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[Abstract]

In this paper, we present a method for effectively predicting traffic volume based on vehicle location
data that are collected by using LDP (Local Differential Privacy). The proposed solution in this paper

consists of two phases: the process of collecting vehicle location data in a privacy-presering manner and

the process of predicting traffic volume using the collected location data. In the first phase,

the

vehicle’s location data is collected by using LDP to prevent privacy issues that may arise during the
data collection process. LDP adds random noise to the original data when collecting data to prevent the

data owner’s sensitive information from being exposed to the outside. This allows the collection of

vehicle location data, while preserving the driver’s privacy. In the second phase, the traffic volume is
predicted by applying deep learning techniques to the data collected in the first stage. Experimental
results with real data sets demonstrate that the method proposed in this paper can effectively predict the

traffic volume using the

location data that are collected in a privacy-preserving manner.
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I. Introduction
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II. Related Work

2.1 Traffic Volume Estimate
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2.2 Privacy-Preserving Data Collection
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III. Background

3.1 Local Differential Privacy
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Fig. 1. Data collection using (a) DP and (b) LDP
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IV. The Proposed Scheme
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V. Experiment

5.1 Experiment Setup
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Fig. 6. Loss, MAE, RMSE for varying t and r
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VI. Conclusions
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