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Spatio—temporal data inference scheme based on sparse Mobile Crowd Sensing
YANG Guisong, WEN Panpan

(School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract: Mobile Crowd Sensing ( MCS) is a sensing paradigm that enables large — scale smart city applications such as
environmental sensing and traffic monitoring. However, traditional MCS often suffers from performance degradation due to the
limited spatial-temporal coverage of the collected data. In this context, sparse MCS is proposed, which utilizes data inference
algorithms to recover complete data from sparse data collected by users. However, existing sparse MCS methods often result in
insufficient accuracy of the data inference algorithm, due to the cumulative error of data sparsity in recovering subregion—aware
data. The cumulative error makes the prediction results of the algorithm deviate from the actual situation, which affects the accuracy
and reliability of the decision—making, so it poses a great challenge to the data inference algorithm. In order to solve this problem,
this paper proposes a method based on spatiotemporal dependent pattern complementation for missing data inference in sparse MCS.
Specifically, a spatial-temporal pattern layer is firstly proposed to obtain the complex spatial-temporal correlations of perceptual data
from very limited observational data, and then a missing data complementation layer is utilized to adaptively mine the missing
features in the sequences and generate the missing values. In this paper, extensive experiments are conducted on two real—world
urban perceptual datasets, and the experimental results demonstrate the effectiveness of the method.
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