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Abstract: With the increasing emphasis on data security in public safety emergencies, federated learning
has gained attention for its ability to perform computations without uploading data to a central server,
thereby reducing the risk of privacy breaches. However, current federated learning approaches based on
smart contracts face challenges such as inefficiency due to their computational demands. To address it, this
paper proposes an asynchronous federated learning method for detecting public health emergencies,
integrating smart contracts and federated storage. This approach allows federated nodes to join and leave
the federated learning process at any time. By leveraging smart contracts and distributed storage, it
enhances data security and training efficiency in the public health domain. Furthermore, adaptive
differential privacy is employed to dynamically protect the gradients uploaded to distributed storage nodes,
further reducing the risk of privacy leakage. Extensive experiments conducted on public datasets and public

health security datasets demonstrate that the proposed method outperforms existing approaches in terms of
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accuracy and requires less time to achieve the same level of precision.

Key words: smart contract; federated learning; public health emergency; federated storage
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Table 3 Comparison of BERT indicators in six layers of public health safety data using comparative methods

PONE A RES S5#F, 5% Percision 5% Recall 1048 F, 10 %2 Percison  10%g Recall
s 0.869 0.905 0.835 0.891 0.925 0.859
FedAvg 0.823 0.855 0.793 0.835 0.876 0.797
BlockFL 0.829 0.858 0.801 0.835 0.875 0.798

TrustFed 0.830 0.860 0.800 0.838 0.880 0.800

DAA-FL 0.832 0.865 0.802 0.842 0.883 0.804

SCFS-AFL 0.835 0.868 0.804 0.844 0.885 0.806

x4 MWEFEEAHDELREHIE12E BERT ISR

Table 4 Comparison of BERT indicators in 12 layers of public health safety data using comparative methods

PO RS S5 F, 5% Percision 5% Recall 105 F, 10 % Percison 10 % Recall
frps 0.870 0.926 0.819 0.932 0.934 0.930
FedAvg 0.854 0.870 0.838 0.883 0.882 0.883
BlockFL 0.866 0.882 0.852 0.878 0.898 0.859

TrustFed 0.868 0.884 0.853 0.880 0.900 0.859

DAA-FL 0.872 0.883 0.862 0.871 0.903 0.841

SCFS-AFL 0.873 0.882 0.864 0.874 0.909 0.843
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Table 5 SCFS-AFL performance on MNIST dataset
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DAA-FL 0.782 0.811 0.755 0.851 0.862 0.840

SCFS-AFL 0.786 0.812 0.762 0.853 0.865 0.841
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