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Abstract : High dimensional trajectory data of intelligent networked vehicles are widely used to find different motion
patterns from vehicle trajectories, so as to reduce traffic risk and improve traffic efficiency. However, more and more
attention has been paid to the privacy problem in the process of data utilization. How to research and apply the algorithm
under the premise of privacy protection is a big challenge. In view of the background that vehicle trajectory data are
scattered among different owners and cannot be shared due to privacy protection, this paper uses differential privacy
federated learning framework to construct a sequence autoencoding network to extracting low dimensional representation
of trajectory sequence,and such latent representation is further used to find frequent vehicle routes in different periods.
The proposed framework not only avoids the sharing of user privacy data through local training, but also prevents the
disclosure of model information through Gaussian differential privacy mechanism. The framework is validated on real
trajectory data sets, using LSTM autoencoder as embedding learning network, and compared with non-federated and
non-differential encryption models. Finally, through clustering analysis, it is found that the learning model under the
framework can still find effective frequent trajectories under the premise of fully respecting privacy protection.
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i :Dataset D={D,,---,D,} corresponding to vehicle set V,loss function €(8,x)

VIR S HL initial weights 6, , learning rate 17, communication rounds T, noise scale 7y, gradient norm bound R, local updating
epochs E,a small constant &.

i :M(0,,,)

1 Fort=0,---,T-1 do

2 Take a subsampled client from K clients

3 For each V, in this subsample in parallel do

4 Set M,(6,)=M(6,)

5 For j=0,---,E~1 do //Local update E epochs
6 For each x;, € D, do
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12 w,,m,,./ ( M+§)

13 0,010,

14 Return private ', to server side

15 Update global model M(8,,,;) with federated average of {),;},, .. «
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Table 1 Comparison of clustering effect of three models

Clusters Silhouette CH_score DB_score

NonFL-TE4C 44+£2.46 0.46+0.01 1130.37+66.79 0.69+0.02
FL-TE4C 44+3.09 0.41£0.02 904.00+96.14 0.80+0.04
DP-FL-TE4C 45+2.15 0.42+0.02 1032.38+63.01 0.74+0.03

4 5
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