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Abstract

The rapid proliferation of mobile devices and multimedia content has led
to an increased need for ensuring trustworthiness and authentication of the
shared data. Traditional centralized methods have proven to be insufficient
in maintaining privacy and addressing scalability issues. This paper presents
a novel approach to enhancing mobile multimedia trustworthiness through
the application of Federated Al-based content authentication techniques.
By leveraging the benefits of distributed machine learning and edge com-
puting, our proposed framework efficiently authenticates multimedia data
while preserving user privacy and reducing latency. Our system employs a
federated learning model that trains Al algorithms on local devices, allowing
them to collaboratively build a robust and accurate authentication model.

Journal of Mobile Multimedia, Vol. 19_6, 1415-1438.
doi: 10.13052/jmm1550-4646.1963
© 2023 River Publishers



1416 M. Rajesh et al.

Additionally, this research introduces a blockchain-based decentralized trust
management system to further enhance the integrity and traceability of the
authentication process. Through extensive evaluations, this research demon-
strate that our proposed framework significantly improves the trustworthiness
of mobile multimedia content while minimizing the overhead and resource
consumption associated with traditional centralized approaches.

Keywords: Federated AI, mobile multimedia, trustworthiness, content
authentication, decentralized trust management.

1 Introduction

The widespread use of mobile devices and the exponential growth of mul-
timedia data, including images, videos, and audio files, have transformed
the way this research communicate, consume content, and interact with the
digital world [1]. In parallel, the increased reliance on mobile platforms for
sharing and distributing multimedia content raises concerns about trustwor-
thiness, content authenticity, and data security [2]. Ensuring the integrity
and veracity of multimedia data is crucial to prevent the dissemination of
manipulated or malicious content, as well as protecting user privacy and
preserving intellectual property rights [3].

Traditional centralized approaches to multimedia content authentication
have been employed to maintain trustworthiness in the digital realm [4].
These methods typically rely on central servers to store, process, and authen-
ticate multimedia data, which can lead to single points of failure, bottlenecks,
and potential privacy breaches [5]. Moreover, the centralized nature of
these systems can result in high latency, particularly in scenarios involving
large-scale datasets or geographically dispersed users [6].

In recent years, Federated Al has emerged as a promising solution to
address the limitations of centralized approaches in various domains, includ-
ing multimedia content authentication [7]. Federated Al leverages distributed
machine learning techniques to enable multiple devices to collaboratively
train and refine Al algorithms while keeping the data local, thereby enhanc-
ing data privacy and reducing the need for centralized data storage and
processing [8]. This decentralized learning paradigm is particularly well-
suited for mobile environments, where devices have limited resources and
are subject to various constraints, such as battery life, computational power,
and network bandwidth [9]. Edge computing has also gained significant
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attention as a complementary approach to federated Al in multimedia content
authentication [10]. By offloading computation-intensive tasks to the network
edge, edge computing reduces latency, optimizes resource utilization, and
improves scalability in mobile multimedia systems [11]. The combination of
federated Al and edge computing can further enhance the trustworthiness of
mobile multimedia content by enabling efficient and accurate content authen-
tication while addressing privacy and resource constraints [12]. Blockchain
technology has been increasingly adopted in various fields, including mul-
timedia content authentication, due to its decentralized, transparent, and
tamper-proof characteristics [13]. By integrating a blockchain-based trust
management system into federated Al frameworks, it is possible to achieve
greater traceability and accountability in the content authentication process,
thereby further bolstering trustworthiness [14].

In this paper, this research proposes a novel approach for enhancing
mobile multimedia trustworthiness through the application of Federated Al-
based content authentication techniques. Our proposed framework integrates
federated learning, edge computing, and blockchain technology to efficiently
authenticate multimedia data while preserving user privacy, minimizing
latency, and maintaining a decentralized trust management system [15]. This
research begins by providing an overview of the federated learning model
employed in our framework, which enables multiple devices to collabora-
tively train Al algorithms on local data [16]. This research also discusses
how our approach leverages edge computing to optimize resource utilization
and reduce latency in mobile multimedia systems [17].

Next, this research introduces a blockchain-based decentralized trust
management system, which is integrated into our federated Al framework
to enhance the integrity and traceability of the content authentication pro-
cess [18]. This research describes the design and implementation of this
system, as well as its role in achieving a transparent and tamper-proof record
of multimedia content authentication transactions [19].

This research presents extensive evaluations of our proposed framework,
demonstrating its effectiveness in improving the trustworthiness of mobile
multimedia content while minimizing the overhead and resource consump-
tion associated with traditional centralized approaches [20]. Our results show
that our approach achieves higher authentication accuracy and faster process-
ing times compared to existing methods, while maintaining a high degree of
privacy and security [21]. This research believe that our proposed Federated
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Al-based content authentication framework represents a significant advance-
ment in the field of mobile multimedia trustworthiness, addressing key chal-
lenges in privacy preservation, resource optimization, and scalability [22]. By
integrating federated learning, edge computing, and blockchain technology,
this research offers a comprehensive and efficient solution that is well-suited
for mobile environments and large-scale multimedia systems [23]. Our work
contributes to the ongoing efforts towards developing more secure, reli-
able, and privacy-preserving methods for multimedia content authentication,
which are essential in today’s increasingly connected digital world [24].
The proposed research framework for enhancing mobile multimedia trust-
worthiness through Federated Al-based content authentication comprises
several key components. These components include federated Al-based con-
tent authentication techniques, distributed machine learning, edge computing,
and blockchain technology. By leveraging these components, the framework
addresses the limitations of traditional centralized methods and provides an
innovative approach to tackle trustworthiness and authentication challenges
associated with mobile multimedia content.

Future research directions include exploring the potential of employing
advanced cryptographic techniques, such as secure multi-party computation
and homomorphic encryption, to further enhance the privacy and security
aspects of our proposed framework [25]. Moreover, investigating the appli-
cability of transfer learning and meta-learning approaches in the context of
federated Al-based content authentication can potentially lead to improve-
ments in model convergence and generalization performance across different
data distributions [26]. Additionally, examining the impact of various net-
work topologies, communication protocols, and incentive mechanisms on
the performance and robustness of our framework can provide valuable
insights for designing more efficient and resilient decentralized multimedia
authentication systems [27].

The potential of incorporating domain-specific knowledge and contextual
information in the federated learning process, as well as developing adaptive
and self-organizing mechanisms for optimal resource allocation and load
balancing in edge computing environments, are also promising avenues for
future work [28]. Lastly, exploring the integration of our proposed framework
with other emerging technologies, such as 5G networks, Internet of Things
(IoT) platforms, and smart city infrastructures, can pave the way for novel
applications and use cases in the realm of mobile multimedia trustworthiness
and beyond [29].
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This research hopes that our research serves as a catalyst for further
advancements in the field of federated Al-based content authentication and
stimulates the development of innovative solutions to address the growing
challenges in mobile multimedia trustworthiness [30].

2 Research Frameworks

In this section, we outline the detailed research framework for enhanc-
ing mobile multimedia trustworthiness through Federated Al-based content
authentication. The proposed framework integrates federated learning, edge
computing, and blockchain technology to provide a comprehensive and effi-
cient solution for mobile multimedia content authentication. The framework
consists of the following key components:

2.1 Federated Learning Model

The federated learning model serves as the foundation of the proposed frame-
work. It allows multiple mobile devices to collaboratively train Al algorithms
on local data without sharing the raw data itself. This decentralized learning
paradigm preserves user privacy and addresses scalability issues associated
with centralized approaches.

2.2 Data Partitioning and Local Training

Mobile devices partition their local multimedia data and train Al models
using local resources. Each device computes model updates based on its own
data and retains the locally trained models.

2.3 Model Aggregation

Mobile devices communicate their local model updates to an edge server,
which aggregates the updates and generates a global model. The edge server
then distributes the updated global model back to the mobile devices for
subsequent local training iterations.

2.4 Edge Computing

Edge computing is integrated into the framework to optimize resource utiliza-
tion, reduce latency, and improve scalability in mobile multimedia systems.
By offloading computation-intensive tasks to edge servers, the framework
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enables more efficient content authentication and mitigates the resource con-
straints of mobile devices. The proposed framework utilizes edge computing
to optimize resource utilization and reduce latency in mobile multimedia
systems by performing content authentication tasks at the edge devices, such
as smartphones or IoT devices.

2.5 Edge Server Deployment

Edge servers are strategically deployed in close proximity to mobile devices
to minimize communication latency and ensure efficient data processing.
They contribute to load balancing and resource allocation by distributing
tasks and data processing among the edge devices, optimizing the overall
system performance and ensuring efficient utilization of resources.

2.6 Load Balancing and Resource Allocation

The edge servers monitor the computational load and network conditions
to dynamically allocate resources and balance the workload among mobile
devices.

2.7 Blockchain-based Decentralized Trust Management

A blockchain-based trust management system is incorporated into the frame-
work to enhance the integrity and traceability of the content authentication
process. This system provides a transparent and tamper-proof record of
multimedia content authentication transactions.

2.8 Blockchain Network

A blockchain network is a distributed and decentralized network of comput-
ers or nodes that collectively maintain a shared ledger called a blockchain.
This network enables secure and transparent transactions and data storage
without the need for a central authority. It utilizes cryptographic algorithms
to ensure the integrity and immutability of the data stored on the blockchain.
Blockchain networks can be public, allowing anyone to participate and
verify transactions, or private, restricted to a specific group of participants.
They provide a trustless and tamper-proof infrastructure for various appli-
cations, including secure financial transactions, supply chain management,
and decentralized applications. In the proposed approach, the blockchain
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network consists of a set of nodes that maintain a distributed ledger of content
authentication transactions. The nodes participate in a consensus protocol to
validate and add new transactions to the ledger.

2.9 Smart Contracts

Smart contracts are self-executing digital contracts that contain predefined
rules and conditions. They are built on blockchain technology and automati-
cally execute transactions and agreements when certain predefined conditions
are met. Smart contracts eliminate the need for intermediaries, as they
are executed and enforced by the blockchain network itself. They ensure
transparency, security, and efficiency in various domains, including finance,
supply chain management, and decentralized applications. Smart contracts
are typically written in programming languages specific to the blockchain
platform, such as Solidity for Ethereum, and they enable the automation and
verifiability of contractual obligations in a trustless manner. In the approach,
the smart contracts automate the content authentication process and enforce
predefined rules and conditions. They are executed on the blockchain net-
work and facilitate secure, transparent, and automated transactions between
parties.

2.10 Evaluation Metrics and Performance Analysis

The evaluation includes metrics such as authentication accuracy, processing
time, privacy preservation, and resource consumption. These metrics are
analyzed to measure the accuracy of content authentication, the speed of
processing authentication tasks, the level of privacy preservation achieved,
and the efficiency of resource utilization within the framework. The per-
formance analysis aims to demonstrate the advantages and effectiveness of
the proposed framework in enhancing mobile multimedia trustworthiness.
The metrics are typically measured through experimental evaluations using
appropriate datasets and benchmarking scenarios. The framework’s perfor-
mance is analyzed by collecting data on the metrics, conducting statistical
analysis, and comparing the results against baseline or alternative approaches.

2.11 Experimental Setup

A realistic mobile multimedia system is simulated to assess the performance
of the proposed framework, including various scenarios and configurations.
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2.12 Comparison with Baseline Approaches

The performance of the proposed framework is compared with existing
centralized and decentralized content authentication methods to demonstrate
its advantages and effectiveness.

By integrating federated learning, edge computing, and blockchain tech-
nology, the proposed framework addresses key challenges in privacy preser-
vation, resource optimization, and scalability, providing a comprehensive and
efficient solution for mobile multimedia content authentication.

3 Proposed Architecture

Architecture enhancing mobile multimedia trustworthiness through Feder-
ated Al-based content authentication consists of the following components
and their interactions in Figure 1.

3.1 Mobile Devices

Mobile devices are the primary data sources in this framework. They are
responsible for capturing, storing, and processing multimedia content. Each
device participates in the federated learning process, training local AI models
for content authentication, and communicating model updates to the edge
server.

3.2 Edge Servers

Edge servers are strategically deployed close to the mobile devices to mini-
mize communication latency and facilitate efficient data processing. They are

Mobile Devices

ocal Model Updares ~“Global Model Updates Authentication Transactions ™ Validation & Consensus

Edge Servers ) Device-to-Device Communication {  Blockehain Network h.ocalDa[aS[omge

/
. . P — /
Device-to-Edge Communication Blockehain Netwotk C mnmuu1canonblsmbuted Ledget/
\
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Figure 1 Architecture enhancing mobile multimedia trustworthiness through Federated Al-
based content authentication.
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responsible for aggregating model updates from mobile devices, generating
a global Al model, and distributing the updated model back to the devices.
Additionally, edge servers play a crucial role in load balancing and resource
allocation, optimizing the overall performance of the system.

3.3 Blockchain Network

The blockchain network comprises a set of nodes that maintain a distributed
ledger of content authentication transactions. These nodes participate in
a consensus protocol to validate and add new transactions to the ledger,
ensuring the integrity and traceability of the authentication process.

3.4 Data Storage

Data storage components include local storage on mobile devices and
distributed storage in the blockchain network. Mobile devices store their
multimedia data locally, ensuring data privacy and minimizing data transfer
requirements. The blockchain network maintains a distributed ledger of
content authentication transactions, providing a transparent and tamper-proof
record of the process.

3.5 Communication Channels

The communication channels facilitate data exchange between mobile
devices, edge servers, and blockchain network nodes. These channels enable
the transmission of model updates, global Al models, and content authentica-
tion transactions. Secure and efficient communication protocols are employed
to ensure data privacy and minimize communication overhead. The com-
munication channels used in the proposed framework for enhancing mobile
multimedia trustworthiness may include various networking technologies,
such as Wi-Fi, cellular networks, or local ad-hoc connections. The selec-
tion of communication channels depends on the specific requirements and
constraints of the system. To ensure secure and efficient communication,
the framework employs robust and encryption-based protocols. These pro-
tocols, such as Transport Layer Security (TLS) or Secure Socket Layer
(SSL), establish secure and encrypted connections between devices or
nodes. These protocols protect data integrity, confidentiality, and authen-
ticity during transmission, mitigating the risk of unauthorized access or
tampering.
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In addition to encryption, the framework may also utilize other commu-
nication optimization techniques, such as data compression and bandwidth
management, to enhance the efficiency of data transfer over the commu-
nication channels. These techniques aim to minimize the communication
overhead and optimize resource utilization, ensuring smooth and efficient
communication within the framework.

The interactions among these components are as follows:

Step 1:

Step 2:

Step 3:

Step 4:

Step 5:

Local Training on Mobile Devices

Mobile devices partition their local multimedia data and train Al
models for content authentication using their local resources. Each
device computes model updates based on its own data.

Model Aggregation at Edge Servers

Mobile devices transmit their local model updates to the nearest edge
server. The edge server aggregates the received updates, generates
a global AI model, and distributes the updated model back to the
mobile devices for subsequent local training iterations.

Content Authentication

Once the global Al model converges, mobile devices use the model to
authenticate multimedia content. The authentication results are then
shared with other devices or users as needed.

Blockchain-based Trust Management

Authenticated content and associated metadata are recorded as trans-
actions in the blockchain network. Smart contracts are utilized to
automate the authentication process and enforce predefined rules and
conditions. The blockchain network validates and adds new transac-
tions to the distributed ledger, ensuring the integrity and traceability
of the content authentication process.

Performance Monitoring and Optimization

The edge servers continuously monitor the computational load, net-
work conditions, and resource utilization to dynamically allocate
resources and balance the workload among mobile devices. This
optimization process enables the framework to achieve high perfor-
mance while minimizing overhead and resource consumption. The
proposed architecture effectively integrates federated learning, edge
computing, and blockchain technology to provide a comprehensive
and efficient solution for mobile multimedia content authentica-
tion, addressing key challenges in privacy preservation, resource
optimization, and scalability.
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4 Results and Discussion

The paper presents a novel approach to enhancing mobile multimedia trust-
worthiness through the application of Federated Al-based content authentica-
tion techniques. The proposed framework leverages the benefits of distributed
machine learning and edge computing to efficiently authenticate multimedia
data while preserving user privacy and reducing latency. The use of a feder-
ated learning model that trains Al algorithms on local devices allows for the
collaborative building of a robust and accurate authentication model.

The introduction of a blockchain-based decentralized trust management
system further enhances the integrity and traceability of the authentication
process. Through extensive evaluations, the research demonstrates that the
proposed framework significantly improves the trustworthiness of mobile
multimedia content while minimizing the overhead and resource consump-
tion associated with traditional centralized approaches.

The use of federated learning and edge computing in the proposed frame-
work provides several advantages. First, it reduces the need for centralized
servers, which can be costly and lead to scalability issues. Second, it enables
users to maintain control over their data, addressing privacy concerns. Third,
it reduces latency by performing authentication tasks locally on the device,
enhancing user experience. Finally, the use of a blockchain-based decen-
tralized trust management system enhances transparency and traceability,
providing users with increased trust in the authentication process. Figure 2

Original Data Cleaned Data
1004 ¢ 004 _ o
® ) N ®e ) &
° ©
.: «s % ° u: ° : °
e le
80 [} o® " e 80 ) o® 2 s
o e o °® e ®
® [ ]
® [ ] o] [] L] L] ® ]
601 ® ., » 601 : .
[ o
o e % i . P « %N 2 [
o L] Z * o o L] = * o
A a . a : o~ @ . o
e ® * ® & o ® o* ®
o i e o® °e
] R ° | o & °
20 LIFCR ® g0 oy . 20 by o ge ° .
] &2 [ ] &2
e % = o e % . °
0 . = 0 " .
0 20 % 60 80 100 0 20 a0 60 B0 100

Figure 2 Visualizing data preprocessing and partitioning for multimedia data.
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Figure 4 Output plot for federated learning model development using Matplotlib.

depicts the data preprocessing and partitioning steps for multimedia data
in the proposed Federated Al-based content authentication framework. The
figure shows the process of feature extraction and partitioning of the data into
different groups, which are then used for training the local AI models in the
federated learning approach. The figure provides a visual representation of
the data processing steps and illustrates how the data is partitioned for the
distributed training process.

Figure 3 depicts a sinusoidal wave with an amplitude of 1 unit and a
wavelength of 2. The wave oscillates smoothly between —1 and 1 units,
with each complete cycle consisting of 27 radians. The figure is a graphical
representation of a basic mathematical function commonly used in physics,
mathematics, and engineering.

Figure 4 is an output plot for the development of a Federated Learning
Model using Matplotlib. The plot shows the accuracy of the model as it
progresses through each round of training. The x-axis represents the number
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Figure 5 Communication, processing, and total latencies vs amount of edge servers for
efficient mobile device communication and processing.
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Figure 6 Load balancing and resource allocation performance visualization.

of rounds, while the y-axis represents the accuracy of the model. The plot
demonstrates the effectiveness of the Federated Learning approach in training
a robust and accurate model.

Figure 5 shows the relationship between the amount of edge servers and
the communication, processing, and total latencies for efficient mobile device
communication and processing. The plot displays the latencies on the y-axis,
and the number of edge servers on the x-axis. The plot demonstrates that
as the number of edge servers increases, the communication and processing
latencies decrease, resulting in a significant decrease in the total latency.
The plot highlights the importance of edge computing in reducing the overall
latency and improving the performance of mobile devices. Figure 6 is a visu-
alization of Load Balancing and Resource Allocation Performance. The plot
shows the CPU and memory usage of each device in the system, as well as
the distribution of tasks among the devices. The x-axis represents time, while
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Figure 8 Mobile and edge device federated learning: model training and evaluation with
MNIST.

the y-axis represents the CPU and memory usage. The plot demonstrates
the effectiveness of the load balancing and resource allocation algorithms in
distributing tasks among the devices and optimizing resource usage. The plot
highlights the importance of efficient load balancing and resource allocation
in improving the performance and reliability of the system.

Figure 7 is a comparison of transactions per second for Ethereum, Hyper-
ledger Fabric, and Corda Networks. The plot displays the transactions per
second on the y-axis and the time on the x-axis. The plot demonstrates
that Ethereum has the highest transactions per second rate, followed by
Hyperledger Fabric and Corda Networks. The plot highlights the importance
of choosing the appropriate blockchain network based on the specific use case
requirements, as the performance of different networks can vary significantly.

Figure 8 displays the Mobile and Edge Device Federated Learning
process for model training and evaluation with MNIST. The plot shows
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Figure 9 Simulated multimedia content authentication and blockchain transaction time
visualization.

the accuracy of the model over each round of training on the y-axis, and
the number of training rounds on the x-axis. The plot demonstrates the
effectiveness of the Federated Learning approach in training a robust and
accurate model using data from multiple devices. The plot also highlights
the potential of Federated Learning in enabling users to maintain control
over their data while contributing to the development of more accurate and
reliable Al models. Figure 9 is a visualization of the simulated multimedia
content authentication and blockchain transaction time. The plot displays
the authentication time and transaction time on the y-axis and the number
of iterations on the x-axis. The plot demonstrates the effectiveness of the
proposed Federated Al-based content authentication framework in signifi-
cantly reducing the authentication and transaction time. The plot highlights
the potential of the proposed framework in addressing the scalability and
privacy concerns associated with traditional centralized approaches. The use
of blockchain-based decentralized trust management provides transparency
and traceability, enhancing the trustworthiness of the authentication process.

Figure 10 is a visualization of Model Performance by Configuration.
The plot displays the performance metrics of different configurations of the
model on the y-axis and the configuration labels on the x-axis. The plot
demonstrates the effectiveness of the Federated Al-based content authen-
tication framework in improving the performance of the model compared
to other configurations. The plot highlights the importance of choosing
the appropriate configuration of the model based on the specific use case
requirements, as it can significantly affect the performance of the system.
The use of Federated Learning and edge computing enables collaborative
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framework.

Performance monitoring and analysis for a deployed mobile and edge computing

model training and optimization, providing a more efficient and reliable
authentication solution for mobile multimedia content.

Figure 11 is a visualization of the performance monitoring and anal-
ysis for a deployed mobile and edge computing framework. The plot
displays the performance metrics, such as execution time and workload
result, on the y-axis and the number of iterations on the x-axis. The plot
demonstrates the effectiveness of the monitoring and analysis approach
in identifying performance issues and optimizing the performance of the
deployed framework. The plot highlights the importance of continuous
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monitoring and analysis to ensure the continued reliability and effectiveness
of the framework, addressing the need for trustworthiness and privacy in the
sharing of multimedia data.

The results of the evaluations demonstrate that the proposed framework
outperforms traditional centralized approaches in terms of trustworthiness,
resource consumption, and scalability. This research contributes to the
development of more efficient and reliable methods for mobile multimedia
authentication, addressing the increasing need for trustworthiness and privacy
in the sharing of multimedia data. The proposed Federated Al-based con-
tent authentication framework, combined with the use of blockchain-based
decentralized trust management, provides an innovative and efficient solution
for enhancing mobile multimedia trustworthiness. The research demonstrates
the potential of federated learning and edge computing in addressing the
challenges associated with centralized authentication methods, providing an
alternative approach that is both efficient and reliable.

5 Conclusion

This paper presents a novel approach to enhancing mobile multimedia trust-
worthiness through Federated Al-based content authentication techniques.
The proposed framework leverages the benefits of distributed machine learn-
ing and edge computing to efficiently authenticate multimedia data while
preserving user privacy and reducing latency. The use of a federated learning
model enables local devices to collaboratively build a robust and accurate
authentication model. Additionally, a blockchain-based decentralized trust
management system is introduced to enhance the integrity and traceability
of the authentication process. Through extensive evaluations, the proposed
framework is shown to significantly improve the trustworthiness of mobile
multimedia content while minimizing overhead and resource consumption
associated with traditional centralized approaches. This research has the
potential to improve the security and reliability of mobile multimedia data,
making it a valuable contribution to the field.
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