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Abstract

In urban traffic operation and management, swift and accurate traffic flow prediction holds im-
mense importance. Traditional prediction methods often fall short in dealing with the prediction
challenges brought by the high non-linearity and complexity of the traffic flow, especially lacking in
deciphering the dynamic spatial correlations of the traffic flow. Graph convolutional networks are
seen as the key technology to establish spatial-temporal prediction models for traffic flow. However,
in deep traffic flow spatial-temporal prediction models, these models often face issues such as over-
smoothing and gradient vanishing. Therefore, this study proposes a deep graph spatial-temporal
prediction model, focusing on addressing the issue of the depth construction of graph convolutional
networks in traffic flow prediction models. This model consists of a spatial-temporal prediction
model that combines deep graph convolutional networks and temporal convolution. By construct-
ing a differentiable generalized aggregation function and a residual connection strategy, this study
realizes the information integration of multiple layers of the graph convolutional network. Simul-
taneously, by introducing the convolution mechanism, it establishes a temporal convolution mod-
ule capable of capturing time-related characteristics. Through a series of empirical tests on genuine
traffic datasets, this study validates that the model effectiveness exceeds the latest benchmark
methods, and on the whole, the predictive error is reduced within the range of 30.4%.
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Figure 1. Diagram of GSTPM structure
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PREERZIRE GCN WMEZ R R, AR 7% GCN B, sk GCN B g5 ifr 2
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MR T K RGN = i35 B, B Y, e RYMS o SROpRE (7 v T vk A2 S P 700 1) L B A
ORI EL e ASHIF FEIE 347 052 3 I 14 T 170 0 2R ALE SR T R RS 5838 45 B AR o 300 T RESCE RS K
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A AR TN A B HHE AR AGREAE . TEBUR @A BT, AW FUHEAT T AT A AL B, DLORIE O 1 )5
AN PP IR AR B ERR BT, I R R, DA R AT A — A B . R TR R Y
Bl , AW AR VAT IS, X TR, A TS — R A R T IR AL E . [FIRT,
ARSCESS A REAT T I — A, 08NS A @ 2 A U 2 5, AN 15 Ja A 2 e ST R 3 AT 1)
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AHIETEAE FH AR S T 80% A A INZREAS, G 20% M B AT M. I ZRFE AT
AZAEERIRES. G EPFERNSEEENE | PR, RFFFELL S S8 —AwaE, Kik—
RATRIGr A 288 ANFIAIE o LR TN AR AR IS T2 K73 00 3. 6 19, BRFIMIAR K 15 408, 30 Zr4h Al
45 SR A I A

Table 1. Training parameter configuration

= 1LNGSHEE

BE I HfE BE I HfE
R 128 I [ 2 5 34
Wi E 200 itk 2 RMSprop
Sk 0.01 EPNTE Lo

B R 128 I} 6] 25 5 734
BAF TR StepLR [16], KA 5, gamma 7 0.7.

A SEG v T IERAR R GON. & i 2S5 STGCN . FET-VER /11 ASTGCN A1 STAGCN, DL K #%
B HERIAY STCGCN. STIGCN H1 STRGCN ., ixX SEARY (V14 BE VT AL A BT B0 TE AT 78 o £ Hh 1038 5 2%
A I U PR A R 17]
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43.1. EEDH

TR I T ) S B K T DO SR B, BEE O TR (RO 15 0% 30 rBh. 45 438D,
MAE #1 RMSE {E ) & ETHES, Wl 2 MK 3 fros. XRY, FEE N A e, PRz s L b
Frtash, X —I R O KIS @R AT 7 PR ERESE . ARG R T SR EIE S T IX —#ash . fERT
A EAERA T, GCON A8 1 TROIKE % ik, & MAE Al RMSE 57 22 (i #AE 0 5  «

8
6
4
2
0

GCN  STGCN STRGCN STCGCN ASTGCN STJGCN STAGCN GSTPM

13 1339 6.45 5.16 5.59 4.87 5.17 4.58
w6 13.69 7.52 6.76 6.67 6.52 6.9 6.38 5.2
19 1397 8.47 7.62 8.1 7.34 7.98 7.36 5.88

Figure 2. MAE statistical results for all benchmark models

B 2. T EEREM MAE Git45R

25

20

10 {
QU
, | |

GCN STGCN STRGCN STCGCN ASTGCN STJGCN STAGCN GSTPM
13 20.12 11.99 10.87 10.37 10.29 9.46 10.1 9.11
w6 20.85 13.49 12.22 11.42 11.56 12.11 11.81 9.75
19 2177 14.84 13.44 13.18 12.72 13.09 13.29 10.32

Figure 3. RMSE statistical results for all benchmark models
3. T LLEER A RMSE SIHER

TX 2 B ABE B LE O A Sk 2 388 3t 500 ) o M A AR PR ZE « BRAR STGCN A STRGCN 2 (14 Fi i
SR, AH TR TR ZTATEAR WG K. STGCN #2Y[1] MAE M 6.45 3813 8.47, RMSE M
11.99 14 /n%) 14.84. STRGCN # % ({] MAE M 5.8 #in%] 7.62, RMSE M 10.87 3 n%E| 13.44, iXebsk
KW, B OIS (B PR 3G, AL P FIUINRS B2 A AR E VeSS B T B %A . 7E STCGCN. ASTGCN. STIGCN
I STAGCN #HIH, K MAE 1 RMSE 3% B TR 52 F0 e e A e, 4 AR E BN AR 15 4
B A BET, STIGCN R 7 (R R DAl F A (K T A B HEA 7Y . GSTPM B (100 )= GCN IS &
A MAE 1 RMSE PERETFAGHRFR IR/, IFRR /MR ZE B I % . 85 LA SCBOR A i A7
o PSR f 3 — 5%k LU R ZE 4 4 = P 304k, AR SORE R B BE AR TR % 22 T % T 30.4%. GSTPM #:ALf] MAE
M 4.58 #8115 5.88, 1 RMSE M 9.11 #hn%] 10.32, X W] GSTPM 5L 7F 4 55 15 kS 15 A1 A g v 5 1
RIH T RAFHIES 77
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Figure 4. Comparison between the true values and predicted values of models
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4.3.3. jHEASCLS

7E GSTPM #iAIHh, GCN. R4 KL IR 7L R T GSTPM HZS (G AU, A
FEIEIT A% GCN 2%, BI7E 2 [ B BB H i s ) ik 22 JE B B0, RaAT I b sz as, I LA SRR
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Table 2. The impact of the number of GCN layers on model prediction results
2 2. GON BHORBL TN 25 R e 7200

R =8 MAE RMSE X =34 MAE RMSE
1 13.97 20.77 1 8.47 14.84
5 14.91 22.18 5 9.03 15.55
10 15.84 23.6 10 9.46 15.86
GCN STGCN
20 17.71 26.43 20 10.68 17.08
50 null null 50 null null
100 null null 100 null null
1 7.62 13.44 1 8.1 13.18
5 8.16 14.36 5 8.62 14.07
10 8.71 15.28 10 9.15 14.95
STRGCN STCGCN
20 9.8 16.99 20 10.2 16.73
50 null null 50 19.4 30.21
100 null null 100 null null
1 7.34 12.72 1 7.98 13.09
5 7.84 13.59 5 8.52 13.98
10 8.34 14.47 10 9.07 14.86
ASTGCN STIGCN
20 9.35 16.21 20 10.15 16.64
50 18.63 32.01 50 26.42 32.36
100 null null 100 null null
1 7.36 13.29 1 6.86 12.80
5 7.87 14.18 5 6.82 12.72
10 8.39 15.06 10 6.76 12.61
STAGCN GSTPM
20 9.42 16.83 20 6.66 12.51
50 18.56 15.96 50 6.29 11.53
100 null null 100 5.88 10.32
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Figure 5. Ablation study results for the modules in GSTPM
[ 5. GSTPM h & 1EERANIHRRSEIR 45 R

S-1 A1 S-100 AL 53 5l 35 A [F] /2 0 GON SR g = (Al AU, Forr S-1 AL il N T L 2 GCN,
S-100 BRI T 100 2 GCN. £ )2 GCN HERGERE X} 2 2 RRHIES B T4 i MEgh. 5 T
AL, SRAH)Z GON [ S-1 BRI AT B0 X B0 23 ({5 B 5] N85 7R TN GE /7, MTER] 1
K GCN Kb 3 [ S5 b Edl H i 4R 23 [ AR AEAS S RE 88 A R TS B T i ki e . 5 S-1 BEERAHLE, %
GCN ZHuhn®) 100 JZnl KigE R Es A v ae . I S mTA1, RE GON REfE A RO A M 45 4
TEAE R B T iE Rl SIS T GSTPM A58 5 A 4 bR 7Y fry S & SR mT e, S B T B R 2 [R5 Sk
ITRHIE G B A AR SR L (R TIORE 52, SRAS AR (0 TR 5 51 o ARHIF 5 (1 SR B 25 FAIE B T IR GCN
IR G SRS B RO E AL B, DL J. GSTPM HIARERPE . FEABEZRY g NN ] 5 RS ORI IR B 25 B] 5 A
B G, AR AZ I O A TP 1S 21 T RE R T, TR R 22 K0 B ek o

5. &t

GCN 1R FE A0 Y s 22 (AR SC R (K B 259, ARSI s e )2 (6 . B4R GCN fEAf
BRI WA 4 23 (R R AR T T s 1 AR, (H2 BB GON JZ BN, TR GON 2 H it 213 A
JEH R PRI, ARBFFCIRH T — iR T UREE GON {5 B Rl& 1R L I S TSRy . BEXHAREE GCN
FERGETI YN Zia R v (B 2o B2 P R PV R 1) . AR ASHIE ST C 2 BRI e IR TIRTE GCN IR fid
FEV I ANBR LT 2R 8, JF B350 7 GSTPM HITIINR %, (HIR I GON B 24 i,  HollZkmt
A - T 5, 2 TR GON M AR LK A0 & KB AR A S 4, IO In 1 B R ) A7 A Ao SR
o FESE AN SR R v DU PO E i, AT B AR i PR AN e . IR, 2R TIRE GCN

DOI: 10.12677/csa.2026.168261 58 TFEARY 5N H


https://doi.org/10.12677/csa.2026.168261

Ty 5

R B A PN RSB A SRR T RIS, DL, UL IR, I
T BT (SR RUE (80K, R, 00T T BORE AR S Z ISCBUP 40, 0324
eSS

&5k

(1]

[10]

(1]

[12]

[13]
[14]

[15]

[16]

MR, ARG, ke, 2 3T RSB RERASB RN kiR [T, RS R TR K2R, 2024, 16(3):
291-310.
XOEE, MRIE, VERST, 25 3T By 0L 0 e Hb B2 s 0B B0 77 iR 0], THENLTRE, 2024, 50(7): 144-153.

ud din, A.M. and Qureshi, S. (2024) Limits of Depth: Over-Smoothing and Over-Squashing in GNNSs. Big Data Mining
and Analytics, 7, 205-216. https://doi.org/10.26599/bdma.2023.9020019

Erk, K5, AR, 2 FETEERMNEFISETNSEHR[T]. Jbat Tk K Z2E3R, 2021, 47(8): 954-970.

Li, J., Zhang, Q.R., Liu, W.X., Chan, A.B. and Fu, Y.G. (2024) Another Perspective of Over-Smoothing: Alleviating
Semantic Over-Smoothing in Deep GNNs. /EEE Transactions on Neural Networks and Learning Systems, 36, 6897-
6910.

BRI, EEH, B, HE TR )RR SCE IR BN TR SRR ()], ACE s TR AR, 2024, 24(2): 50-64.

Gasteiger, J., Bojchevski, A. and Gunnemann, S. (2018) Predict Then Propagate: Graph Neural Networks Meet Person-
alized PageRank. arXiv: 1810.05997.

Bojchevski, A., Klicpera, J., Perozzi, B., et al. (2019) Is PageRank All You Need for Scalable Graph Neural Networks.
ACM KDD, MLG Workshop, Anchorage, 5 August 2019, 1-7.

Cai, K.Q., Li, Y., Zhu, Y.W., Fang, Q., Yang, Y. and Du, W. (2023) A Geographical and Operational Deep Graph
Convolutional Approach for Flight Delay Prediction. Chinese Journal of Aeronautics, 36, 357-367.
https://doi.org/10.1016/j.cja.2022.10.004

Giraldo, M., Restrepo, J.C., Huertas, J., Agudelo, J.R. and Agudelo, A.F. (2024) Signal Synchronization Methods When
Measuring Tailpipe Emissions with PEMs. Transportation Research Part D: Transport and Environment, 129, Article
ID: 104154. https://doi.org/10.1016/j.trd.2024.104154

Chen, J., Shi, J. and Xu, R. (2024) Dual Subspace Manifold Learning Based on GCN for Intensity-Invariant Facial
Expression Recognition. Pattern Recognition, 148, Article ID: 110157. https://doi.org/10.1016/j.patcog.2023.110157

Chen, K., Liu, S., Zhu, T., Qiao, J., Su, Y., Tian, Y., et al. (2023) Improving Expressivity of GNNs with Subgraph-
Specific Factor Embedded Normalization. Proceedings of the 29th ACM SIGKDD Conference on Knowledge Discovery
and Data Mining, Long Beach, 6-10 August 2023, 237-249. https://doi.org/10.1145/3580305.3599388

XA, APy, DR, . RES IR — b A A CEIET R R D], BB EEH, 2020, 46(6): 1090-1120.

Li, G., Muller, M., Thabet, A. and Ghanem, B. (2019) DeepGCNs: Can GCNs Go as Deep as CNNs? 2019 [EEE/CVF
International Conference on Computer Vision (ICCV), Seoul, 27 October-2 November 2019, 9266-9275.
https://doi.org/10.1109/iccv.2019.00936

He, K., Zhang, X., Ren, S. and Sun, J. (2016) Identity Mappings in Deep Residual Networks. In: Leibe, B., Matas, J.,
Sebe, N. and Welling, M., Eds., Computer Vision—ECCV 2016, Springer, 630-645.
https://doi.org/10.1007/978-3-319-46493-0_38

Wen, X., Zeng, M., Chen, J., Maimaiti, M. and Liu, Q. (2023) Recognition of Wheat Leaf Diseases Using Lightweight
Convolutional Neural Networks against Complex Backgrounds. Life, 13, Article 2125.
https://doi.org/10.3390/1ife13112125

e, K, . BT 2S00 B O B R0 2 P 2 1 A2 B IR TN 7 vA ). THEALR F AT 9T, 2024, 41(10):
2932-2938.
Edlinger, A., Garland, G., Banerjee, S., Degrune, F., Garcia-Palacios, P., Herzog, C., ef al. (2023) The Impact of Agri-

cultural Management on Soil Aggregation and Carbon Storage Is Regulated by Climatic Thresholds across a 3000 km
European Gradient. Global Change Biology, 29, 3177-3192. https://doi.org/10.1111/gcb.16677

Stiles, J., Kar, A., Lee, J. and Miller, H.J. (2023) Lower Volumes, Higher Speeds: Changes to Crash Type, Timing, and
Severity on Urban Roads from COVID-19 Stay-at-Home Policies. Transportation Research Record: Journal of the
Transportation Research Board, 2677, 15-27. https://doi.org/10.1177/03611981211044454

e, WRNE, L2, 55 BT RN A RHEAHGE B P SSE T B A[]. AL TAR, 2024, 50(12):
346-357.

DOI: 10.12677/csa.2026.168261 59 TFEARY 5N H


https://doi.org/10.12677/csa.2026.168261
https://doi.org/10.26599/bdma.2023.9020019
https://doi.org/10.1016/j.cja.2022.10.004
https://doi.org/10.1016/j.trd.2024.104154
https://doi.org/10.1016/j.patcog.2023.110157
https://doi.org/10.1145/3580305.3599388
https://doi.org/10.1109/iccv.2019.00936
https://doi.org/10.1007/978-3-319-46493-0_38
https://doi.org/10.3390/life13112125
https://doi.org/10.1111/gcb.16677
https://doi.org/10.1177/03611981211044454

	基于非线性交通流的深度时空图预测模型研究
	摘  要
	关键词
	Research on Deep Spatial-Temporal Graph Prediction Model Based on Non-Linear Traffic Flow
	Abstract
	Keywords
	1. 概述
	2. 模型准备工作
	2.1. 交通图定义
	2.2. 时序交通流预测的定义
	2.3. 不同层GCN信息传递定义

	3. 模型设计
	3.1. 空间卷积模块
	3.2. 时间卷积模块

	4. 实验
	4.1. 数据集介绍
	4.2. 实验设置
	4.3. 实验对比与分析
	4.3.1. 定量分析
	4.3.2. 定性分析
	4.3.3. 消融实验


	5. 结论
	参考文献

