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Abstract: Most of the traffic flow sequences are single-step prediction. To realize multi-step prediction of

traffic flow sequence, a long short-term memory (LSTM) model based on encoder-decoder (ED)
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framework was proposed. To verify the proposed encoder-decoder LSTM multi-step traffic flow prediction
model (ED LSTM), autoregressive moving average, support vector regression machine, XGBOOST,
recurrent neural network, convolutional neural network and LSTM were used as control groups for the
experiment. Experimental results show that when the prediction time step increased, ED framework could
slow down the decline of model performance, and LSTM could fully mine the nonlinear relationship in time
series. In addition, under the condition of univariate input, the root mean squard error (RMSE) and mean
absolute error (MAE) of ED LSTM model decreased by about 0.210-5.422 and 0.061-0.192, respectively,
on PEMS-04 dataset with 12 time steps from ¢+ 1 to ¢ +12. Compared with single-factor input, the ED
LSTM model with multi-factor input decreased RMSE and MAE by about 0.840 and 0.136 respectively
under 12 prediction time steps, demonstrating that ED LSTM model can be effectively applied to multi-step
and single-factor and multi-factor forecasting of traffic flow series.
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Fig. 2 Structure of the proposed ED LSTM model
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Table 2 The mean predicted RMSE and MAE over 12 time steps by the ED LSTM

model and the control models

PEMS-04 Xi-an

bidl 1 l

R P LT
RMSE MAE RMSE MAE
& 5 Gt 11 i Al ARMA 53.113 5.986 27.581 4.456
SVR 52.434 5.961 27.316 4.416

R ZHLER 25 S AT

XGBOOST 51.797 5.975 27.381 4.390
RNN 51.154 5.978 26.983 4.389
TR AE R B 2k ) B A CNN 50.357 5.918 26.109 4.305
LSTM 48.323 5.856 25.361 4,270
1A R 2 ] A ED LSTM 47.691 5.795 25.151 4.217

H % 2 15 .ED LSTM BERIAE I ¢ +1 %] ¢ +12 (9 12 4K N AYFE 0 RMSE fSE3#5 MAE H¥/0 T
X REZIBETY . #E PEMS-04 846 4E I, 5T BABTALME [, ED LSTM iR RMSE B&IK T 29 0.210~5.422,
MAE F#fK%) 0.061 ~0.191; 7E Xi-an £4ls 4 b, 5% A BIAR AR L. ED LSTM £ A1 f) RMSE &K T 24
0.210~2.430, MAE F&{£ %) 0.053~0.239,3E8 T ED LSTM #817E & 45 5300 75 11 B A 5 i 5 v gE . BR
W Z A S0 25 b R W] AL TR G e TR SR R LA 2 L8, RNNLCNN K& LSTM % I 2% 2] 5 7Y
L2 T 1) T AR L R A% B A R 2 ) B I 1] Y 5 RO R ARAE . AR G Al B AR LSTM Bk — B FE AR T
o5 2 ] LSTM BE 6% T 4 i XoF 52 388 It 7 4] 14 A 7 M o

AkZxf HE  ED LSTM AR T4 2 i ] 254K Y 5000 58 ) #6475 7, H T PEMS-04 %48 % . Xiran 2
NEAREE BOE LA -8 B ¢ 19 9 AR 2D AR Sy A R B IS T i e B AR AR X e+ 13+
6.2+ 12 Bf 20 B9 288 I S A PG HEAT TN . OKF ED LSTM 5 #4556 B2 AR e 2 A 45 @ i 18] 25 K B9 SF 49 T
M RMSE #l MAE #4755 EE 45 R U3k 3 A3k 4 s

# 3 EDLSTM A 53 BAHERFE L 45 E B iE 5K TH F M RMSE #1 MAE X7 Lt (PEMS-04 #{#E4)
Table 3 The mean predicted RMSE and MAE for multiple specific time steps by the ED LSTM model
and the control models (PEMS-04 dataset)

RMSE MAE

pi
t+1 t+3 t+6 t+12 t+1 t+3 t+6 t+12
ARMA 38.233 43.419 53.111 64.992 5.054 5.430 5.918 6.699
SVR 37.733 42.419 52.311 64.162 5.044 5.410 5.888 6.679
XGBOOST 37.650 42.004 51.497 63.433 5.087 5.388 5.918 6.713
RNN 34.802 41.767 50.714 63.398 5.026 5.397 5.983 6.671
CNN 34.941 41.938 49.123 62.031 5.033 5.396 5.904 6.631
LSTM 35.029 40.838 48.933 59.480 5.042 5.337 5.897 6.582

ED LSTM 33.905 40.412 48.425 58.669 4.957  5.288  5.852 6.410
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Table 4 The mean predicted RMSE and MAE for multiple specific time steps by the ED LSTM

model and the control models (Xi-an dataset)

RMSE MAE

LAY
t+1 t+3 t+6 t+12 t+1 t+3 t+6 t+12
ARMA 23.982 25.865 28.852 34.630 4.053 4.331 4.642 4.992
SVR 23.884 25.763 28.654 34.000 4.049 4.344 4.543 4.893
XGBOOST 23.791 25.673 27.768 33.876 4.030 4.330 4.494 4.864
RNN 23.641 25.779 27.440 32.067 4.039 4.323 4.454 4.902
CNN 23.534 24.841 26.531 31.740 3.953 4.303 4.409 4.784
LSTM 23.139 24.432 25.275 30.204 3.985 4.206 4.323 4.726
ED LSTM 22.796 23.838 25.142 29.810 3.899 4.061 4.239 4.708

% 3 A 4 5, I [R] 25 4 6 T 10 25 SR 5 i i K AR 7 LA I 0 25 K E AT 0 B, 22 b — A
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Fig. 3 The fitting effect of univariate ED LSTM model and control models on test set at multiple specific time steps
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B4 M 5 5 T i Y S i A
3.4.2 REFhH % T I E Rt

S A B i B 2 8 AR O S T I U A4 2 0 L B T PEMS-04 Bl A, 23 L e — 8 B ¢ B9 9 A )
AR g A% RO 132 BRSO A g S AR 51 XN 1 B e 12 59 12 A 20 KR S8 i A R AT T
W, KA B AR ED LSTM B 5 S B A9 ED LSTM BLRIAE 12 A 18] 22 K 9 09 1 2 1
RMSE #Il MAE #EATXT LG 25 5 a0 5 R .

®5 STEHAMED LSIM KR 52T EHAKN ED LSTM #E 7 12 MM E 5K A K FHH N RMSE 1 MAE xf Lt
Table 5 The average predicted RMSE and MAE over 12 time steps by the ED LSTM model with multivariate
inputs and the ED LSTM model with univariate inputs

Univariate Multivariate
T Y
RMSE MAE RMSE MAE
ED LSTM 47.833 5.805 46.993 5.669

H % 5 19 AHE TR f i A, ED LSTM A AL 7% 2 A8 2 5] 0] 77 51 iy A\ 19 45744~ RMSE FEfIX T 0.840,
MAE FEMX T 0.136, L8] ED LSTM £ B GE 45 AR b %o} 22 48 5t 32 38 37 )7 51 P 9 JE SR PR R AIE E AT 24 2T

Akzkxf 2728 i ED LSTM B84 Z 20 K 10l 58 71 647 73, 22 T PEMS-04 Bl 42, e Lt —8 3] ¢ 1
9 A1) AR Ay P A R 132 B 52 308 9 B0 AR i AR 0L % ¢+ 100+ 300+ 6.0+ 12 B 20 9 3238 I 4K
P HEAT IO . 2 AR AR ED LSTM f R 5 58 i A/ ED LSTM B RLE 2 A 55 B [\] 25 K T 1°F
¥IHUm RMSE fil MAE #E47 X L, 25 5 a3k 6 frs .
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Table 6 The average predicted RMSE and MAE of the ED LSTM model with multivariate inputs and

the ED LSTM model with univariate inputs at multiple specific time steps

Evaluation Indicator Timestep Univariate Multivariate
t+1 33.905 33.708
t+3 40.412 40.376
RMSE
t+6 48.425 47.077

t+12 58.669 56.338
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Evaluation Indicator Timestep Univariate Multivariate
t+1 4.957 4.939
t+3 5.288 5.241
MAE

t+6 5.852 5.757

t+12 6.410 6.372

615, AR EARK T M TR EmA .2 ER AN ED LSTM # A ) RMSE & MAE

BN
PR RMARLR IR R .

SIE AT T AR T 8 B A ED LSTM B AR 7] 0 61 25 K B il e M 25 ) 2605 B 91

ZA8 4 ED LSTM 7 55 %68 B 20 AL YA 224~ 5 I 8] 204 72 I 4R 1 A9 LS R0OR A 4 o

—VOLUME
LSTM(Encoder- Decoder)

M“‘\ Wil

& 2
OO
1

S

1000 1500 2000 2500 3000 3500 0 500 1000
BB/ (e+1) Af I /(e 1)
(a) PR HE (b) A2 H
—— VOLUME —VOLUME
500 - LSTM(Encoder-Decoder) 500 LSTM(Encoder- Decoder)
400 - 400 ’
2300 | 2 300 ’
& 2 ‘
- 5 J | |
£ 200 = 200 ] M |V" \J '
100 100 | [ ‘ \ l ‘ ‘ ‘
0 500 1000 1500 2000 2500 3000 3500 0 1000 1500 2000 2500 3000 3500
Fif ) 4/ (14+6) Bt IR1 254 /(2+6)
(c) HASE (COEZ'S
B4 ZT=EDLSTMERESXMBHAERESITHEREASKTENRE LN ERRE

— VOLUME
LSTM(Encoder-Decoder)

1 1 1 ]
1500 2000 2500 3000 3500

Fig. 4 The fitting renderings of the multivariable ED LSTM model and the control models on the test set

at multiple specific time steps
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