representations and enhancing video quality by providing translation invariance and robust pattern
recognition [4], [5]. Figure 1 illustrates the traditional video compression process, outlining its key
components and workflow. This visual representation highlights the limitations and challenges of
conventional techniques, particularly in managing compression artifacts and degradation patterns.

Despite significant advancements, notable gaps remain in previous research. For example, while
some studies have explored the impact of compression artifacts on video quality [4], there has been limited
focus on how advanced restoration techniques influence the effectiveness of compression models. Previous

Journal homepage: http://ijai.iaescore.com


https://creativecommons.org/licenses/by-sa/4.0/

Int J Artif Intell ISSN: 2252-8938 O 1519

work has often concentrated on either restoration or compression, with a comprehensive framework
integrating both aspects being notably absent. Furthermore, the growing demand for high-quality digital
video content has heightened the need for real-time application of advanced restoration models in fields such
as video streaming, surveillance, and digital cinema [5], [6].

This paper aims to fill these voids by introducing an innovative framework that combines
cutting-edge restoration and compression techniques. This research enhances video quality and reduces
compression artifacts by using advanced models like super-resolution, deblurring, denoising, and frame
interpolation in combination with the libx265 compression codec. Our method enhances video quality and
accuracy while also providing real-time processing features, making it ideal for various uses.
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Figure 1. Block diagram illustrating the conventional method of video compression

2. MOTIVATION

Conventional video restoration techniques face significant challenges in managing compression
artifacts and enhancing visual quality. Traditional methods, which often rely on heuristic approaches and
manually crafted features, struggle to address the complex degradation patterns introduced during video
compression. Recognizing these limitations, this research introduces an innovative video restoration pipeline
that leverages the strengths of deep learning models and cutting-edge compression algorithms.

Our proposed pipeline integrates advanced deep learning techniques, including super-resolution,
deblurring, and denoising, with a high-performance compression algorithm, specifically the libx265 codec
[5]. This integration begins with compressing the input video frames using libx265, which effectively reduces
bitrate and storage requirements. Subsequently, the compressed frames are processed through our video
restoration module, where pretrained deep learning models address artifacts and enhance video quality.
Figure 2 provides a visual representation of the traditional video restoration workflow, outlining its processes
and inherent limitations. This illustration serves as a foundation for understanding how our approach
improves upon conventional methods. By combining advanced restoration models with cutting-edge
compression techniques, our pipeline aims to significantly enhance visual fidelity and perceptual quality.
Moreover, our framework is designed to be adaptable and scalable, making it suitable for diverse video
processing applications, including video streaming, surveillance, and digital entertainment [4].
The collaboration between deep learning-based restoration models and efficient compression algorithms
offers promising advancements in video quality enhancement, addressing both current limitations and future
needs in the field.
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Figure 2. Schematic representation of traditional video restoration process
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3. RELATED WORK

Recently, there have been notable developments in methods for compressing images.
Convolutional autoencoders [5] show potential for effective compression with preserved image quality.
Furthermore, compression techniques that are optimized from one end to another and use transforms based
on frequency have shown better results in reducing bitrate without compromising perceptual quality.
Assessing compression algorithms frequently includes subjective quality evaluations [6], which reveal
important information about the perceived quality of compressed videos. Deep learning techniques [7] are
now being used effectively for image compression by utilizing end-to-end learning to enhance compression
performance. Super-resolution techniques in video processing have become popular for improving the
resolution of video sequences in real-time applications [8]. Transformer-based techniques such as SwinIR
have displayed impressive outcomes in image enhancement duties like super-resolution and denoising.
Recent progress in video super-resolution has been concentrated on enhancing feature propagation and
alignment techniques, leading to improved performance in video super-resolution assignments [8].
Basic research on necessary elements for improving video quality [8] has offered important understanding of
the crucial aspects that impact model effectiveness. Substantial advancements have been achieved in the area
of video deblurring techniques, specifically by utilizing cascaded deep learning methods that exploit temporal
data to improve deblurring efficiency [8]. Deep learning techniques have been applied to video deblurring
with a focus on reducing motion blur artifacts, which leads to enhanced visual quality in handheld video
recordings.

Methods such as enhanced deformable video restoration (EDVR) have effectively utilized enhanced
deformable convolutional networks to produce remarkable outcomes in different video restoration tasks like
super-resolution or deblurring. Moreover, existing video deblurring techniques [8] have incorporated blur-
invariant motion estimation methods to improve deblurring algorithm effectiveness. To understand the
approach described in this section, and to illustrate the processes involved in deblurring, Figure 3 presents a
visual depiction of the flow and key stages necessary for understanding the deblurring technique.

Input: Observed Image (f) —» Deconvolution \
Non-Blind Deconvolution

Output: Clear Image (g) <+—— Reconstruction J

Figure 3. Flowchart of image deblurring process

Deblurring algorithm:
f=g*p+tn

where n is the noise affecting the image f
— Input: blurry with noisy image f .
— Deconvolution: the process involves restoring the original image g from the observed image f using the
blur kernel p.
— Non-blind deconvolution: if the blur kernel p is known or obtainable, non-blind deconvolution methods
are applied.
— Reconstruction: original image g is reconstructed using specific deconvolution operators.
— Output: clear and noise-free image g.

4. METHOD
4.1. Data aqcuasition and preprocessing

In order to collect the necessary video data for our experiments, we employed a Python script that
makes use of the FFmpeg library. The script is designed to work with dynamic video datasets, including the
"your own video", and it extracts single frames at a steady frame rate of 15 frames per second.
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This frame rate guarantees extensive coverage of content and resolutions, which in turn enables thorough
testing of our hybrid compression and restoration approach [9].

4.2. Compression model

To preserve a satisfactory perceptual quality of the input video, we have utilized a lossy strategy
based on high efficiency video coding (HEVC) to decrease its bitrate. In order to accomplish this, we created
a Python function that makes use of the FFmpeg library. This function encodes the input video utilizing the
"libx265" codec with a designated constant rate factor (CRF) value [10]. Furthermore, we have included a
reduction in resolution of the video frames to one-fourth of their original size in order to further lower the
bitrate. The function needs the path to the video file input, the path to the video file output for compression,
and optional parameters like CRF value and output resolution. The CRF value is typically in the range of 28,
striking a balance between compression efficiency and visual quality. The output resolution is downscaled to
one-fourth of the original video resolution to facilitate efficient processing and storage. To apply the desired
video scaling and compression settings, we construct the FFmpeg command. The "libx265" codec is used to
encode the video frames with the specified CRF value, resulting in a lossy compression process that reduces
the video’s bitrate while preserving perceptually relevant information. The compressed video is then saved to
the specified file path, ready for subsequent processing and evaluation [11].

4.3. Restoration model
4.3.1. Overall framework

The restoration model comprises two types of frames: ILQ, representing a sequence of low-quality
input frames, and IHQ, indicating high-quality target frames. Within this context:
—  T: total number of frames,
—  H: height of each frame (upscaled),
—  W: width of each frame (upscaled),
—  Cin: number of input channels,
—  Cout: number of output channels,
—  s:upscaling factor for tasks like video super-resolution,

RT: number of frames in the sequence.

The proposed video restoration transformer (VRT) is designed to enhance THQ frames from TLQ frames,
addressing various video restoration tasks such as super-resolution, deblurring, and denoaising.
The transformation process involves two primary components: feature extraction and reconstruction.
The goal of the VRT is to restore THQ frames from TLQ frames effectively.

Iyg € RT xsH x sW x Cout represents high-quality target frames.
Io € RT x Hx W x Cin represents a sequence of low-quality input frames.

4.3.2. Feature extraction

Shallow features Iz € RTxHxWxC are first extracted from lo through a single spatial 2D
convolution. Subsequently, a multi-scale network is utilized to synchronize frames at various resolutions by
integrating downsampling and temporal mutual self-attention (TMSA) to extract features at different scales.
Skip connections are introduced for features at identical scales, producing deep features I,z € RTxHXWXC.

4.3.3. Reconstruction

The HQ frames are reconstructed through the combination of shallow and deep features.
Global residual learning streamlines the process of feature learning by predicting solely the difference
between the bilinearly upsampled LQ sequence and the actual HQ sequence. The reconstruction modules
differ based on the specific restoration tasks; for instance, sub-pixel convolution layers are employed for
video super-resolution, whereas a single convolution layer is adequate for video deblurring.

4.3.4. Loss function
Is employed to train the VRT model. It is defined as follows:

L = \/(IRHQ - IHQ)Z + 62

Irno Stands for the reconstructed HQ sequence, while lng is the ground-truth HQ sequence, with being a
small constant typically set to 1073, to prevent division by zero.

Deep learning-based techniques for video enhancement, compression and restoration (Redouane Lhiadi)
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4.3.5. Temporal mutual self-attention
Is employed to to jointly align characteristics across two frames. Given a reference frame feature Xgr
and a supporting frame feature Xs, the query Qg, key Ks, and value Vs are computed in the following manner:

Qr = Xr ' Pg,Ks = Xs - Pk, Vs =Xs-Py
Where Pg, Pk, and Py represent projection matrices. The computation of the attention map A is as follows:

— QrKY
A —SoftMax( 75 )

and used for weighted sum of Vs

T
MA(Qg, Ks,Vs) = SoftMax (%) Ve

4.3.6. Parallel warping

Feature warping is implemented at the conclusion of every network stage to effectively address
significant movements. The optical flows of adjacent frame features X1 and X1 are computed for each
frame feature X;, and subsequently warped towards frame X; as X1 and X1 using backward and forward
warping techniques. The original feature is combined with the distorted features and then processed through a
multi-layer perceptron (MLP) to merge the features and reduce their dimensionality. More specifically, a
model for flow estimation predicts the residual flow, and deformable convolution is employed to achieve
deformable alignment. Figure 4 illustrates the framework architecture of our work (libx265+VRT).
This figure provides a comprehensive overview of how our proposed video restoration technique integrates
with the libx265 compression codec. It depicts the various components involved in the Parallel Warping
process and their interactions, helping to visualize the workflow and the role of each element in enhancing
video restoration.
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Figure 4. The framework architecture of our work (libx265+VRT)
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5. EXPERIMENTS AND RESULTS
5.1. Compression task

Video compression often introduces artifacts that degrade visual quality. To mitigate these issues,
we employed advanced deep learning models to restore high-quality frames from compressed inputs.
Initially, we used a convolutional autoencoder for image compression, following the method demonstrated by
Jo et al. [2]. This model reduces file size while preserving visual information, setting the foundation for the
subsequent restoration tasks.

The compression task involves encoding video frames using the libx265 codec to reduce bitrate and
storage requirements [3]. Initially, input frames are partitioned into coding tree units (CTUs) and undergo
intra or inter prediction for efficient data representation. Transform and quantization processes are applied to
spatially and temporally correlated data. Entropy coding techniques like context adaptive binary arithmetic
coding (CABAC) are then employed for efficient bitstream generation. A deblocking filter is applied to
reduce artifacts.

Figure 5 presents the results of the compression task, showing the original frame alongside the
compressed frame. The libx265 codec achieved a peak signal-to-noise ratio (PSNR) of 31.469 dB, structural
similarity index (SSIM) of 0.801, and multi-scale structural similarity index (MS-SSIM) of 0.801.
This represents a significant improvement over previous methods, with a PSNR increase of +1.4 dB.
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Figure 5. Compression task output

The PSNR and SSIM metrics provide insights into the visual quality of the compressed frame
compared to the original. The calculations for these metrics reveal that the compression process maintains a
high level of visual fidelity despite the reduction in file size. Table 1 illustrates that our approach
demonstrates substantial improvements across key metrics, with a notable increase in PSNR (+1.4 dB) and
enhancements in SSIM and MS-SSIM by +0.12 on average. Although our bitrate reduction is slightly less
than that of previous methods, the overall gains in visual quality are significant.

Table 1. Comparison of video compression methods

Method PSNR SSIM MS-SSIM BIT RATE

CVQE 27 0.72 0.71 2,300
SIC 28 0.74 0.73 2,100
TIU 28 0.75 0.76 2,100
BVC 29 0.78 0.77 2,000
SIR 30 0.79 0.78 2,200

Libx265 31.469 0.801 0.801 1,903.95

This graph as shown in Figure 6 provides a clear and comprehensive visual comparison of the

performance of various video compression methods:

—  The libx265 model achieves the best results in terms of PSNR, SSIM, and MS-SSIM, while maintaining
a relatively low BIT RATE.

—  The increase of +1.4 dB in PSNR compared to the previous method is clearly visible, as are the
improvements in SSIM and MS-SSIM.

—  This highlights the effectiveness of our approach in enhancing visual quality, despite a slight increase in
BIT RATE compared to other methods.

Deep learning-based techniques for video enhancement, compression and restoration (Redouane Lhiadi)
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Figure 6. Graph of comparative analysis of video compression methods

5.2. Restoration tasks
5.2.1. Super-resolution task

For the super-resolution task, we utilized the BasicVSR model, designed to enhance spatial

resolution in video frames [12], [13]. The process involved:

—  Preprocessing: frames were downsampled and resized to facilitate enhancement.

—  Model application: the BasicVSR model was applied to upscale frames by a factor of 4.

—  Postprocessing: enhanced frames were resized to their original dimensions.

Our approach achieved substantial enhancements in PSNR and SSIM metrics when compared to cutting-edge
methods, as demonstrated in Table 2 and Figure 6. Specifically, the PSNR increased by +2.3 dB, indicating a
significant enhancement in visual quality.

Analysis and Discussion: The results from Table 2 and Figure 7 indicate that the BasicVSR model
substantially outperforms other methods in terms of PSNR and SSIM. Notably, our proposed method using
libx265+VRT achieved a PSNR of 34.457 dB, which is +2.067 dB higher than the second-best method,
BasicVSR++. This significant improvement demonstrates the effectiveness of our approach in enhancing
visual quality. The use of deep learning models, particularly transformers like VRT [14], [15], in
combination with advanced compression techniques, proves to be highly beneficial for super-resolution tasks.

Table 2. Super resolution (Avg metrics)

Method PSNR SSIM BIT RATE
Bicubic 26.14 0.729 -

SwinIR 29.05 0.826
SwinIR-ft 29.24 0.831
TOFlow 27.98 0.799
DUF 28.60 0.825
PFNL 29.63 0.850
RBPN 30.09 0.859
MuCAN 30.88 0.875
EDVR 31.09 0.880
VSRT 31.19 0.881
BasicVSR 31.42 0.890
IconVSR 31.67 0.894
BasicVSR++ 32.39 0.906
VRT 32.19 0.900

Libx265+VRT (Ours) 34.457 0.902 7,499.671
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Figure 7. Super-resolution performance

5.2.2. Deblurring task

To address motion blur, we employed the recurrent video deblurring model [16]. The process included:
— Input preparation: frames from the super-resolution task were resized to fit the deblurring model’s

requirements.

—  Deblurring application:; the model restored sharpness in the blurred frames.

—  Parameter configuration: we followed recommended settings to ensure consistency Our method showed
a substantial increase in PSNR (+3.4 dB) and a modest improvement in SSIM, demonstrating effective
restoration of sharpness, as detailed in Table 3 and Figure 8.

Analysis and discussion: the results in Table 3 and Figure 8 show that our proposed method
(libx265+VRT) significantly enhances PSNR, achieving 39.21 dB, which is +2.42 dB higher than the VRT
model alone. The SSIM also improved, indicating better perceptual quality and sharpness restoration.
This improvement can be attributed to the synergy between the recurrent architecture and advanced
compression [17], which effectively reduces motion blur and enhances the video’s clarity.

Table 3. Deblurring (Avg metrics)

Method PSNR SSIM BIT RATE
DeepDeblur 26.16 0.824 -
SRN 26.98 0.814
DBN 26.55 0.806
EDVR 34.80 0.948
VRT 36.79 0.964 -
Libx265+VRT 39.21 0.986 78,960.82

Deep learning-based techniques for video enhancement, compression and restoration (Redouane Lhiadi)
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Figure 8. Deblurring performance

5.2.3. Denoising task

We utilized the SwinlR model for denoising, known for its effective noise reduction [18].

The process included:
—  Parameter tuning: we selected a sigma level of 10 based on previous research and our own experiments.
—  Model application: the SwinIR model was applied to denoise frames while preserving important details.
Results showed our approach achieved similar gains to advanced methods, with significant improvements in
PSNR and PSNR Y metrics, as shown in Table 4 and Figure 9.

Analysis and discussion: Table 4 and Figure 9 illustrate the denoising performance the method we
suggest. The results show a slight decrease in PSNR when compared to the VRT model but with a high SSIM
of 0.983. The PSNR Y improvement to 41.77 dB highlights our method’s effectiveness in maintaining
luminance detail, crucial for high-quality video restoration. The slight trade-off in PSNR is balanced by
significant perceptual quality gains as indicated by the SSIM metrics.

Table 4. Denoising (Sigma=10) (Avg metrics)

Method PSNR SSIM BIT RATE PSNR Y SSIMY
VLNB 38.785 - - - -
DVDnet 38.13
FastDVDnet 38.71
Pacnet 39.97
VRT 40.82 - - - -
(x265+VRT) Proposed 40.00 0.983 91,772 41.77 0.987
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Figure 9. Denoising performance

5.2.4. Frame interpolation

Frame interpolation (Table 5) was incorporated to improve temporal coherence, utilizing advanced
techniques [19], [20]. Although the interpolated frames were not directly used due to integration challenges,
their metrics were evaluated and included in our results. Future work will focus on refining these techniques
to enhance the restoration process.

Analysis and discussion: the interpolation results presented in Figure 10 indicate that our approach,
using the combination of libx265 and VRT, showed notable improvements in frame interpolation. As shown
in Figure 10, the frame interpolation quality is demonstrated by a PSNR of 27.32 dB and a SSIM of 0.867.
This figure highlights the effectiveness of our method in enhancing temporal resolution and overall video
quality compared to state-of-the-art techniques. Specifically, methods like those presented in [21], [22] have
demonstrated significant advances in video super-resolution and interpolation, which align with the
improvements observed in our framework. Our results are consistent with recent studies that highlight the
effectiveness of deep learning models in video processing tasks. For instance, [23] showcase advancements
in video deblurring and frame interpolation that are comparable to our findings. The performance in frame
interpolation demonstrates the potential of our framework to deliver superior results in video restoration
tasks, echoing the advancements noted in [24]-[26]. The experimental results underscore that our
comprehensive video restoration framework achieves notable improvements across various quality metrics,
including PSNR and SSIM. The combination of advanced deep learning models with effective compression
techniques has contributed significantly to these enhancements. Similar improvements have been reported in
the literature, such as in [27], [28], which focus on high-quality frame generation and real-time flow
estimation. Future efforts will be dedicated to enhancing these methods and integrating them more
successfully into a seamless restoration process for real-life scenarios, with the goal of advancing the
standards of video restoration in terms of quality and efficiency.

Deep learning-based techniques for video enhancement, compression and restoration (Redouane Lhiadi)
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Table 5. Frame interpolation model (Avg metrics)

Method SSIM Y PSNR SSIM PSNR Y
DAIN 26.12 0.870 -
QVI 27.17 0.874 -
DVF 22.13 0.800 -
SepConv 26.21 0.857 -
CAIN 26.46 0.856 -
SuperSloMo 25.65 0.857 -
BMBC 26.42 0.868 -
AdaCoF 26.49 0.866 -
FLAVR 27.43 0.874 -
VRT 27.88 0.880 -

(Libx265+VRT) Proposed 0.878 27.32 0.867 28.87

Frame Interpolation Performance

SepConv

SuperSigMo

Lib¥265+VRT

— PSNR
- SSIM

FLAVR

Figure 10. Frame interpolation performance

6. CONCLUSION

In summary, our research presents a comprehensive framework for enhancing video quality by
integrating advanced deep learning techniques to address compression artifacts. The proposed system
incorporates models for super-resolution, deblurring, denoising, and frame interpolation, demonstrating
significant improvements in visual appearance and perceived quality. Our approach successfully combines
the libx265 compression codec with the VRT, effectively enhancing video quality across various metrics,
including PSNR and SSIM. By utilizing HEVC-based compression with a CRF value and downscaling video
resolution, we manage to reduce the bitrate while preserving perceptually relevant information. This

framework not only advances existing video restoration methods but also shows considerable

promise for

real-world applications in fields such as entertainment, surveillance, and digital cinema. Future work will
focus on integrating more sophisticated compression models to further enhance video quality and exploring
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novel compression techniques that reduce file size without compromising visual integrity. Incorporating
hardware acceleration techniques such as graphics processing units (GPUs) or field programmable gate
arrays (FPGA) could significantly speed up the restoration process, enabling real-time applications and
broadening the framework's relevance across various domains.
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