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FCTNet:Bus Arrival Time Prediction Method Based on Dual Domain Deep Learning

ZHANG Mingze? ,LI Yi' WU Wenyuan' . SHI Mingquan' and WANG Zhengjiang®

1 Chongqging Key Laboratory of Automated Reasoning and Cognition, Chongqing Institute of Green and Intelligent Technology.Chinese Academy
of Science.,Chongqing 400714, China

2 Chongqing School, University of Chinese Academy of Sciences,Chongqing 400714, China

3 Fengzhu Technology Co. ,Chongqing Public Traffic Holdings Group,Chongqing 401120, China

Abstract Bus arrival time prediction is an important part of the smart bus system. It can provide passengers with accurate arrival
time and help dispatchers make more reasonable scheduling arrangements. A bus arrival time prediction algorithm FCTNet(FFT-
Conv-Transformer) based on convolution,attention mechanism and FFT is proposed for dual-domain deep learning of time domain
and frequency domain. The algorithm integrates Fourier transform.convolutional neural network and attention mechanism to pre-
dict bus arrival times at single stops and multiple stops. Among them, Fourier transform and convolutional neural network are
used to learn the spatiotemporal characteristics of the input data in the frequency domain while retaining the time domain signal.
The attention mechanism is used to learn the global dependence of the input sequence and predict the final result. In the arrival
time prediction experiment of three bus lines 465,506 and 262 in Chongqing,the average absolute percentage error and average
absolute error of the FCTNet network model are better than the experimental comparison algorithm. In the busiest bus No. 465,
the average relative error of the FCTNet network model is better than that of the experimental comparison algorithm. Compared
with the existing best model, it is reduced by 2. 34% ,and the average absolute error is reduced by 4.59s.

Keywords Arrival forecast, Attention mechanism, Time-frequency transformation,Convolution neural network.,Deep neural net-
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A DAAR G 2 S R G R

LSTM.: i it A 1T i th 17388 0 10 21 pi Ay 4 i B g 12
D 45

LSTNet: SCHR[ 2252 1 (18— 4> iy 5 B 28 0 2% L 1] 45 4
25 10 45 Bk a7 B IR 2% R4 3 2 P 5 T 4% 2 P 2 TR 4% A
R, 3% £ AS AL T LUTE A 3t 2 oF B BN 109 SR B M L R G
RMAELHERR,

Informer: SCHA 1942 i3 1 — T transformer 2k 1Y
o K B T 3 1 EL A AR 2 2T ORI R 28 AT

Transformer: fff F transformer 22 # %) B ] ¢ %1 Fi il
[

Cnn-transformer : H %5 FR 4 28 5 2% il transformer 22 ¥ 2H
BB TR 25 A
4.5 FEENKEX FCTNet {4 88 B % 0

K] Sy 2 B[R] 5 37 F9000 452 78 o i A B A BE S 0 45 SR A
ARG FZ , T LAAS SCXF 465 28 6 454 3 8 A W) 4 A 3 7
FCTNet HiEf7 5250 . 3R 3 WAL f AR 180 Af ,FCT-
Net 5% 7 14 i iy 5 5 4, DR O A SCOKs i AP 91 4 BE € oy 180,
IHXb 3 AL BEHEAT T L5

# 3 AR AKBELE FCTNet T 45
Table 3 Results of different input lengths in FCTNet
MAKE FHAEMELEZ/U FHEMNEE/s
150 16. 33 29.94
180 14. 64 28.01
200 14.93 29.07
230 15. 38 29. 36

R AL B Z R 20 s 224, HA ST £ K
ST L LB ATT A 0 S g 0 K 4 i 1,5,10,15
A 20,

4.6 SSWHERHW

M A—3R 6 FTFI M 3 ZLBHLBEE R DA
t FCTNet (-4 %7 B 43 L i3 25 RT3 48 X 358 22 SE AR #0
KT BAABOER I B FCTNet 78 A [7 100 4K B 19 9246
I BOCRER A+ r FRE .

#4465 LRI LE R

Table 4 Experimental results of bus No. 465

, _ Wk
7% ELR G -
1 5 10 15 20
MLP MAPE/ % 19. 40 18. 30 17.77 17.74 17.75
: MAE/s 33.21 32.38 32.96 33.17 34.46
MAPE/ % 16. 68 18. 40 19. 39 20. 04 19.70
LSTM
MAE/s 39. 65 14. 26 45.12 45. 81 46. 44
MAPE/ % 12.69 13.18 13.82 16. 85 17.15
LSTNet
MAE/s 19. 44 20.48 21.18 24.94 26.55
MAPE/ % 17.74 17.53 17.55 17.53 17.68
Informer
MAE/s 32.83 32.47 32.49 32.47 32.77
MAPE/ % 12.24 13.09 13. 85 13.69 13. 64
Transformer
MAE/s 21.27 21.08 22.23 21.64 21.74
MAPE/ % 11.94 12.9 13.73 13.39 13.09
Cnn-transformer
MAE/s 21.00 21.52 22.60 21.484 21.00
MAPE/ % 11.78 10. 42 10.59 10. 31 10. 34
FCTNet
MAE/s 20.73 15.53 15.79 15.05 15.98
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Table 5 Experimental results of bus No. 506
) oMK E
7 4 -
1 5 10 15 20
MLP MAPE/ % 21.06 17.96 15.56 15.51 14.93
. MAE/s 22.41 18.95 17. 86 17.99 18.09
MAPE/ % 14.00 14. 86 14.96 14. 96 14.62
LSTM
MAE/s 21.67 22.16 22.72 22.77 22.15
MAPE/ % 17.06 16.00 17.59 21.14 20.09
LSTNet
MAE/s 19.12 18. 86 21.95 25.78 26.28
MAPE/ % 13.32 13.32 13.38 13.40 13.41
Informer
MAE/s 19.91 19.99 20. 06 20.08 20. 11
MAPE/ % 14. 20 13. 89 14. 20 13.78 13. 20
Transformer
MAE/s 18. 83 16.97 17.18 17.78 17.43
MAPE/ % 15.31 14. 24 14.50 13. 89 13.26
Cnn-transformer
MAE/s 21.57 17.94 17.62 18.01 17.72
MAPE/ % 12.87 13.17 13.48 13.07 12.59
FCTNet
MAE/s 18.20 16. 89 16. 88 17.15 16. 94
#6262 LI LE R
Table 6 Experimental results of bus No. 262
) _ Kk E
Uik ELR A -
1 5 10 15 20
MLP MAPE/ % 15. 96 13.46 12.575 14,41 15. 38
. MAE/s 34.15 22.70 20. 27 21.37 22.35
MAPE/ % 22.09 19. 30 19. 50 21.64 23.55
LSTM
MAE/s 29.15 40. 45 44.55 47.09 49.96
MAPE/ % 19.71 20.54 22.57 22.69 22.81
LSTNet
MAE/s 38. 20 39.63 42.51 42.01 41. 44
MAPE/ % 17.07 17.75 17. 34 17.25 17.24
Informer
MAE/s 28.76 29.51 29. 25 29.17 29. 20
MAPE/ % 10.74 11.51 12.21 12.25 11.50
Transformer
MAE/s 14.63 16. 60 18. 14 18. 40 17. 46
MAPE/ % 10. 25 10. 95 11.63 12.00 11.74
Cnn-transformer
MAE/s 13.80 15.70 17.09 17.52 17.19
MAPE/ % 9.99 10. 38 10. 96 10.99 10. 45
FCTNet
MAE/s 13.91 15.02 16. 26 16.50 15.92

HH L MLP #281, FCTNet £ I i Fi1 25 [ 7 A 45058 %5 £ 4
HEAT2E ) UGB N A2 2%, TR) st 4R A5 T B A RO .

5 LSTM #f It , FCTNet [ transformer ZEFMF H T A 3
B AU AT A R 2 20 AN S 4% [R5 B P 147 2% 20, AT
B G i Al R 8] 51 A R

45 LSTNet #H [t , FCTNet i i fff B i 725 4 2 47 0 4 2]
HII I A 4, B 02 T 4T b A% 3 F B 4 R AR, AT BR T T
TERE.

5 Informer #f b , FCTNet [6] # 3 F 1 & S ML, 2 In-
former i T 7 G 2b ¥R, 2% 3 SC G B due e (89 JLAS B 1A] 4, T
FCTNet % 2] &3 (% B 8] #5, B FCTNet Jin A T B 45 5% 4 Fn
B TR R 2%, 2 ) R AT

FCTNet 5 H AR L8 R T FCTNet 41X T A8 [
TR (39 £ 34, FLTE I 28 450008 2% > RVRRAE 32 IO T8 [ 3523, 4l
FE I [E] P 31 T AT 55 p BB Ol 1 6
4.7 HREXE

9 T AEW] FCTNet 281 1 25058, I 5k 452 284 o i 3 28 98 43
FKHATEUE . 78 FCTNet FLAI 1, Transformer /& X i [i1] 7 371
71 e s I S /7 N WA U 5 VS s o (Rl N
Transformer BB FAT T S5 . $RJ5 . 7F Transformer Y 5 fif
B A B A 22 ) 2% (Cnn-transformer) X 5 A £ 4 ¥k 47 52
5. LI B SE g iy 45 3R bl LUF Y, FCTNet A MR 1R
Transformer, 3§ il 1 45 FR 4 8 ) 2% X 450 358 79 2% > 4 1L Cnn-

transformer, 3§ i 1 {8 B it AR 0, (1 7 25 BR i 2 0 2% 1T LA DA A
% ) AR, Rk FCTNet 3843 T 58 4 A9 88050 Ui W 4R SC 8
2 18 B A T4 EB S 6 AR BT A I HLEE AT 4 R S B A i
BRME T STk

W RS2, RATHE T FCTNet KB A7 2 1 ¢ W
b A S A A A v e 2 DG AR Y A L DT R
T IRLE 0 T 0 . Gk S LG £ R — P IR T A SR
T 0 25 A B8 A0 b

GERIE R SCHH X 38 B AT B 2S AR AE A5 4R L B
Tl A5 178 L O A g R el 28 0 2% R L T O WL B0 R A1) 2
> BRI IR B 2 20 N A8 A B 3 1] 100 45 FCTNet, %5
2 98 1 X 4 58 R AT A A I L 2 1R) A0 (] 22 05 1 A 2
2) ] AE A R BT A 2% AR R XA B8 7 2 R £ 0 G # Sh
] JE A4 7 S5 B o At Y T . S G 2 SR R AR SCIR Y FCT-
Net 7§ 2 52 Fh 2 38 30 3 Bt [ 390900 094 o 000 %6 . 350k J) PR
J5 T B R B L B R 2 L T S B o I R B A A B
Xof i AU AT T B 3 S 43 T BE T B AL Bk — 2 A IR,

2 % X #f
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