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kmkFIHEHNFER JE 100871

(2401112021 @stu. pku. edu. cn)

W OE #RELELEMARMATEXELEME,FF M POI(Point of Interest) 35 LT XA 38 7 — A 3b K 89 & M, A 0 3035 T
ABT— AR GA T REAN, £ 2T P F 8 2k bSR30 0 55 AR xR R 69 R, T DU B AR R B A R TR,
PA 69 PR A AR T kil A TN A SR R R AR BB M AR R F R TR ELELAT . B RLOHTATEAT
e, R B TAZTATREAKIEZR LA FME, LHAIFTRAFIEERET K EET RER G, A48 25
A FE R A R R A, Ak L, 3R T — AP Ah 2 sh 20w 1A 4% e 49 38 A i A AE 2 SCFNet (Spatial Context Fusion
Network for Traffic Forecasting) , EAm T IAL TR AR LW EEZ NN A TR TR TR EZ AT LEE N 5
Ho, M RIS S A A Ao B 2 R T 0 H AR B, R T At a2 S B X, AR & E A IEE L,
SCFNet R A S A&7, B 5 E L RZHAT T AZTTAN ML LA, SCFNet T HRBATHIE ERKREE . POIERRZN
HEFEARSMAN, E3NAERBHABELRFTTER.FHLEREAW.SCFNet TR FR S E LRI TSN F % (e
MTGNN, ASTGCN, GraphWaveNet) # 7 | 4% &

KIR B = TR SR IRAFAE AL AR B R A TR EFEZE A B EE L

hESES TP183

SCFNet . Fusion Framework of External Spatial Features for Spatio-temporal Prediction

LIU Tengfei,CHEN Liyue, FANG Jiangyi and WANG Leye
Key Laboratory of High Confidence Software Technologies(Peking University) , Ministry of Education,Beijing 100871, China

School of Computer Science, Peking University, Beijing 100871, China

Abstract Road information is closely related to the current traffic pattern of roads. Rich POI semantics can reveal the attributes
of an area. Demographic data reveals the trend of population flow in an area. Considering the influence brought by the above ex-
ternal spatial features on the flow in spatio-temporal prediction can help the model accomplish more accurate prediction. Existing
external spatial modeling methods usually focus on the input external spatial features,learn spatially relevant semantic representa-
tions through neural network mapping,and then fuse them with the final spatiotemporal flow representations. However, due to
the heterogeneity between flow representations and spatial features,the existing external spatial feature modeling methods are of-
ten not highly scalable and can only target specific external spatial features or specific spatio-temporal models. To overcome the
above problems,we propose a spatial context fusion network for traffic forecasting(SCFNet). Specifically, we introduce an atten-
tion mechanism based on information interaction to compute attention scores between spatio-temporal representations and exter-
nal spatial features to achieve an efficient fusion of external spatial features and spatio-temporal representations,and we design a
dynamic encoding method of time vectors to generate dynamic spatial feature semantics. SCFNet supports a mixture of different
spatial static features such as regional demographic data,road information,and POI inputs. We conduct experiments on three real
traffic datasets and demonstrated that SCENet can significantly improve the prediction accuracy of various state-of-the-art spatio-
temporal prediction methods such as(MTGNN, ASTGCN,and GraphWaveNet).

Keywords Spatio-temporal forecasting, External feature modeling, Point of interest, Road feature, Demographic, Attention me-

chanism, Time-varying semantics
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Fig. 3 Visualization of POI distribution in NYC and Chicago
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Fig. 4 Visualization of population and road networks in different

areas
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Table 2 Prediction results of the models before and after adding SCFNet

Bike NYC(60 min)

Metro NYC(60 min)

Taxi Chicago(60 min)

0 X3 F ol KK X Il KR X A0 KR
RMSE SMAPE RMSE SMAPE RMSE SMAPE RMSE SMAPE RMSE SMAPE RMSE SMAPE
MTGNN 4.0401 0.3492 1.7482 0.2658 155.2700 0.2131 78.487 0.2254 111.8100 0.18847 15.1370 0.0496
MTGNN(+SCFNet) 3.8453 0.3346 1.7021 0.2626 137.1600 0.1993 75.509 0.2016 95.7110 0.1649 13.5690 0.047 6
GWN 3.8705 0.3435 1.718 4 0.257 3 136.6600 0.1911 78.78 9 0.1552 115.3000 0.1854 13.8120  0.0441
GWN(+ SCFNet) 3.7888 0.3270 1.7008 0.2505 121.5600 0.1428 74.094 0.1491 83.6320  0.1519 11.4760 0.0424
ASTGCN 3.9572 0.3476 1. 8050 0.2659 151.4000 0.2140 83.080 0.2124 108.6700 0.2109 14.7850 0.0618
ASTGCN(+SCFNet) 3.9157 0.3512 1.7314 0.2630 147.4300 0.2122 81.238 0.2147 99.8150 0.1599 12.9360 0.0476
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Table 3 Coefficients of variation about site traffic in different

datasets

HER
Bike NYC
Metro NYC

B O
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1.31
3.42

Taxi Chicago
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Table 4 Comparing model performance at different granularities
Bike NYC
- F X EE RN |

RMSE SMAPE RMSE SMAPE
gt 8] #2 ¥ =30 min

MTGNN 2.3794 0. 3066 1.1072 0.1681

MTGNN(+ SCFNet) 2.3283 0.2981 1.1021 0.1634
B 8] A1 =60 min

MTGNN 4.0401 0.3492 1.7482 0.2658

MTGNN(+ SCFNet) 3.8453 0.3346 1.7021 0.2626
it 8] b B =120 min

MTGNN 6.8632 0.3125 2.7887 0.2269

MTGNN(+ SCFNet) 6.5894 0.2976 2.8431 0.2267
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MTGNN(+T) 3.8372  0.3422  1.7162  0.2871 5.8.4  SCENet ' AN & K b 2R 45 42 69 4K 5
MTGNN(+SCFNet)  3.8487  0.3362  1.6941  0.2650 SCFNet 5L x-S — AN FM 028 (o) FR AR 38 FH P HEZL , & S0

MR 5 15 H T 458

1) M A FH 28 B 2% 7 2 E) AR B MTGNN (+ S)
BF, TE 2 0 X B 2 3R o X 3, RMSE YRR 1% 22
A5 TRLRE 24 AN A A0 B A5 s () 38 SO AR AR B B BT AT X 8K
) RMSE B 88 B A%, 15 B 3 15 e ] DL IR sl o 4 g 35300
W%,

2) Bl i A 3 Bt AR 2 [ S A RS ORI 38 i

2 Bl R 23 [AVRRAE I A B R (] e 52 RE 22 2 1A RR AT S
Ao X B IRAE ] Metro NYC I Bike NYC % ¥ 4 S 8 5%
AN [R) 471 AR AIE A A 11 T 00 285 2R

6 JE/R THE Metro NYC 48 £ I 43 18 IX 38k A 0 %%
H (Demographic) F1 18 % 2% ] (Road LeveD) il A #] MTGNN
LR, IR BT A 28 AVRRAE Al A A8 MTGNN B b AR
TGN EBRRAE 1) 55 SR AT X b

6 A[F SN E AR AT LE
Table 6 Comparison of different external feature inputs
Metro NYC(60 min)
S ERE - 4 K EI RN ] %‘E;Hﬂk?ﬁ

RMSE  SMAPE RMSE  SMAPE RMSE  SMAPE
7o 46 2 JE A AE MTGNN 155. 27 0.2131 78. 487 0.2254 105. 90 0.2220
KE A O E MTGNN( + SCFNet) 136. 05 0.2045 76.065 0.2172 96. 714 0.2136
POI MTGNN(+ SCFNet) 134.72  0.2071 76. 836 0.2076 96.714 0.2075
i %R MTGNN(+ SCFNet) 136. 37 0.2129 77.075 0.2167 97. 498 0.2156
POIR. # % & A b MTGNN(+ SCFNet) 137.16 0.1993  75.509  0.2016 96.927 0.2010

Bike NYC(60 min)
T 46 22 JE A AE MTGNN 4.0401 0.3492 1.7482 0.2658 3.2307 0.3122
KA 0% E MTGNN( + SCFNet) 3.8480  0.3371 1.6959  0.2681 3.0845  0.3065
POI MTGNN(+ SCFNet) 3.8487  0.3362 1. 6941 0.2650  3.0846  0.3046
i %R MTGNN(+ SCFNet) 3.8369  0.3385 1.7036  0.2759  3.0787  0.3133
POIR. # % & A MTGNN(+ SCFNet) 3.8453  0.3346 1.7021 0.2626  3.0842  0.3026
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Fig. 5 Comparison of true and predicted values at low flow station

pairs and all station pairs when road information is added
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Table 7 Comparison of other external spatial feature modeling

techniques and SCFNet

o H 0 X E N
RMSE SMAPE RMSE SMAPE
Bike NYC(60 min)

MTGNN 4.0401 0.3492 1.7482 0.2658
MTGNN(+ SCFNet) 3.8453 0.3346 1.7021 0.2626
MTGNN(+STRN) 3.8810 0.3462 1.7282 0.2765

MTGNN( + Semantic-GAT) 4.0029 0.3495 1.7363 0.2736
Metro NYC(60 min)

MTGNN 155.2700 0.2131 78.487 0.2254
MTGNN(+ SCFNet) 137.1600 0.1993  75.5090  0.2016
MTGNN(+STRN) 137.8500  0.2453 76.513 0.2619

MTGNN(+ Semantic-GAT) 154.6600  0.2145 78.2580 0.2041
Taxi Chicago(60 min)

MTGNN 111.8100  0.1884 15.1370 0.0496
MTGNN(+SCFNet) 95.7110 0.1649 13.5690 0.0476
MTGNN(+STRN) 92.0180 0.1926 14.0420 0.0572

MTGNN(+ Semantic-GAT) 108.8800  0.1909 14.984 0.0510
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Fig. 6 Sensitivity experiments of MTGNN(+ SCFNet) on different

hyperparameters
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