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Abstract: [Background] Traffic demand forecasting is crucial for transportation infrastructure planning and resource
allocation. In spatiotemporal demand forecasting, model performance varies significantly across different stations and time
periods, posing a challenge to achieving stable and accurate predictions in both temporal and spatial dimensions. [Objective]
To realize direct cross-scenario deployment of the model and enhance the practicality of forecasting models across diverse
spatiotemporal scenarios, thereby reducing the impact of prediction uncertainty on future decision-making. [Method] A

spatiotemporal traffic demand ensemble forecasting model (ST-SGAT) considering graph features is proposed, which adopts a
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stacking ensemble learning strategy to integrate multiple base models with Graph Attention Network (GAT). ST-SGAT employs
Long Short-Term Memory, eXtreme Gradient Boosting, and Multilayer Perceptron as base models for capturing temporal
features, while leveraging GAT to encode spatial correlations and adaptively assign association weights, thereby achieving
robust modeling of spatiotemporal traffic demand. Subsequently, ablation experiments are conducted by removing specific
components of ST-SGAT to systematically analyze the contribution degree and synergistic effects of each component, and
precipitation is introduced as an external feature to further explore the model’s robustness and feature utilization capability
under normal and sudden meteorological scenarios. [Data] The research data are derived from hourly passenger flow records
of 424 subway stations in New York City over 688 days, which are preprocessed to generate multi-time granularity datasets
(e.g.,2 h,3 h, 6 h, 12 h, 24 h). [Conclusion] Experimental results demonstrate that the ST-SGAT model achieves the optimal
comprehensive performance in spatiotemporal traffic demand forecasting with outstanding spatiotemporal adaptability. In the
temporal dimension, it exhibits the best overall prediction accuracy across multi-time granularity data (from hourly to daily) as
well as data for weekdays and weekends. In the spatial dimension, it can adaptively fit different station types, showing strong
generalization ability. The ensemble framework enables the synergy and complementarity of multiple components, allowing
the model to consistently maintain excellent performance in multiple scenarios spanning different granularities, stations, and
time categories. Meanwhile, the model exhibits stronger robustness and stability in feature utilization under both normal and

sudden precipitation scenarios, thus meeting the diverse forecasting needs of practical transportation systems.
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Fig. 3 Partial data of subway passenger flow demand in New York City
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Fig. 4 Pearson correlation coefficients between the current moment and different lag periods
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Tab. 1 VIF and MI for lag features corresponding to data sampled at 24-hour intervals

e VIF MI T JE VIF Ml
1 35.9 0.77 6 40.6 0.49
2 39.5 0.34 7 65.9 1
3 40.7 0.33 14 59.5 0.88
4 41.2 0.33 21 58.3 0.83
5 40.9 0.29 28 55.4 0.78

ERLEE T T AN [R] S [a] [R] B R 2508, 456 VIF 5 ML Br 5 5R, JR B I TR RPAIE e 2 B
22 AN [F) I T 1] I 5090 0 H PRI TRV RPALE
Tab. 2 Temporal features selected from data with different time intervals

RE AR ARARAE BRSNS RES | MEER LRE HEASH ARH

1h 5 6 4 4h 2 6 4
2h 3 6 4 6h 1 6 4
3h 2 6 4 24h 6 0 4
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Fig. 5 Adjacency matrix construction
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Tab. 3 Parameter search range

53 #ERE B4 #ERE
feZw% 0 | 32, 64, 128, 256 | =% | 0.1, 0.01, 0.001, 0.0001
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Tab. 4 Parameter Sizes of Different Models
AT 8] [% | ASTGCN | GraphWaveNet | LSTM (236 5) | XGBoost (#3t5) | MLP (##h &) | THEA

1h 792 236 292 129 199 297 300 000 13 569 22209
24h 791081 291 969 199 297 300 000 13249 20929

R 5 AR IIZRIE (min)
Tab. 5 Training Time of Different Models (minutes)
I (5] f% | ASTGCN | GraphWaveNet | LSTM | XGBoost | MLP | ST-SGAT
1h 399 382 2.6 0.018 45 50.5
24h 7 32 0.14 0.01 0.13 12.14
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Tab. 6 Comparison of RMSE metrics of different models under different time intervals

I RMSE AR A
1h 2h 3h 4h 6h 24h | AvgNRMSE | WSstNRMSE

LSTM 117.64 | 230.88 | 371.82 493.72 716.77 | 211856 1.43 1.50
XGBoost 8509 | 175.75 | 266.57 341.07 507.67 | 1838.89 1.06 1.13
MLP 78.95 | 191.91 | 281.04 369.43 530.90 | 1664.34 1.08 1.15
GAT 111.20 | 270.42 | 37832 540.79 695.05 | 1951.91 1.46 1.64
GCN 246.08 | 472.14 | 691.14 948.78 1386.95 | 4987.12 2.91 3.12
ASTGCN 102.03 | 252.94 | 375.18 463.02 655.70 | 189152 1.37 1.52
GraphWaveNet | 103.24 | 264.10 | 374.13 483.79 626.26 | 1631.93 1.35 1.59
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Fig. 6 Comparison of MAE and R? metrics of different models under different time intervals
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Tab. 7 Comparison of SEMAE metrics of different models in the spatiotemporal dimension with different time intervals

1h 2h 3h 4 h 6h 24h
A 4
T L T L T L T L T L T L

LSTM 081 | 258 | 265 | 473 | 556 | 795 | 7.54 | 11.23 | 1463 | 17.79 | 84.41 | 56.22
XGBoost 052 | 183 | 159 | 393 | 3118 | 6.00 | 440 | 7.82 | 8.67 | 12.00 | 66.72 | 51.26
MLP 056 | 161 | 251 | 3.92 | 477 | 580 | 6.27 | 8.06 | 12.66 | 11.44 | 89.80 | 44.60
GAT 078 | 254 | 332 | 516 | 59 | 7.42 | 852 | 949 | 1405 | 1349 | 80.21 | 51.37
GCN 193 | 6.34 | 5.06 | 1242 | 9.02 | 18.45 | 12.76 | 26.86 | 23.73 | 39.33 | 72.98 | 194.17
ASTGCN 072 | 219 | 332 | 515 | 6.05 | 7.75 | 820 | 9.47 | 16.06 | 14.28 | 98.04 | 52.78
GraphWaveNet | 0.72 | 219 | 3.65 | 513 | 652 | 749 | 9.12 | 9.81 | 1544 | 13.65 | 86.39 | 43.60
ST-SGAT 048 | 172 | 141 | 362 | 3.09 | 571 | 414 | 751 | 8.04 | 1145 | 66.07 | 47.03
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Fig. 7 Comparison of prediction evaluation metrics for different station types
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Fig. 8 Comparison of prediction evaluation metrics for different time categories
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Tab. 8 Evaluation results of ablation experiments

#H 4 RMSE BRI
1h 2h 3h 4 h 6h 24 h AvgNRMSE WstNRMSE
No-MLP 82.17 168.54 256.87 334.66 504.56 1693.15 1.02 1.04
No-XGBoost 80.67 220.47 297.39 412.39 54751 1809.21 1.16 1.33
No-LSTM 79.01 168.29 258.82 330.13 486.39 1665.17 1.00 1.01
No-GAT 83.90 178.64 272.48 347.44 521.03 1856.72 1.07 1.09
ST-SGAT 81.62 166.23 255.94 329.08 485.25 1682.54 1.00 1.03
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Fig. 9 Comparison of RMSE evaluation results for ablation experiments in subdivided scenarios
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Tab. 9 Comparison of robustness metric evaluation results for ablation experiments in subdivided scenarios
AvgNRMSE WSstNRMSE
A Z A :
B A s | ITIEH AR Bk FmFE | TIEH AR
No-MLP 1.02 1.03 1.03 1.02 1.06 1.07 1.04 1.04
No-XGBoost 1.13 1.26 1.19 111 1.29 1.43 1.38 1.20
No-LSTM 1.01 1.01 1.01 1.02 1.02 1.05 1.02 1.04
No-GAT 1.08 1.06 1.07 1.09 1.10 1.08 1.08 1.16
ST-SGAT 1.01 1.01 1.01 1.02 1.05 1.04 1.03 1.05
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Tab. 10 Rainfall classification standard

FexkE () 4 % 2 %
PRCP<0.1 AW E/INH
0.1<PRCP<0.5 T & ALK
0.5<PRCP<1.0 AW
1.0<PRCP EWHAUE | BEEA
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Tab. 11 Model prediction performance under four-level precipitation scenarios

B 4% e 4 21 MAE RMSE i
A T FE A A& T F& A A& 5

ST-SGAT PN 1387.96 | 1473.20 2 386.60 253861 0.99 0.98

ST-SGAT R 1962.93 | 2078.09 3065.72 3320.78 0.97 0.96

ST-SGAT AW 1605.35 | 1689.84 2504.72 2827.49 0.99 0.98

ST-SGAT FEWEU L 379219 | 3786.52 6 879.56 6 865.90 0.85 0.85
GraphWaveNet | T/ 1187.58 | 1286.77 2 160.30 2331.97 0.99 0.99
GraphWaveNet F 1604.82 | 1535.34 2623.82 2553.11 0.98 0.98
GraphWaveNet AT 1006.33 | 1006.26 1693.13 1 693.65 0.99 0.99
GraphWaveNet | #F X M L 3834.49 | 4156.29 7757.46 8 348.53 0.81 0.78
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Tab. 12 Model prediction performance under two-level precipitation scenarios

ERAE | BA%R e RMP® i
- T B &K T F& A &K 70 B
ST-SGAT AL K 1450.94 1538.81 2461.18 | 2633.78 0.98 0.98
ST-SGAT R K 3792.19 3786.52 6879.56 | 6865.90 0.85 0.85
GraphWaveNet L K 1215.12 1293.93 218368 | 232312 0.99 0.99
GraphWaveNet K 3834.49 4 156.29 7757.46 | 834853 0.81 0.78
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