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Clustered Federated Learning Methods Based on DBSCAN Clustering
LU Chen-yang.DENG Su, MA Wu-bin, WU Ya-hui and ZHOU Hao-hao

Science and Technology on Information Systems Engineering Laboratory,National University of Defense Technology,Changsha 410073, China
Abstract Federated learning is to solve the problem of data fragmentation and isolation in machine learning based on privacy pro-
tection. Each client node trains the data locally and uploads the model parameter information to the central server, which aggre-
gates the parameter information to achieve the purpose of common training. In the real environment, the distribution of data
among nodes is often inconsistent. By analyzing the influence of independent identically distributed data on the accuracy of federa-
ted learning,it is proved that the accuracy of the model obtained by the traditional federated learning method is low. Therefore.a
diversified sampling strategy is adopted to simulate the data inclination distribution,and a Clustered Federated Learning Methods
algorithm based on DBSCAN clustering(DCFL) is proposed,which solves the problem that the learning accuracy is reduced when
the data of different nodes are not independently and identically distributed in federated learning. Through the experimental com-
parison of Mnist and Cifar-10 standard data sets,compared with the traditional federated learning algorithm, DCFL can greatly
improve the accuracy of the model.

Keywords Federated learning, Cluster,Data distribution,Client selection, Training optimization
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Fig.3 Mnist data set clustering experiment

# 2 Mnist B0dE 4 B0 A4 I ey

Table 2 Model test accuracy on Mnist
(AT )
Bk ] SR A Clust1 Clust2
FedAvg(MLP) 89. 64 73.42
DCFL(MLP) 93.92 91.45
FedAvg(CNN) 65. 88 62.93
DCFL(CNN) 71.39 82.26
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Table 3 Model test accuracy on Cifar-10
AT 20D
Kk A A A Clustl Clust2
FedAvg(MLP) 18. 60 42.32
DCFL(MLP) 43.73 52. 43
FedAvg(CNN) 3.56 20.12
DCFL(CNN) 28.12 33.72
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