APJ. 6(1):55-66, Spring 2025

Arman Process Journal (APJ)

License Number: 87090

Arman Process Journal (APJ) W

Homepage: https://www.armanprocessjournal.ir "

i bo il

Optimizing Video Coding Using Neural Networks: A Comprehensive Review of

Methods and Applications

Mehran Riki %, Fatemeh Mohammadi ? , Pouria Khazeni?

1 Faculty Member, Department of Computer Engineering, National University of Skill(NUS), Tehran, Iran

2 Master’s Student in Computer Science, Faculty of Mathematics, Statistics, and Computer Science, University of Sistan

and Baluchestan, Zahedan, Iran

3 Master’s Student in Information Technology Management, Faculty of Management and Economics, University of

Sistan and Baluchestan, Zahedan, Iran

ABSTRACT

RESEARCH PAPER

Received: 11 December 2024
Accepted: 21 April 2025

KEYWORDS:
Video Coding,
Neural Networks,
Optimization,
Video Hiding,
Deep Learning.

1 Corresponding author:
£ mriki@nus.ac.ir

EEEITC R o] JEEHYEEY With the rising demand for high-quality video services such as
live streaming, virtual reality, and UHD videos, efficient video coding methods have become

increasingly critical. Standards like H.264, H.265, and H.266 aim to reduce data volume while
preserving image quality, yet they face challenges such as computational complexity,
bandwidth management, and compression resilience. This paper provides a comprehensive
review of neural network-based approaches for optimizing video coding. The reviewed
methods include convolutional neural networks (CNNs) for intra-mode prediction, LSTM and
Seq2Seq models for video traffic modeling, and inverse neural networks (INNs) for robust
video hiding. Findings indicate that these techniques can reduce encoding time by up to 70%,
enhance frame size prediction accuracy to 13.6%, and improve the resilience of stego videos
against compression. Practical applications in bandwidth management, coding optimization
for resource-constrained devices, and video security are explored. This study underscores the
significant potential of deep learning in advancing video coding standards and suggests future
research directions.

M In this section, neural network-based methods with various approaches are
examined and analyzed in detail. First, relevant standards such as H.264, H.265, H.266/FVC,
and HEVC are introduced, and then each method is analyzed in terms of performance,
advantages, and limitations. For example, in the method using CNN for intra prediction, video
frames are divided into 16x16 blocks, and two convolutional layers are utilized along with
activation functions like ReLU to select only 5 optimal states from 67 states. The neural
network-based methods in this study are categorized based on video coding standards and
their objectives: 1. Intra prediction with CNN (H.266/FVC): - Method: Using CNN with two
convolutional layers to select 5 optimal states from 67 states. - Advantages: 93% reduction in
encoding time with improved BDBR (0.033%). - Disadvantages: Limited to 16x16 blocks and
poorer performance at 4K. 2. Traffic modeling with LSTM and Seq2Seq (H.264/H.265): -
Method: LSTM for long-term dependencies and Seq2Seq for multi-step prediction. -
Advantages: MAPE of 13.6% and a 7.6% reduction in inconsistent traffic. - Disadvantages:
Requires diverse data for dynamic videos. 3. Video hiding with VHNet (H.264/H.265): -
Method: INN and CompressionSimulator for resilience against compression. - Advantages:
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PSNR of 33.7 decibels and high generalizability. - Disadvantages: Fixed division into 8 frames
regardless of frame types.

m In the field of video coding optimization, numerous practical applications of neural
models can be observed in real-world scenarios. For instance, in bandwidth management in
wireless networks, Seq2Seq models, by predicting frame sizes, can enhance dynamic
bandwidth allocation; a 7.6 percent reduction in inconsistent traffic in VBR networks indicates
their successful performance.

This article examines the comprehensive optimization of video coding using
neural networks. The findings indicate that models based on CNN, LSTM, Seq2Seq, VHNet,
and IFFT-LSTM have played a crucial role in improving the performance of coding systems by
reducing encoding time by over 70%, enhancing the accuracy of frame size prediction by
13.6%, and increasing resilience against compression. The diverse applications of these
methods in areas such as bandwidth management in wireless networks, encoding
optimization in resource-constrained devices, and video transmission security demonstrate
their high flexibility and applicability in real-world environments. The use of tools like
TensorFlow and PyTorch, along with standard datasets such as UCF101 and REDS, has
facilitated the practical implementation of these techniques. Despite significant
achievements, challenges such as the need for diverse data to train recurrent models and
limitations in processing very high resolutions still exist, presenting avenues for future
research. Future studies could enhance the performance of coding systems in 8K applications
and sixth-generation 6G networks by integrating novel architectures like transformers and
utilizing optimized hardware such as FPGAs. Overall, recent advancements in deep learning
offer a promising future for improving video coding standards and enhancing the quality of
services provided to users.
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