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Abstract

According to the problem of the track irregularity caused by the impact of train load in daily oper-
ation, the machine learning method Prophet algorithm and the temporal convolutional network
based on convolutional neural network are used to analyze and predict the track quality index
(TQI) data. Analyzing the TQI data of a certain section from Beijing to Shanghai and comparing it
with the traditional model ARIMA and Exponential Smoothing models, it is found that the accuracy
of Prophet and TCN model is higher and the fitting effect is better. It illustrates the effectiveness of
the method that we used to deal with track irregularity data.
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BRER I R RS I8 4T R A R B, 18 H W28 TP PUETE S 25 A7 2R i AR B R AN T Gt
SHBER, SIRIEAFIR. MEFES. Rielfmmdi. B8, S 580E 2 80 B AEH B
B, U S () B RR R,  HIE AN AT 0 AT AT 1E R R T Rk e
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AR P AME KB 1 2 AR OB AP0 7 R T R AR, TIN5 7 5 By N2
P GE BT J5 V2 FIHL 3 2 ST O[] o F AR 3 A2 1L 4T S 01 ) 28 36 £ S A 0 Kb, e A0 A 7 M
AT T EEA AT, IR T H0E SR A PIREEL P B0 A 20[2] . Kawaguchi $2H 7 —Fh#i
AN AY R 34 (1 | E L PR AR L [3] . TEMLES 22 I T 7 T Lee 456 N T4 026 (ANN) A S H5 1] F AL
(SVA)FIFH P 4 (1 31 TURTRT I A 2047 7 PR TN 4] # #EE7. ARMA-BP 414 BRI TQI 34T 1
T, 45 RF£ ARMA-BP 17 L ARMA A5 750HE i 5 vy 5 ) 52 (5]

SR I, HUBAFIR N ) O SIS T gt BRI L, ARG B AN
FRE TN ZR, CAE AT ST OB TR AR T, H O RRE AR R, ARKINR R
P LGS Aan ARIMA FRR [E)5 50 000 2R 7 510 e, HOREEAR,  JET0RFAph 22 I 45 1 K 3 e
A RILE A FR 25 B KB I TS 2808 o LA 2 I B S2 a3 T AR E R R R J8, B 18 SOl B P
ZALRE TSRO T, AT LA FE L RhIR R, AbEEZ 4E ) A0 K . Hoh LSTM. TCN DL Se4F 3
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AR CA AL 882 ) T v T AR MR AT R L, R AR E P T U AS PRI (ML S B, T
AR — & A PUE AT IR B ke sy, DIOWARIUHUE O R S Em 3, AT T My M4, &S
I Y. SIS RE Y, Prophet B2 TCN L& HUE AR IR AR FOAS T 5 i, IRZEH DN, 24k
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Figure 1. Causal convolution
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Figure 2. Expansion convolution
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Figure 3. Residual connection
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Figure 4. Prophet model flow figure
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SAR12], ki T 4% 403 R A R EE R B (TQI A N — TG TR AE A 7T AYE — 2 R b S i
X B ARAPITRAS S AR B [13]

TQI LA 200 m K EEHUE X BAE i 8 oe, SR IeIX B 308 T T SE0T,  FARiE 2R RN B
TUIE JUATAPIRRA, T TQI Wy — N X B A2 iR A w3, A, Bl KR
ZAYUE LA I LA AP RS 22 2 F1, TS5 R A AR (11)~(12) .

TQI :Zai (10)
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o = H;(Xij _Xi) (11)

X==3x, (12)
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FATHES | AN RAE AN U £
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N AE -

I 1) 7 1) S5 A 0 5 5% ] S-H-ESD (Seasonal Hybrid ESD) Gl 775 [14], € ] LAKG I 22 /> S i
BAMZ S, SR, 7l WS E R Ms R de e H A gt & . R RFyaEAZ T
M AR, WFHEREAT M AR S, RARBONFEAR SR R W, R —Mrikied, iHR S5
Kt B Bz SR 22, Ferb ok B e A O R 7 A R I B T — MBS I B KR AR AR S,
WAt iR S AR Lt th s Z B . SAE R Im FUE AT LU, A R i g v & B K T I 5HE
B2 AR B, N R R R, SIS AR, NI FEAR A2 70 R

JEHUH2H 73 0 B T RFE Y K48.4 X B A HRHIE Y K24.4 X BB i S bn a0 T 57
AERI . X K48.4 X B H S-H-ESD J7vEdEAT e EA I, £ E 1KY a=005"TF, TR 1H.

X K24.4 X BB AT SRR, AIgE R wE 5 o, X EBASIE] 4 N REE, SRS R
fHo fERZFWKFa=010T, FNHFREHENE LR,

Table 1. Orbital data outliers
#z 1 HEREREE

I H 3] PUBEHE
2012-12-25 0.16
2013-02-05 172
2013-04-08 0.19
2017-05-23 0.91
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Figure 5. S-H-ESD outlier detection
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Figure 6. Data pre-processing

6. HIETNALIE

B R R O] FEP

LRMEIEAE: B35 0 H B v REAFAE S ME, X AT L AR
3.2. MERIXTEL

AATEEL 2020 4 6 H & 2021 4 5 H Pl i s ARAn B E AT AL A . SR H MSE (337712 2) RMSE
FIFHRIRZE). MAE (CFIZXTIRZE). MAPE (FI4a%) 5 43 thiR ZE) . SMAPE (XHFR-F- 344654 H 7 LL iR 22)
SRR ARG AT I . BOA 0 DNEIE, YL Y Ye s ViR Y BOETHE, MERARTER A ST, K
TEBRAR R B R ZE N

MSE (Mean Squared Error):

18, .
MSE:—Z(yi -y,) (13)

RMSE (Root Mean Square Error):
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RMSE:/%iXﬁ—mf (14)

MAE (Mean Absolute Error):

13,
MAE =3 |9, - (15)
i=1
MAPE (Mean Absolute Percentage Error):
MAPE = =3 [¥: =%, 1009 (16)
i-1| Y

SMAPE (Symmetric Mean Absolute Percentage Error):

SMAPE=1%" % -,

Nz (|9 +[vi]
2
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Figure 7. Comparison of results of different models
7. NEMEBILERTEE

M7 ATLAE Y, #E 4k R Prophet LA TCN LB [ TIE EL ARIMA. = IRABHCT-HAS AL (1) 5
MME ML J Sl #E—20, W LAt Prophet B3 LL TCN RBERUSCRE AR . O S AERA A EL B DY Fi
BRI TRIRR AR TR R Z SRR VR PP bR, Hat B4Rk 2 Pos.

Table 2. Performance comparison of different models (3 decimal places reserved)

2. TPEEEMREXTEE(IREE 3 /&)

MSE RMSE MAE MAPE SMAPE
Exponential-Smoothing 0.004 0.062 0.047 0.095 0.088
ARIMA 0.005 0.072 0.062 0.117 0.108
TCN 0.003 0.056 0.041 0.083 0.076
Prophet 0.003 0.054 0.040 0.081 0.074

HE% 2 ATLVE Y, AT AR, SR TOAMEAR KRG, TCN #E7UAN Prophet B R BLIL T
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JEHL KA48.4 [X Bk AT SIIE 43 4T, 2015 4 2 H~2020 4£ 5 A 3L 64 M NiIIZR%E, 2020 45 6 A 42 2021
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B BAEENS R BRI AT, BRERME DY 0.8, RIEFAR S A WO I 8] 7 ST T 80%3E
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Figure 8. K48.4 section demo
[ 8. K48.4 XELER

Hi&l 8 FTLAE Y, FETRIMSE A, AR FUIE A e 0.75 Zidy, B TR RS ) IR VE
VeI PTEAE L X BT REAFAEANT IR ] R, 5 BT e X Bt AT i — P e & . XARSK 12 4> H s i &
TEOLEAT N, &5 R U 3 for.

Table 3. Forecast results of K48.4 in the future 12 periods
= 3. K48.4 XErR*K 12 HAFUMEE R

HIIGEEA) A
2021/6 0.70
202177 0.74
2021/8 0.66
2021/9 0.66
2021/10 0.65
2021/11 0.56
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Continued
2021/12 0.52
2022/1 0.52
2022/2 0.53
2022/3 0.51
2022/4 0.56
2022/5 0.65

ME 8 FTLAE Y, 4% 3 I TINME SESE 1 77 S 550 ) J
TRy K24.4 XBEHE R, XHZIX BUOHUE R EAR SR M s 1, Wikl 9 Ly, WA
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Figure 9. K24.4 section demo
B 9. K24.4 XEGETR

HiF 9 TUAE HiZ X Be T ) LT HE %S, U WPTE A1 e i o P I TR 48 o 2 AR ™
XEARK 12 4> H PUE S SUEAT N, 25 R 4 .

Table 4. Forecast results of K24.4 in the future 12 periods
= 4. K24.4 XER Rk 12 BATUMIZE R

HWI(A) TERME
2020/6 0.56
2020/7 0.64
2020/8 0.69
2020/9 0.63
2020/10 0.63
2020/11 0.64

2020/12 0.60
2021/1 0.57
2021/2 0.59
2021/3 0.60
2021/4 0.58
2021/5 0.65
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