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Expressway anomaly event recognition method based on clustering by
fast search and find of density peaks
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(1. School of Information Engineering, Chang’an University, Xi'an 710064, Shaanxi, China;
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Abstract: To sense the expressway traffic operation-status more accurately and comprehensively,
a data mining method for identifying abnormal traffic events on an expressway using mass data
collection was proposed. First, fee data from January 2017 were selected from the massive data
available for the Guizhou Expressway toll. The data on the specific entrance and exit stations
were selected, and some redundant fields were deleted, with those data only related to this study

being retained. The time for driving into the entrance station and driving out of the exit station
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was used to calculate the vehicle staying time between the two toll stations. The selected data
were analyzed based on the driving time and axle weight using a fast peak clustering algorithm.
The distance between each data point was calculated, and the distance matrix was used as the
input of the algorithm. The local density of each data point and the distance between the points
with higher density were calculated. In addition, the cluster centers were selected based on the
principle that the two indicators were higher. The non-central points were classified and
optimized, and the clustering result was then outputted. The normal data of clustering results
were divided into several categories, and there exists some noise whose data points were
significantly different from most of the normal data. A specific analysis was conducted for these
abnormal data. An outlier detection algorithm was then used to process the original data, the
cleaned abnormal data were extracted, and abnormal events such as excessive transit time, a
short transit time, and a high load were detected. Finally, the anomalies in the data obtained
using the isolated point detection method were compared with the anomalies in the data of the fast
peak clustering algorithm. The results show that the accuracy of fast peak clustering used to
identify anomalous events is higher than that of the isolated point detection method by nearly
20% , which verifies the validity and accuracy of the proposed algorithm. The method proposed in
this paper can effectively and accurately identify hidden traffic jams such as road congestion, long
stays, exit charges, and network equipment failure in the charging data, and provide theoretical
support for operational services and management decisions for practical applications of an
expressway. 3 tabs, 6 figs, 25 refs.

Key words: traffic information and control engineering; intelligent transportation; anomaly event
analysis; clustering by fast search and find of density peak; outlier detection; expressway fee da-

ta; data mining
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Tab.1 Description of fee data in Guizhou

OB XE 5 B B H 7 B

D RGN 57 261 916
CardNo +5 52 011 328 220 200 196 796
1CCardNo i DAl (Oh =2 52 011 328 220 200 196 796
LastBalance H 35 R 2 887.00
OutTime H 3 e [E] 2017/1/31 00:00:00
OutLoad 1 3 o 2 35
OutStationName Hh 3 4 Bk 3

InTime 3 15 ] 2017/1/30 23:42:48
InLoad Bk o 28, 35
InStationName ik 24 FR 2
VehiclePlate iyt # GP4820
VerificationCode LivaN e

CreateTime A1) g3 1t ] 2017/1/31 14.58.47
SettlementTime 5 43 B[]

Shift Time GRS ARBUA LIS E)| 2017/1/31 145847
State IR 0
HandleTime 4 S R 5 B ) 2017/1/30 00:00:00
CardType Rm 22
OutBusiNo SR RGBT K

ExitType KA

BitchNo K5

VehicleType e 1
VehiclePlateColor KN ) 0
TransferType T $e e 0
TransferState PR 0
TransferMoney 19 2 4 4 9.50
TransferTime T8 B i [
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Fig. 1 Fee data processed results
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o o WK/ W
I 1 3 1 S IS
2017/1/5 13.:28:38 2017/1/6 11.42.31 106 26
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Tab.3 Abnormal data of car with too short time

R B AT [A] /b T4/ kg
0.53 611 111 1500
0.75 555 556 1400
0.74 444 444 1400
0.80 533 333 1 500

* 31417 0.65 000 000 1500
0.69 000 000 1500
0.72 000 000 1400
0.66 000 000 1500
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