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Abstract

The problem of traffic flow forecasting has multi-source heterogeneity. The traffic flow in the future is not only related
to the flow at the previous moment, but also affected by heterogeneous spatio-temporal data such as the relationship
between urban regions, weather conditions and POI (point of interest). To solve this problem, a traffic flow prediction
model based on multi-source heterogeneous spatio-temporal data fusion was proposed, which was called MHF-
STNet (multi-source heterogeneous fusion spatio-temporal network). Firstly, this model used clustering methods to
obtain different traffic patterns in urban areas, and utilized various methods such as concatenation, weight addition,
and attention mechanism to integrate spatio-temporal data of multiple modalities, including traffic flow, location

relationships between urban areas, weather, POI and the time of day. Deep learning methods were used to uniformly
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model heterogeneous data and predict traffic flow in the future. Experiments were conducted on three real-world traffic

datasets, TaxiB], TaxiNYC and BikeNYC datasets. The results showed that MHF-STNet achieved the best performance

compared with some classic traffic flow prediction models, which verified the effectiveness of MHF-STNet for unified

modeling of heterogeneous spatio-temporal data.
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SESTUR BRI A R L I [R] S
P, AE AT H R ZEE0 4 S8 F AL 240 H R ZE 4%
P G b o o Ath 6 P B RY  ff  o , 15EH
SIS AL A B T T 45 SR AT R R, 4
LT HEHG T . ASTGCNFI K&
PRI T X 22 (] 5% 2, R AUE
JEI B A S (R A A A i v . MHF—
ST Net 5 T B & 25 fE i f2 . b PR A7 8¢

®2 FAARBFNESLHER

— Aent 4= a4 AL R HLAATERIR S

MAE RMSE MAE RMSE MAE RMSE

HA 16.70 30.76 9.22 29.19 3.77 8.61
ARIMA 17.36 23.66 8.38 17.97 3.07 5.24
RNN 11.16 17.97 5.85 12.66 2.57 5.04
LSTM 10.89 17.53 5.69 12.54 2.43 4.83
DeepSTN+ 10.90 17.32 5.47 12.35 2.53 5.02
ST—ResNet 10.60 16.95 4.91 12.28 2.48 5.05
ASTGCN 10.70 17.25 5.67 12.89 2.44 4.84
MHF-5TNet 10.55 16.68 4.82 11.98 2.36 4.68
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W i B E AR I A 77 =CAT LA POME
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FETE B H R MA RS TEH . B
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I E, A 5 ST-ResNet [l 45 2R
EE il & R DA ISR
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A TA] B 2C T AR 2 SE0G 25 SR e, %85l
A8 A ) B T T AR [ A
HUIR G IR IS e e A R S ) 22 A X
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B 2= %4 MAE RMSE X LA AR MAE RMSE
AR 2.52 5.10 RNN 2.57 5.04
R +POI 251 4.87 DeepSTN+ 2.53 5.02
VLA - TR L (B 2.45 4.95 ST-ResNet 2.48 5.05
A+ M AT G R 2.40 4.78 ASTGCN 2.44 2.84
B+ AS A 2.43 478 MHF-STNet#%#A R EHK 2.44 4.81
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