Modeling and Simulation ZE#£.51/H, 2025, 14(4), 1200-1211 Hans X0
Published Online April 2025 in Hans. https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mo0s.2025.144366

ETE/LESESNEPImEFERBFIHR

Bk, x| &
FHETREOCHRAE R SRR R, L

Weks H . 20254F3 4300 FHER: 20254F4H23H; KA H: 20254F430H

wm B

EX#i%: > (Federated Learning){E A —F et A% IERE, BERAGFZINSE5EELBHEAR
HAMBFIRT, WEFRERENETHE, RPLIEET. AT, FHRBH AL AP FAELEE
F R PR BRI 2 5] R RIS, R$IFE 2R . % LR ERR, 4303 H T ECS-FL (Euclid-
ean-Based Client Selection in Federated Learning)fE32 . ZAE4ERI N\ T 8K L B0 5 i & ik
U], B KIE R IR S & RER AU R IE R P i, A RBX T & 2 R 5 E0E 7R
M REPER, BERRTHEISIRFIRE, KNBRATHRAEKE RN, ERSLFE S AMIEm-L
R AR FIE TR KBS RE Y, ECS-FLAEZE R U] SA b B R e gkt . &4
M SRR

Xiid
BN, RERE, FWERE BRARPHSEN

Euclidean-Based Client Selection in
Federated Learning

Shumin Wu, Ya Liu*

School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology,
Shanghai

Received: Mar. 30t, 2025; accepted: Apr. 23", 2025; published: Apr. 30%, 2025

Abstract

Federated Learning, as an advanced distributed machine learning framework, allows multiple par-
ticipants to collaboratively carry out model training work while keeping their respective data local,
thus protecting data privacy. However, traditional federated learning has the problem in practical
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applications that data heterogeneity affects the efficiency and convergence of the federated learn-
ing system, restricting its widespread application. In response to the above issues, this paper pro-
poses the ECS-FL (Euclidean-Based Client Selection in Federated Learning) framework. This frame-
work incorporates a client selection mechanism based on Euclidean distance. By screening clients
according to the similarity between the client model updates and the global model, it effectively
addresses the challenges posed by client differences and data heterogeneity, significantly reducing
the bias during the model training process and greatly enhancing the robustness of the model. A
large number of experimental results conducted in both independent and identically distributed
and non-independent and identically distributed data distribution environments show that the ECS-
FL framework can effectively improve the convergence, robustness, and accuracy of the model.
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Figure 1. Federated learning training model of devices in the edge computing scenario
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Figure 2. Overview of the ECS-FL framework
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Figure 3. Comparison of accuracies on non-independent and identically distributed (Non-11D) data
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Figure 4. The influence of the number of clients on the model accuracy
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