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Abstract: With the widespread application of artificial intelligence technology in various industries, users'
attention to privacy and data security has increased significantly. Federated learning, as a new technology
paradigm combining privacy-enhanced computing and artificial intelligence, resolves the contradiction
between data security and open sharing. This paper presents the benefits of federated learning in terms of
privacy, real-time processing, model robustness, compliance and cross-industry applications. At the same time,
when combined with Edge Al technology, federated learning promotes the decentralisation of intelligent
systems, improving data privacy protection and model accuracy. This paper also discusses the application
cases of federated learning in the medical field, through local data processing and model training, effectively
protecting user privacy, realizing medical data sharing and model optimization, and promoting the
development of artificial intelligence.

Keywords: federation learning; privacy; edge artificial intelligence; medical artificial intelligence

1. Introduction

As artificial intelligence (Al) technologies are increasingly applied across various industries,
concerns about user privacy and data security have grown significantly. Users are particularly
worried about whether their private information is being used without permission for commercial or
other purposes, and even being misused. The implementation of relevant laws and regulations has
led to significant penalties for many internet and financial institutions due to user data breaches.
Concurrently, national policies emphasize the need to explore and establish secure standards for the
circulation of data elements. This indicates that in a regulatory tightening environment, organizations
are becoming more cautious about data collection, circulation, and application. Simultaneously, there
is a continuous push towards the open sharing of data elements.

Federated learning, a new technological paradigm that combines privacy-enhancing
computation with artificial intelligence, emerges as a crucial solution to the conflict between data
security and open sharing. In federated learning, clients can use local data on their devices to train
models and then upload encrypted model parameters. These parameters are aggregated to update
and optimize the prediction model without exposing individual data points. Wang et al. 's research
focuses on the detection and classification of Al-generated text based on BERT deep learning
algorithms. They propose a novel method for efficient recognition and classification of Al-generated
text by using BERT model for deep learning feature extraction and classification of generated text.
The results show that the proposed method exhibits high accuracy and efficiency in text detection
and classification tasks, and provides an effective solution to the challenge of text generation by
artificial intelligence.
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This method ensures that data privacy is maintained while enabling collaborative model
improvement. As a result, federated learning addresses the dual needs for data security and open
data sharing, significantly contributing to the advancement of Al development.

2. Related Work

Edge Al and Federated Learning are two revolutionary technologies that together drive the
decentralization of intelligent systems and the advancement of data privacy. The combination of edge
Al and federated learning provides a powerful synergy that enables smart devices not only to do
real-time data processing locally, but also to continuously optimize their intelligent algorithms
through collaborative learning while protecting privacy. The combination of these two technologies
has created unprecedented opportunities and challenges for various industries.

(1) Federated Learning

Federated Learning is an innovative machine learning technique that protects user privacy by
training algorithms distributed across multiple devices without the need to share data.

Data Privacy and security: One of the core strengths of Federated Learning is enhanced data
privacy. Since the data does not leave its original device, only model updates (not the original data)
are sent to the central server for aggregation, thus greatly reducing the risk of data breaches or
unauthorized access.

Real-time and bandwidth efficiency: In federated learning, data is processed on local devices
and there is no need to transfer large amounts of data to the cloud or a central server. This not only
reduces communication costs and latency, but also increases processing speed so that decisions can
be made more quickly and in real time.

Robustness and generalization of models: Because federated learning can be performed on a
wide variety of devices and data sets, it allows the model to learn more diverse data features, which
helps to improve the model's generalization and robustness.An article authored by Wang, Hao et al
delves into the realm of detecting and classifying Al-generated text through the utilization of BERT
deep learning algorithms. BERT, standing for Bidirectional Encoder Representations from
Transformers, stands as a state-of-the-art model in the domain of natural language processing,
boasting exceptional semantic understanding and representation capabilities. The primary objective
of their research is to tackle the prevalent issue of identifying and categorizing Al-generated text,
spurred by the escalating dissemination of misinformation and objectionable content.

Through fine-tuning and optimizing the BERT algorithm, the research team has engineered an
efficient system for text detection and classification. This system exhibits the ability to accurately
discern and differentiate Al-generated text amidst diverse textual data. The outcomes of their
experiments underscore the system's commendable performance in the realm of detecting and
categorizing Al-generated text. This technological advancement holds significant promise in offering
crucial support in addressing challenges pertaining to information security and content audit.

Compliance and adaptability: Federal learning supports data processing and model training in
compliance with regional regulations and policies, especially in regions with strict data protection
laws, such as the EU's GDPR.

Applications across verticals: Applications of federated learning span multiple industries,
including healthcare, financial services, smart manufacturing, agriculture, and more. In these areas,
federated learning not only improves operational efficiency, but also enhances the quality of service
by optimizing the decision-making process.

Collaboration and shared intelligence: Without directly sharing data, different organizations can
work together to train more powerful and intelligent models. This collaborative approach fosters
knowledge sharing and innovation while protecting the data privacy of all parties.

(2) Edge AI (Edge AD
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The synergy of Edge Al and Federated Learning is one of the major innovations in modern
technology, which together drive the decentralization of intelligent systems and the protection of
data privacy.

The combination of real-time intelligent decision making and privacy protection: Edge Al
devices can perform real-time data processing and initial model training locally, and through
federated learning, these devices can jointly optimize and update the global Al model without
sharing specific data.

Enhanced data security and model accuracy: The structure of federated learning ensures data
privacy, while the real-time processing capabilities of edge Al improve model responsiveness and
accuracy.

- Expansion of cross-industry applications: This combination of technologies is widely used in
healthcare, smart agriculture, autonomous vehicles and many other fields, improving operational
efficiency and optimizing decision-making processes.

In healthcare, for example, wearables use edge Al to monitor a patient's health status in real time
and conduct preliminary analysis, and federated learning allows these devices to jointly optimize
disease diagnosis models without sharing patient-specific data. In smart agriculture, agricultural
drones use edge Al to analyze crop health in real time, while federal learning enables agricultural
cooperatives in different regions to work together to train and optimize crop management models.

3. Applications of Federated Learning in Artificial Intelligence

In federated learning, there is usually a central server and multiple clients. The central server
coordinates the training process and does not touch the client's data. The client is responsible for
training the model on local data and sending the trained parameter updates or gradient information
to the central server. Once the update information is collected by the central server, it is aggregated
and then a global model update is generated and distributed to all clients. The client then applies
these updates to its own model for the next round of training.

1. Application of federated learning to medical models

Data privacy protection: Medical data often contains sensitive information such as a patient's
personal identity and health records. Federated learning ensures data privacy and security through
local data processing and model training.

Data sharing, Federal learning allows multiple healthcare organizations to share not the raw
data, but the results of model training, without disclosing their respective data, thereby improving
the generalization and accuracy of the model.

By integrating data from different medical institutions, Federated Learning is able to train more
robust and accurate medical models, which are important for the diagnosis, treatment and prevention
of disease.

Federated learning aims to solve the problem of data protection and data silos by allowing the
sharing of data to train the model under the premise of ensuring security and privacy. Through these
methods, federated learning can realize the sharing of data and the training of the model without
sharing the original data, thus promoting the development of artificial intelligence while protecting
the privacy of users.

2. The application of federated learning to medical imaging

In medical Al the most valuable information that can bring to the model is usually the medical
image. At present, the medical imaging methods used in clinic mainly include ultrasound, X-ray,
computed tomography, nuclear magnetic resonance and so on. Current medical image datasets
typically include only a few hundred pieces of relevant data, which can be trained in deep learning
models through methods such as data augmentation, but can face conditions such as inadequate
coverage when used as a real-world medical diagnosis.

Pulmonary nodules refer to thunder stars or irregular lesions less than or equal to 3cm in the
lung, with imaging manifestations of increased density shadows. Pulmonary nodules with different
density have different malignant probabilities. According to the density of nodules, pulmonary
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nodules are divided into three categories: solid nodules, partially solid nodules and ground glass
nodules.

The pathogenesis of pulmonary nodules is also affected by a variety of factors, including benign
and malignant, malignant early hidden, if not early intervention, its rapid course of disease, strong
malignancy, poor prognosis, correct judgment of benign and malignant is conducive to correct
treatment.

3. Case Study

The goal of this case is to identify the probability of a given user having a malignant lung nodule
from a CT dataset of the user's lungs. The model is divided into two parts, the decibel is the lung
nodule detection model and the classification model.

Lung nodule detection model: Aiming at the recognition problem of 3D medical images, a 3D
convolutional neural network was designed to detect the location of lung nodule. The whole network
structure is mainly composed of convolutional layer, residual structure and deconvolution layer. The
model will output images of candidate lung nodule regions.
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Figure 1. Composition of federated learning residual structure and deconvolution layer.

Classification model: After obtaining the candidate lung nodule region, the next step is to
determine whether the current user has a benign or malignant lung nodule. To this end, the images
of the top 5 candidate nodule regions obtained from each user's CT images were first re-introduced
into the lung nodule detection model, and the output of the last convolutional layer was taken as the

feature representation of each candidate region and brought into the fully connected layer to obtain
the probability of malignant lung nodules, as shown in the figure:
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Figure 2. Effects of federated learning in medical imaging.

The biggest challenge of medical artificial intelligence is that the data between medical
institutions can not be interoperable, and the amount of data in any hospital (or data center) is limited,
forming a lot of "data islands", large and small. We can use the federal learning technology to learn
the model without data leaving the data center, and provide a privacy and secure computing
environment for the medical field in the case of or close to the data concentration, so that all parties
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can improve system efficiency and expand the application of medical artificial intelligence under the
premise of protecting user privacy and information security.

4. Conclusions

With the rapid development of artificial intelligence technology, federated learning as an
innovative data processing and model training method provides an effective way to resolve the
contradiction between data security and open sharing. By protecting user privacy, enabling real-time
processing, and improving model robustness and compliance, federated learning breathes new life
into the development of intelligence across industries. At the same time, when combined with edge
Al technology, federated learning promotes the decentralisation of intelligent systems, making an
important contribution to protecting privacy and improving model accuracy. In the medical field, the
application of federated learning provides viable solutions for secure medical data sharing and model
optimisation, promoting the development of medical artificial intelligence and bringing more hope
and opportunities for human health.

In conclusion, federated learning is particularly important in the current context of data security
and open sharing. By protecting data privacy, enabling the decentralisation of intelligent systems,
and facilitating collaboration between institutions, federated learning provides a viable solution for
the sustainable development of Al. With the continuous development of technology and the
expansion of application scenarios, federated learning will play an increasingly important role in
various fields and make a greater contribution to the progress of artificial intelligence technology and
the development of society.
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