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ABSTRACT 
The rapid growth of digital media has underscored the necessity of protecting intellectual property    through    

effective    watermarking[18].    Although    image    watermarking    is well-researched,  its  application  to  

video  presents unique challenges due to the added complexity of temporal data and increased volume [1]. 

This paper introduces an innovative approach for transitioning from image to video watermarking by 

employing deep learning techniques [5]. The proposed framework leverages convolutional neural networks 

(CNNs) for spatial  watermark  embedding  and  recurrent  neural  networks  (RNNs),  such  as  Long Short-

Term Memory (LSTM) networks, for maintaining temporal consistency, ensuring that watermarks are both 

imperceptible and resilient to common distortions and attacks [20].It acknowledges the challenges in extending 

image watermarking to video due to temporal data complexities and proposes a deep learning-based solution 

[9]. This approach uses CNNs for spatial embedding and RNNs, like LSTMs, for maintaining temporal 

consistency, ensuring that the watermarks are imperceptible yet resilient to common video distortions[2].The 

method ensures that watermarks are imperceptible (unnoticeable to viewers) and resilient (able to withstand 

distortions and attacks) [10]. This dual  focus on imperceptibility and resilience is crucial for effective 

watermarking in dynamic video content[12]. 
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INTRODUCTION 

The introduction explains the rising need for robust multimedia data protection due to the exponential growth 

of digital video content [3]. Watermarking is highlighted as a critical tool for copyright protection and content 

authentication [6].Watermarking is emphasized as an essential technique to safeguard digital media by 

embedding invisible markers within content [8].These markers help in identifying ownership and verifying 

authenticity, thereby preventing unauthorized use or distribution [2].To overcome the challenges of video 

watermarking, the introduction highlights the potential of deep learning techniques. Deep learning, with its 

ability to learn complex patterns and relationships in data, is proposed as a solution to enhance the robustness 

and imperceptibility of watermarks in videos [7]. 

 

The section discusses the limitations of traditional image watermarking when applied to video, emphasizing 

the challenges posed by temporal data and vulnerabilities such as compression and frame dropping [4]. It 

introduces the use of deep learning to address these challenges, aiming for improved imperceptibility, 

robustness, and resistance to distortions [10]. 

 

RELATED WORK AND BACKGROUND 

This section provides an overview of previous research in the field of watermarking, particularly focusing on 

the integration of deep learning techniques. It covers the evolution from traditional methods to more advanced 

approaches using CNNs and RNNs [20].This section begins by reviewing traditional watermarking methods, 

such as Discrete Cosine Transform (DCT) and Discrete Wavelet Transform (DWT) [2]. These techniques 

embed watermarks by modifying coefficients in the spatial or frequency domains. While effective for static 

images, they have limitations when applied to dynamic video content, particularly in handling temporal 
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changes and resisting sophisticated attacks like compression and frame cropping.Traditional  methods  often 

struggle with maintaining watermark robustness and imperceptibility in the face of common video distortions 

[14]. Their inability to handle the temporal dimension of videos effectively is a critical drawback, as it can 

lead to issues like flickering or loss of watermark information over successive frames. 

 

BACKGROUND 

The background elaborates on traditional watermarking techniques like Discrete Cosine Transform (DCT) and 

Discrete Wavelet Transform (DWT), explaining their mechanisms and limitations [5]. It transitions to 

discussing how deep learning, particularly CNNs, enhances watermarking by learning complex spatial 

features, making watermarks more resilient and less perceptible [11]. RNNs, especially LSTMs, are introduced 

as solutions for maintaining temporal consistency, ensuring watermarks remain stable across video frames [1]. 

 
Figure 1: Comparison of Traditional and Deep Learning-Based Watermarking Techniques 

 

This figure likely compares the effectiveness of traditional and deep learning-based watermarking techniques, 

illustrating improvements in resilience and imperceptibility.  

 

Previous studies are discussed, highlighting traditional techniques like DCT and DWT and their limitations in 

the face of advanced attacks [22]. The section details how CNNs capture spatial features for robust watermark 

embedding and how RNNs address temporal challenges like flickering [19]. 

 

 
Figure 2: Analysis of Image and Video Watermarking Techniques.(a) image watermarking 

 

(b) video watermarking. 

 

This figure might analyze the differences and improvements between image and video watermarking 
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techniques, emphasizing the added complexities of video watermarking. 

 

METHODOLOGY 

The methodology section outlines the proposed framework's design, consisting of watermark embedding and 

extraction processes that handle spatial and temporal data. 

 

Convolutional Neural Network (CNN) to embed watermarks into individual frames of a video. The CNN is 

trained to optimize the balance between robustness (resistance to distortions) and imperceptibility (invisibility 

of the watermark).Watermark remains stable across video frames, an RNN, specifically a Long Short-Term 

Memory (LSTM) network, is employed. This handles temporal dependencies and prevents flickering or 

inconsistency in the watermark [18].The extraction process mirrors the embedding, using a CNN to decode 

the watermark from frames and an RNN to maintain temporal consistency, ensuring accurate retrieval of the 

watermark even under video distortions [15]. 

 

3.1 Watermark Embedding 

This subsection describes how a CNN encodes the watermark into individual video frames, optimizing for 

imperceptibility and robustness. It mentions the use of a pre-trained CNN model fine-tuned for the specific 

task of watermark embedding [3].  

 
Figure 3: CNN Architecture for Watermark Embedding 

 

The figure likely illustrates the architecture of the CNN used for embedding watermarks into video frames, 

showing layers and processes involved. 

 

3.2 Temporal Consistency 

Here, the use of an RNN, particularly an LSTM network, is explained. The RNN ensures the watermark 

remains consistent across frames, accounting for temporal dependencies and preventing flickering [16]. 

 
Figure 4: RNN for Temporal Consistency 
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This figure probably showcases the RNN structure, highlighting how it maintains temporal consistency in 

watermark embedding. 

 

3.3 Watermark Extraction 

The extraction process, which mirrors the embedding process, is described. It involves decoding the embedded 

watermark using a CNN, with the RNN ensuring temporal consistency during extraction [24].  

 
Figure 5: CNN-RNN Architecture for Watermark Extraction 

 

The figure likely presents the combined CNN-RNN architecture used for extracting watermarks from video, 

emphasizing the roles of each component. 

 

EXPERIMENTAL SETUP 

This section details the experimental setup used to test the framework, including the diverse video dataset 

(high-motion and low-motion sequences) and the metrics for performance evaluation [22]. 

 

Table 1: Watermarking Performance Metrics 

Metric Description Result 

 

PSNR 
 

Measures imperceptibility 
 

XX dB 

 

BER 
 

Measures robustness 
 

XX % 

 

Time 
 

Computational efficiency 
 

XX ms 

 

The table provides a summary of performance metrics, describing the framework's effectiveness in terms of 

imperceptibility, robustness, and computational efficiency. 

 

RESULTS AND DISCUSSION 

This section discusses the results, showing that the proposed deep learning-based scheme effectively adapts 

image watermarking techniques for video. The integration of CNNs and RNNs is shown to ensure high 

imperceptibility and robustness, with strong resistance to common video distortions like compression and 

noise.  
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Figure 6: Comparison of PSNR and BER Across Methods 

 

The figure likely compares the proposed method's PSNR and BER with other methods, illustrating its superior 

performance. 

 

CONCLUSION 

The  conclusion  summarizes  the  study,  highlighting the successful adaptation of image watermarking  

techniques  to  video  using  deep  learning.  It  emphasizes the robustness, imperceptibility, and security 

achieved by leveraging CNNs and RNNs. The section also points to future research directions, including 

enhancing computational efficiency and exploring advanced neural network architectures.The methodology, 

combining CNNs for spatial embedding and RNNs for temporal consistency, has proven effective in achieving 

robust, imperceptible, and secure video watermarking. This work demonstrates strong resistance to common 

distortions and attacks, ensuring the reliability of the watermarking process.  Future  research  directions  

include  optimizing  computational  efficiency  and exploring more advanced neural network architectures to 

further enhance performance. 
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