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Douglas-Peuker Algorithm Based Learned Index Structure for Road Network Trajectroy Data

MIAO Zhuging' s HAN Jingyu'*,LI Caiyun' , WANG Yanzhi' , MAO Yi' and ZHANG Yiting'
1 College of Computer Science,Nanjing University of Posts and Telecommunications, Nanjing 210000, China
2 Jiangsu Key Laboratory of Big Data Security and Intelligent Processing, Nanjing University of Posts and Telecommunications, Nanjing 210000,

China

Abstract In recent years,the technology of location-based services has developed rapidly, which has produced a large amount of
road network trajectory data. As a type of road network trajectory query, path range query is the basis to support other query
types. This paper proposes a Douglas-Peuker based learned index structure(DPLI) based on Douglas-Purker algorithm,in order
to efficiently index massive road network trajectory data and provide accurate path range query service. Firstly, the trajectory data
is divided into multiple trajectory segments,then the midpoint of the trajectory segment is taken as the representation of the tra-
jectory data,and the mapping function is used to map the sequence of one-dimensional mapping values,and then the trajectory da-
ta is divided into multiple data fragments according to the number of key values. In the fragment, the first and last data are formed
into a line segment.and then the fitting error of the distance line segment of the remaining data points is calculated. The data
points exceeding the error threshold are taken as the new line segment endpoints,and the original line segment is recursively di-
vided until the fitting error of all data points is less than the threshold,so as to fit the piecewise linear function. The results show
that compared with the traditional index methods,DPLI has faster construction efficiency and disk access efficiency. Compared to
learning indexing methods, DPLI maintains the advantage of build efficiency and achieves a 100% query recall rate.

Keywords Location services,Road network trajectory data,learned index,Range query,Douglas-Purker algorithm
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