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Crowd profiling algorithm mass transit data

ZHANG Jin'* | ZHANG Jianzhong' , WANG Fei’ | GUO Qian'
(1. College of Information Science and Engineering, Hunan Normal University, Changsha 410006, China;
2. School of Computer and Communication Engineering, Changsha University of Science and Technology, Changsha 410114, China;
3. School of Mathematics and Statistics, Hunan Normal University, Changsha 410006, China)

Abstract: Crowd profiling of massive transit data is valuable for analyzing the travel characteristics and traffic trends of urban groups, but the
processing of the data is time-consuming, low-quality and difficult to interpret. A systematic solution for crowd profiling of massive public transport
data was proposed. Based on the PageRank algorithm, the trajectories of people passing through important stations were filtered out, which greatly
reduced the trajectory data of the target population. A textual analysis method for trajectories was proposed to improve the interpretability of crowd
profiling. And the K-means algorithm based on cosine distance as the clustering algorithm for crowd profiling was analysed and determined. The
experiments on 30 million passengers’ transit data show that the proposed algorithm can solve the problem of crowd profiling in massive transit data
in a more systematic way, while the K-means algorithm based on cosine distance has the best clustering effect and the accuracy rate is about 80% .
The crowd profiling and its trajectory were visually displayed by using Flow Map, and the results are consistent with real-world crowd behavioural
characteristics.

Keywords: crowd portraits; PageRank algorithm; trajectory textualization; text clustering
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Tab.8 Accuracy of K-means clustering algorithm based on

cosine distance and Euclidean distance
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(a) B B A E BUF L
(a) Residential, catering, companies,

government institutions

(b) JafE &R LS HE

(b) Residential, catering, retail, education

(c) JafE &R AR S8

(¢) Residential, catering, companies,

religious places
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(d) JefE gk ARl BRT

(d) Residential, catering, companies, medical

(e) JEfE B AR Rl %

(e) Residential, catering, companies, commercial retail

() JaAE AR AR ARl Sl

(f) Residential, catering, companies, financial

(g) JEAE B Al 3T S
(g) Residential, catering, companies,

transportation stations

(h) JafE &R 2wl RS A7l

(h) Residential, catering, companies, service

(i) FaAE B Al A s
(i) Residential, catering, companies, sports and fitness
KIS AR NTAE H STk EE i Y3 % SRR S e 5]
Fig.5 Clustering characteristics and trajectory of adult

passengers with high contribution from working days
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