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Pattern mining of gale warning for high-speed railway
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Abstract: The traditional method of alarming high-speed rail traffic in gale is based on an instantaneous threshold. Although it covers all alarm

events, there are a lot of unnecessary alarms, which affect the efficiency of high-speed rail traffic. An early warning method based on sequence

pattern was proposed. It aimed at mining frequent patterns in the preorder data and finding out the changing rules of alarm events. The unique

sequence characteristics of early warning sequences were obtained by filtering out the public frequent patterns of non-early warning sequences, and

a database of early warning patterns was constructed. Through the verification of monitoring data along Lanzhou-Urumchi high-speed railway, the

method can improve the accuracy of prediction, and reduce the rate of missing reports concurrently. It reduces the time required for pattern

matching effectively, and reserves sufficient time windows for early warning, which can accord more with the practical application requirements.
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Alarm sequence and non-alarm sequence
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Tab.5 Regional applicability
%
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Tab.6 Runtime comparison

20 min T 5 2 min P73

B4 )5k 19.5 min 6.8 s
ARSI 10.9 min 3.4
5 %t

AR 2207 i BBl AR 28 R AT AR PR
HAREREIAT T IETTEDTE . FH0 P E T
R EAE HAAT G R AT i i B
Pl TR TS B BUE Tk . B IERERUE
F B O T O Af R A 2 ), B2 41 T T AR
P RS~ ISR S ad 98 T vk, I 45 21 93
PP HVMA B P FIERAE, 58T R BRAT 4238 K
B, IR 2208 m BRI E i 21 X



- 62 -

e AN o 4

542

FEh R IIE 1 %07 Wk A SN UER T %0 ik

HA DS T . %70

E A2 T5 1k NI B i

FH 2, v R4 v 1000 o 0 o3 1 S ety 1 PRI T 41
R R AT b T A UG BE P i s ], k4
u?ﬁ%?ﬁ B B S I) 7 T, A S B A Y

2 % 3Lk ( References )

(1]

HH T RS 8 L TR R B O K B R S A
FEIR]. dbat: FEEEE AT, 2017.

China Railway Corporation. Analysis and research on the
present situation of disaster prevention and mitigation of high-
speed railway in China [ R ]. Beijing: China Railway
Corporation, 2017. (in Chinese)

R5E. BRI AT FBUEROARITR [T]. Bhliz
Wi54%, 2018, 40 (12) . 76 - 82.

ZHU Liang. A research on an early warning technology of
high-speed railway driving in strong wind environment [ J].
Railway Transport and Economy, 2018, 40 (12): 76 - 82.
(in Chinese)

EH, PR, L. JR R H AR B R R 5 AR B
e[ J]. TPEEEE, 2018(7) : 96 —102.

WANG Rui, CHEN Ran, BAO Yun. The study on JR-east
monitoring technology of strong wind[ J].
2018(7): 96 —102. (in Chinese)
Hoppmann U, Koenig S, Tielkes T, et al.

Chinese Railways,

A short-term
strong wind prediction model for railway application: design
and verification [ J ]. Journal of Wind Engineering and
Industrial Aerodynamics, 2002, 90(10) : 1127 - 1134.

Liu H, Tian H Q, Li Y F. An EMD-recursive ARIMA
method to predict wind speed for railway strong wind warning
system [ J ]. Journal of Wind Engineering and Industrial
Aerodynamics, 2015, 141 27 - 38.

XUHE, HZIHE, 22K, 55, PR XD R R B R 5
IMPEREXT LLATFE[J]. BRIE =4, 2016, 38(8) : 41 -49.
LIU Hui, TIAN Hongqi, LI Yanfei, Study on

performance comparison of wind speed hybrid high-precision

et al.
one-step predicting models along railways[ J]. Journal of the
China Railway Society, 2016, 38(8) : 41 —49. (in Chinese)
By, IO, S, SF. STl QPSO-WNN UK 5
BRI BRI W KGR B [T ], BB R S TR
R, 2016, 13(5) : 978 - 984.

LU Xuehai, PAN Difu, HAN Kun, et al. Railway short-term
wind speed prediction based on improved QPSO-WNN rolling
algorithm[ J ].
2016, 13(5): 978 -984. (in Chinese)

T, K1z, . FET RBF M R4 0 B iy & e

Journal of Railway Science and Engineering,

AP RGE F 77 i [T ] o [ gk B2, 2011, 32(5)
132 - 134.
WANG Rui, SHI Tianyun, WANG Tong. Prediction method

for short-time wind speed along railway based on RBF neural
network[ J |. China Railway Science, 2011, 32(5); 132 —
134. (in Chinese)

Li YT, Huang H, Wang H Y, et al.
method for high speed train using Kalman filter [ C ]//

A strong wind warning

Proceedings of 2nd International Conference on Remote
Sensing, Environment and Transportation Engineering, 2012 ;

1-3.

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

Liu H, Tian H Q, Li Y F. Short-term forecasting optimization
algorithms for wind speed along Qinghai-Tibet railway based
on different intelligent modeling theories [ J ]. Journal of
Central South University of Technology ( English Edition ) ,
2009, 16(4) : 690 - 696.

Hu W K, Chen T W, Shah S. Detection of frequent alarm
patterns in industrial alarm floods using itemset mining
methods|[ J ].
2018, 65(9) : 7290 -7300.

Yusof N, Zurita-Milla R, Kraak M, et al.

IEEE Transactions on Industrial Electronics,

Mining frequent
spatio-temporal patterns in wind speed and direction [ M ]//
Connecting a Digital Europe through Location and Place.
Springer International Publishing, 2014.

ZRUEAR, BRI, T A AR 3 I I i B S
Mmrkl)]. RPN, 2018, 38(11) ; 3204 -3210.

LI Hailin, WU Xianli. Time series anomaly detection method
based on frequent pattern discovery[ J]. Journal of Computer
Applications, 2018, 38(11) ;: 3204 —3210. (in Chinese)
iy, FEARR. FET it B Rz F 6 )]
HIREE A, 2013, 19(4) . 32 -38.

HE Qing, ZHUANG Fuzhen. Big data mining platform based
on cloud computing [ J]. ZTE Technology Journal, 2013,
19(4) : 32 —38. (in Chinese)

B/, RB, WAL, AF BT Spark BYIEAT A i
FEAZRE A [T]. AL S R S, 2019, 25(4) .
791 -797.

HU Xiaogiang, WU Xuan, WEN Lijie, Parallel

distributed process mining algorithm based on Spark [ J].

et al.

Computer Integrated Manufacturing Systems, 2019, 25(4) .
791 -=797. (in Chinese)

JEIRNR, Ty T AR A i 1 2 B R G S A
K], LR 5 Bk, 2010, 27 (1) 204 -
206, 249.

YAN Zhaobin, FANG Min.
highway tunnel based on sequential pattern mining [ J ].

204 -

Traffic incidents detection for

Computer Applications and System, 2010, 27 (1):
206, 249. (in Chinese)

e, BV, PRETC FET R /N R AR K
BEZELT]. AN S EARAE, 2018(12) : 32 -39, 121.
FENG Jun, GUO Tao, CHEN Zhifei. Storm flood pattern
library based
mining[ J]. Computer and Modernization, 2018 (12); 32 -
39, 121. (in Chinese)

K, BB, BRI, 55 7 FIR S A E 1 2K
R R L] LR, 2018, 45 (22) ¢
535 -538, 563.

ZHANG Guanglan, YANG Qiuhui,
Application of sequence pattern mining in communication

2018,

in middle and small rivers on pattern

CHENG Xuemei, et al.

network alarm prediction [ J ].
45(72) : 535 -538, 563. (in Chinese)
Niyazmand T, Izadi I

Computer Science,

Pattern mining in alarm flood
sequences using a modified PrefixSpan algorithm [ J]. ISA
Transactions, 2019.

Yasmin R Y, Sakya A E, Merdijanto U. A classification of
sequential patterns for numerical and time series multiple
source data —a preliminary application on extreme weather
prediction| C ]// Proceedings of International Conference on
Data and Software Engineering (1CoDSE) , 2017 1 -5.

Li L, Wang X J, Huang X, et al.

material management information system based on sequence

Enterprise lean catering



42 1

iR A RO TR A2 i

- 63 -

[22]

[23]

[24]

pattern data mining[ C]//IEEE 4th International Conference
on Computer and Communications ( ICCC), 2018 1757 -
1761.

Gao J, Sun Y, Liu W H, et al. Predicting traffic congestions
with global signatures discovered by frequent pattern
mining[ C]. TEEE International Conference on Internet of
( iThings ) and IEEE
Communications ( GreenCom) and IEEE Cyber, Physical and
Social Computing ( CPSCom ) and IEEE Smart Data
(SmartData) , 2016 554 —560.

Baek S, Kim D.

extraction using the discretized state vectors of multisensor

Things Green Computing and

Fault prediction via symptom pattern
signals [ J ]. IEEE Transactions on Industrial Informatics,
2019, 15(2): 922 -931.

Wang R, Zhao F X, Shi T Y, et al. Reducing negative
influence of strong wind on normal train operations based on
data mining[ C]. International Conference on Intelligent Rail
Transportation (ICIRT), 2018, 1 -5.

[25]

[26]

[27]

Patel R, Chaudhari T. A review on sequential pattern mining
using pattern growth approach [ C]// Proceedings of TEEE
International Conference on Wireless Communications, Signal
Processing and Networking ( WiSPNET) , 2016.

B, VRIS, ROC. TR KA I R RIS I )
BEHFELT]. AL S B, 2018(1) : 107 - 112

LI Cheng, SHA Junsong, WU Wen. Research on origin of
micro-blog rumors based on longest common subsequence[ J].

Computer and Modernization, 2018 (1): 107 - 112. (in

Chinese )

WA, KITBL, BimEfh. — R A I
WA LT W& O A5 B, 2016, 33 (3):
279 -283.

YANG Fei, ZHANG Wanzhen, LU Chuiwei. A closed
sequential pattern mining algorithm without candidate
terms[ J]. Computer Applications and Software, 2016,

33(3): 279 —283. (in Chinese)



