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Abstract
induces a growing threat of strong wind on safety. A large number of anemometers have been deployed alongside the

The rapid development of high-speed railways in China has changed the way people travel. The faster speed

railway for monitoring the strong wind. Dispatchers in the dispatch centers issue the scheduling instructions to the train
drivers according to the measured wind speed. It is not trivial for the dispatchers to decide when to stop an alarm. If the
alarm lasts too short, repeated alarms may occur, increasing the number of treatments and the burden on the staff. If it
is stopped too late, track passing capacity will be affected and unnecessary efficiency loss may be caused. In this paper,
an adjustment strategy for the stop time of high-speed railway alarm based on wind speed prediction is proposed to solve
this emerged challenge. The strategy can effectively reduce the alarm redundancy time and improve operational efficiency.
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Table 1 Speed constraints for the high-speed train at

different wind speeds

K (m/s) HI%EEATHE (km/h)
15~20 R 300
20~ 25 PR 200
25~ 30 R 120
> 30 ES IR

N T RERSAE 5 AR E AL BB A S UL Rk
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P SRR IR TR AT DAL T B, I 0P 2R A0 I PR
IHRBOE S 10 738 %77 ¥R B IREE TR ) ) et
GEVTEEAR, SR, SRk KO I LY N R A2, o
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PHRPRLSE, 2 2 S b KGR AR T FROE A 30 20
JE TSR, S5 FPRLE 2, 24 A I XA 24 BT Y
R PR 32 1 PR A L P g B A . A2 S Baz A7
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W2 A TR, Py R Uy R R T H AR
DA KR e B ep B A AT 1) KU T ik, e A
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Fig.1 The deployment of anemometers
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Fig.2 Structure of STA-RNN
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Fig.3 Overall procedure of the strong wind prediction
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Fig.4 Strong wind alarm duration adjustment procedure
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Table 2 Dataset for experiments Table 3  Performances of the wind prediction
=gt i WE (m/s) KM (m/s) HIME (m/s) it MAE (m/s) RMSE (m/s) MAPE (%)
WA T 1209600  3.64 20.0 —0.7 L-step 2.02 3.46 1.35
WA 2 1209600 3.63 24.9 04 ARIMA 5-step 2.14 3.50 1.36
o 10-step 2.24 3.57 1.37
WM& 3 1209600 3.63 29.9 —-1.0
WA 4 1209600 3.63 29.5 ~12 L-step 1.21 1.60 065
WS 1209600 56 997 o3 LSTM(128) 5-step 1.39 1.87 0.69
10-step 1.51 2.25 0.75
N A s N N N 1-st 0.98 1.25 0.20
Hp, Xy HAF R EF I, X K TEF STARNN P
NI > S - 5-st 1.11 1.40 0.22
I IME, Xao RGN TR FIIME. 2% 83|52 P
10-step 1.21 1.80 0.25

R BASFE F T 3 ) B 208 £ I 1) AR, A ST A A
B 1Y S W e O 6 i

o aXaa(59)))"' (13)

X, = max(X,) (14)

R, RSO BRI AR K X, SRR 7R 3 45 MU
TR A1). 5 S R B TR AL B R 2528

3.1 STA-RNN JXUEFM R

AT A 0 A AR ) o A R R AT LA AR
SRR EE, AEad & RGE T b A2 1 ARIMA g5
A=12) g LSTMPPO=2Y J e/ Ry %) L ik 3. AR 3¢
XFMCEAD B 22 20 B 0 ROR B #EAT T I S TOx
TR AT fi e, AR SCR AP 4 %0 1% 25 (Mean
absolute error, MAE). ¥ 5 #li%2 (Root mean
squared error, RMSE) KAHX} H 4> Hik2E (Mean
absolute percentage error, MAPE) kXfi# 21T
firg. FESImad B, ASCERRAL T B Y 45 R AT L,
IR AR AL T 5 22 1 10 BT 4528, HEEtt
b 22 25 1 55 IR ) AR SCRITIAR 7 82— 38, ARl
A5 2] 19 7 AR A g sk {1 - T 22 20 1) IRUEE, T
e HZHGE P EHAT 5 A K& 10 B pg. SEinsh
RT3 .

N
1 i i
MAE = N;‘yt _yt|

N
1 C
RMSE = J N ;(yt - yt)2

%

t

N . N
_ 1 Yi — Ui
MAPE_N;| | x 100 %

MAHAZ R 0T LA ), ARIMA 735 7F 1 15
BOREAHAR, LSTM K STD-RNN Ji~J5 34521
Feil, {5 STD-RNN FEH 5 K 220 il RCR B3
AL
3.2 BRUREYR

AT 10 23 PGS O, ASSCRCE T —4l
X EE S 224 S I TR AR T 1 2 [ EL 24 i o 220 B
AT AT IR B, BOsREN. TR
FREAT HLARE, AR SON 5 TN RS B . (Precision) |
Al (Recall) Fl F 3BT L.

TP
PreCiSiOl’l = m (15)
TP
l=——— 1
Reca TP LN (16)
2TP
Focore = 1
O TP+ FN + FP (17)

Hor, TP NIEA e, FP ONRKE, FN AR
Prisai R TR 4 .

4 aRMEIECR

Table 4  Performances of the strong wind prediction
il K Al Fscore
STA-RNN 1.0 0.65 0.79
STA-RNN+SVM 1.0 0.73 0.84

RIELI LR, v A AT STA-RNN [y
M7 IRAEBEAT 58 WU AE I 329 T DASK 21 7 23 1 BORS B
JE, HA ] SVM AR 3 X S i 07 YAAE A il 2%
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BRI RIE— P K. 52 R, SE2 AR
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ASCARREE S S 00 PR ) M, (] B s M ) B2 #1) 10 45
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LI, WEWE LB SA —E LTt PR X
I rp A R AT IR A FFE— 2P e . X, ASCR—2

35

y /(m/s)

— ST KR (7= B 5 AR AR BR A 7]

T STA-RNN + SVM (45 &7 4 (58 X,
IREFR RIS )

— SRR AR

eeee BTSSP TG

— RUE 10 3 HHNE

-5

16 000 16 500 17 000

17 500
x/s

18 000 18 500 19 000 19 500

KI5 R AR B ek Tl i B S 3

Fig.5 A case for the strong wind alarm duration adjustment
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