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ABSTRACT

Deep learning methodology, which has been actively studied in recent years, has improved the
performance of artificial intelligence. Accordingly, systems utilizing deep learning have been
proposed in various industries. In traffic systems, spatio-temporal graph modeling using GNN was
found to be effective in predicting traffic speed. Still, it has a disadvantage that the model is trained
inefficiently due to the memory bottleneck. Therefore, in this study, the road network is clustered
through the graph clustering algorithm to reduce memory bottlenecks and simultaneously achieve
superior performance. In order to verify the proposed method, the similarity of road speed distribution
was measured using Jensen-Shannon divergence based on the analysis result of Incheon UTIC data.
© 2021 The Korea Institute of Then, the road network was clustered by spectrum clustering based on the measured similarity. As
Intelligent Transport Systems. All @ Tesult of the experiments, it was found that when the road network was divided into seven
rights reserved. networks, the memory bottleneck was alleviated while recording the best performance compared to
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the baselines with MAE of 5.52km/h.

Key words : Intelligent transport systems, Traffic forecasting, Graph neural network, Jensen-Shannon
divergence, Spectral clustering
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<Fig. 1> Compare to main road and all road groups according to the attribute of traffic conditions
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<Fig. 2> Speed distribution of four randomly selected roads
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<Table 1> Summary of traffic forecasting base on deep learning

Dependency Model Reference
Yisheng et al.(2014)
DNN
Kim et al.(2020)
Temporal
Fu et al.(2016)
RNN
Zhao et al.(2017)
. Ma et al.(2017)
Spatial CNN
Wang et al.(2016)
LST™M Kim et al.(2020)
SRCN Yu et al.(2017)
Ensemble
LC-RNN Lv et al.(2018)
. GCN Yu et al.(2017)
Spatial and Temporal
DCRNN Li et al.(2018)
GNN GANN Zhang et al.(2018)
GraphWavenet Wu et al.(2019)
STGRAT Park et al.(2019)
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HE 53 s5oz & 7 F548 RAY I self adaptive adjacency matrixE A HSFHTE 0] & diffusion
graph convolution layer®} 3 WlakAo] W& Lt 7 F&A8G ofyzl 2d 2A|H o2 AN etk &
448 v}e}sl+= diffusion graph convolution layer + self adaptive adjacency matrix &38| &-S A|SHsFA T Self
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4. TCN(Temporal Convolution Network) &12|&
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<Fig. 5> UTIC dataset covering the main road of Incheon area, where traffic segments are plotted with colors
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<Fig. 6> Calculate of the distance from the node (A) to node (C) based on the provided distance of (a) and (b)
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<Fig. 7> Performance of the proposed method and GPU memory that change as the number of cluster increases
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<Table 2> Performance of the proposed method and the other comparison methods

After 15 minute After 30 minute After 60 minute
MAE | RMSE | MAPE | MAE | RMSE | MAPE | MAE | RMSE | MAPE
LST™M 6.52 891 25.70% 6.86 9.20 27.32% 7.24 9.53 29.12%
CNN-LSTM 6.51 8.89 25.51% 6.85 9.18 27.12% 7.23 9.50 2891%
DCRNN (clustering) 5.82 8.46 21.45% 6.13 8.74 22.81% 6.47 9.05 2431%
Graph WaveNet 5.70 843 21.06% 5.95 8.66 22.28% 6.20 891 23.40%
Proposed method 541 783 12033% | 5.63 8.03 [20.78% | 5.81 811 [21.82%

000521 Adam # 2|3} Y1 EE AIREPOH, =0l (dropout) 2] HIE-L 0.5, TCN2 3] E #olo] MFS

1285 A4
<Table 2> ¥ AFol|A Atsts Bl vlw 2do] %S vast Aot 2
o] -3 ZOoE AjF Bdo] Hlw RIERT B T
Ho g ANAYE 54%E w93 LSTM, AAIE 547
9

=
T2 I ARSI AT =2 YEYIE vkgstr] ¢t DCRNN(clustermg) Graph WaveNet, #|F=2

Z A5l 22 AL FUF 5 Utk E3] AV dZoA H 3 oS A 4= 9=, LSTM
I Aok =g vl Al Aot o] MAEGOE 5 ol=) 5.81km/h, RMSE(60—r =) ¢=) 8.11km/h, MAPE(60%
=) 21.82% % 71% °F L4km/h7HA] Zpolus A& E1E 5 gtk o]F 53] wF &= oSl A
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<Table 3> Performance of the proposed method and the other comparison methods in the cluster

Cluster | NPT | viodel | MAE | RMSE | MAPE | Cluster | "™ | Model | MAE | RMSE | MAPE
of road of road
LSTM 8.69 10.99 28.83% LSTM 4.46 6.41 33.93%
CNN- CNN-
| 57 | Lstv | 867 | 1097 | 27.84% 5 38 | rstv | 438 621 | 33.86%
Graph Graph
WaveNet 8.01 9.89 26.31% WaveNet 245 4.89 17.01%
LSTM 7.83 10.11 36.41% LSTM 4.17 572 21.11%
CNN- CNN-
5 w04 | Lstv | 781 | 1002 | 3635% | 8 | 1smv | 416 | 567 | 2013%
Graph Graph
WaveNet 6.98 9.16 30.69 % WaveNet 3.16 495 1576 %
LSTM 7.46 10.38 17.61% LSTM 5.36 733 19.17%
CNN- CNN-
3 sss | Istm | 744 | 1002 | 17.01% ; 0 | st | 337 729 | 18.95%
Graph Graph
. X 15. 4.1 .44 14.71
WaveNet 655 o84 569% WaveNet ? 6 1%
LSTM 6.92 9.16 18.69%
CNN-
4 412 LSTM 6.88 9.15 18.67%
Graph
WaveNet 6.15 8.64 16.91%
¥ % gtk o F B3l FARRE) GFAAA WAT AFVA RAYo] £= AZo] folplsits AL
%_1— _/[: ol
3H <Table 3>oA T3 MR oS F5o BATL Asithe= A& & & Aok FAHE 5w e
PN

31871¢] =2E°A Graph waveNet 7|5 MAE 2.45km/h, RMSE 4.89km/h, MAPE 17.01%2] &< AT 4
e whd 1H FF 2 457709 =2E9A Graph waveNet 7|5 MAE 8.01km/h, RMSE 9.88km/h, MAPE
2631% 2.2 A& Aso AolE AT STk ol EE UEAVL £ EXo| A ot £
Holl Wt A =2E 3f SA0] vigd A AdEAH o5 HF3] flél <Fig. 8>ollA= A=
Fo} HuAEER SR EAH(column-wise) T o] T HIES SIS EYTE dF A7t HlwF
123 TH{EL dF %0l A2 #FE Btk AR 47 B HA A S5 Ave S 9T ¢

B

¥2 iy

Number of lane Maximum speed limit
Cluster Cluster
1 2 3 4 5 6 30 40 50 60 70 80
1 0.07 0.17 0.29 0.37 0.24 0.00 1 0.06 0.06 0.05 0.23 0.21 033
2 0.09 028 0.30 017 0.08 0.50 2 0.04 0.05 021 o011 [N0A9 08
3 0.1 0.09 0.12 021 0.30 0.00 3 0.04 0.05 0.21 0.11 0.19 0.18
4 0.12 0.16 0.22 0.23 035 0.50 4 0.09 0.07 0.19 0.20 0.18 0.16
5 030 0.12 0.04 0.00 0.03 0.00 5 023 030 0.12 0.08 0.02 0.02
6 032 0.19 0.04 0.02 0.00 0.00 6 0.24 0.29 0.11 0.12 0.07 0.03
7 0.20 0.28 0.12 0.05 0.08 0.00 7 031 0.18 012 016 0.15 0.11

<Fig. 8> Ratio with column-wise to the attribute of traffic conditions
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