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Abstract: The short-term prediction of urban traffic states serves as a fundamental application supporting traffic
management and online navigation. Floating car trajectory data, characterized by low cost and high spatio-
temporal coverage, has been widely employed for real-time traffic state extraction, thereby facilitating short-term
traffic prediction. However, the spatio-temporal coverage of floating car trajectories is extremely uneven,
resulting in a significant amount of missing or insufficient coverage of road networks over many time periods. It
is difficult to accurately estimate the traffic states of all segments of the entire road network directly using the
trajectory data of floating cars. The accuracy and reliability cannot meet the needs of real-time traffic state
estimation and short-term prediction. This issue therefore poses a significant technical challenge for online short-
term prediction of traffic states based on uneven trajectory data across the entire road network in large cities,
hindering the refinement of traffic monitoring and management. To address the issue of uneven spatiotemporal
distribution in trajectory data, this study proposes a dynamic layering method for the road network, dividing it
into multiple layers based on the spatio-temporal distribution of trajectories, including a main road network with
high-quality trajectories and other secondary road networks with sparse trajectory distributions. Building upon
the layered road network, we propose a trajectory-driven multi-level spatio-temporal graph neural network
method for short-term traffic state prediction. Leveraging the hierarchical structure of road networks, the
proposed prediction method incorporates intra- and inter-layer message passing mechanisms that consider the
spatio-temporal distribution of trajectories. We apply dilated causal convolution and graph attentional mechanisms to
describe the complex spatio-temporal correlations of traffic states among road networks. Based on the correlation
representation, we develop a unified graph neural network prediction model that integrates "representation” and

"prediction" into an end-to-end learning scheme. The proposed method enables online prediction of speed and
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congestion state of all road segment in the road network simultaneously, significantly enhancing the predictive
performance of traffic state for road segments with sparse trajectories. Through testing on real trajectory data
from the large road network of Wuhan City, the proposed method showcases a notable improvement in prediction
accuracy compared to recent popular baseline methods, particularly achieving satisfactory performance in
segments with severe trajectory data deficiencies. The training efficiency is also significantly improved. Experimental
results indicate that the proposed multi-level spatio-temporal graph neural network prediction method can
effectively handle the prediction challenges caused by the uneven distribution of trajectories.

Key words: traffic state; short-term prediction; multi-layer spatiotemporal graph neural network; trajectory; road
network partition; correlation representation of traffic state; message passing
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Fig. 1 Uneven distribution of trajectories
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Fig. 2 Technical framework and process of trajectory-driven multi-layer spatiotemporal graph neural network

for short-term traffic condition prediction technology
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Fig. 5 Inter-layer and intra-layer message passing based on layered road network
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Tab.1 Comparison of T-MGNN and baseline models on the prediction performance for the entire road network

R PR
A HE T 5 min DU 20 min FULTN S min - PO 20 min
MAE/(km/h) RMSE/(km/h) MAPE/  MAE/(km/h) RMSE/(km/h) MAPE/% IR —ECR/%
ST-KNNP? 2.80 4.21 9.51 4.73 6.33 14.10 78.28 67.74
BTMF™! 3.26 4.97 10.24 3.97 5.28 11.12 81.62 78.98
SGMNP 2.18 3.13 6.04 3.86 5.62 11.45 85.52 79.44
T-GCN™ 3.48 5.19 11.90 3.71 5.42 12.26 73.87 72.59
DGCRN!™ 2.06 2.95 7.89 421 5.90 15.92 85.68 70.64
PDFormer"”) 2.09 3.48 6.54 3.64 5.17 10.88 85.78 82.26
Causal-GCNM™" 2.26 333 7.19 3.78 5.56 11.67 83.25 77.10
D-TGNM*! 225 3.39 7.30 3.69 5.31 10.99 83.44 79.23
T-MGNN 2.01 2.91 5.45 3.26 4.69 9.82 86.18 84.35
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Tab.2 Comparison of T-MGNN and baseline model on the prediction performance for the secondary road network

T PRS
A HAE W 5 min UG 20 min KA S min DU 20 min
MAE/(km/h) RMSE/(km/h) MAPE/  MAE/(km/h) RMSE/(km/h) MAPE/ RSB/ %
ST-KNNP? 4.76 6.32 14.64 4.81 6.46 14.95 57.70 56.70
BTMF™! 3.74 5.23 10.98 4.73 5.94 12.22 73.47 67.70
SGMNP 2.78 3.55 7.01 4.01 5.65 11.62 77.11 69.21
T-GCN™™! 3.57 5.58 12.03 4.14 5.78 12.47 67.64 66.61
DGCRN" 2.11 3.39 8.10 4.57 6.13 16.54 79.87 63.30
PDFormer " 2.16 3.61 6.82 3.70 5.39 10.48 80.23 70.57
Causal-GCNM™"! 2.48 3.47 8.02 3.88 5.67 11.71 75.30 67.23
D-TGNM™! 2.50 3.55 7.98 3.86 5.60 11.25 78.75 69.45
T-MGNN 2.02 3.14 5.84 3.40 5.02 10.11 81.44 72.36
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Tab. 3 Training and inference time of the four-step

prediction of all compared models

B Ykt a] /epoch (s)  JHEFRE[A]/iter (ms)
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Fig. 9 Comparison of the training processes of -"MGNN on

layered and original road networks
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Tab. 4 The impact of different components on T-MGNN

LRl il DU A F
fm L e et ol e et
MAE RMSE MAPE R#&  MAE RMSE MAPE IRE  MAE RMSE MAPE IRZE  MAE RMSE MAPE K3
[(km/h) /(km/b) /% —ECE /(km/h) /(km/h) /% —BCR Akm/b) Akmvh) /% —ECE /(km/h) /(km/b) % —CR
w/o STCE 4.68 6.76 1230 71.66 491 690 1295 6885 4.86 6.15 1417 7041 557 673 1537 6501
wlohier  3.07 422 867 8026 390 537 978 70.75 425 596 11.83 7634 470 621 1290 65.17
wiocond 2.55 346 7.86 81.19 267 370 791 77.63 357 529 1049 80.58 394 583 1085 67.01
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