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Spatio-Temporal Generative Adversarial Clustered Graph Convolutional Network
for Anomalous Traffic Flow Prediction

ZHANG Hong, YANG Junyi

(School of Computer and Communication, Lanzhou University of Technology, Lanzhou 730050, Gansu, China)

[ Abstract] Accurate traffic flow prediction is critical for urban transportation; however, abnormal events in traffic
flow, such as severe weather or emergency road conditions, present significant challenges in maintaining the
accuracy of current traffic flow prediction models. Most existing models fail to accurately capture complex dynamic
patterns of traffic data and often require substantial .computational resources. To address these issues, this paper
proposes a Spatio-Temporal Generative Adversarial Clustering Graph Convolutional Network (CG-STGAN) for
abnormal traffic flow prediction. The model uses a generator to capture and simulate normal traffic flow data,
while a discriminator compares the generated data with the original data to detect abnormalities. Adversarial
training helps improve the ability of the model to identify abnormal traffic flows. In addition, a Cluster Graph
Convolutional Network (Cluster-GCN)is introduced to divide the traffic graph into multiple subgraphs, thereby
limiting graph convolution neighborhood expansion, reducing memory usage, and improving prediction accuracy. A
graph convolutional gated recurrent unit is employed to extract short-term spatiotemporal features, while a Long
Short-Term Memory (LLSTM) module learns long-term dependencies. The results of experiments demonstrate that
CG-STGAN outperforms baseline models in abnormal traffic flow prediction.

[Key words]) traffic flow prediction; abnormal traffic flow; spatio-temporal dynamic features; Generative
Adversarial Network (GAN); Cluster Graph Convolutional Network (Cluster-GCN)
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Table 2 Recall comparison of different models on PeMS dataset
pIEIIE S A 1% S HAF L 20 S H G DL 3005 DL 40 S g Bl 10 %0 5 1 1L
ASTGCN 0. 16 0.23 0. 29 0.40 0. 55
ST-Decompn 0. 20 0. 34 0.43 0.52 0.75
PeMS STGAN 0.22 0. 40 0.52 0. 56 0.83
MTGAE 0. 24 0. 43 0. 55 0. 60 0. 85
CG-STGAN 0.27 0.48 0.61 0.71 0.88
F3 NYCHIEE FAREREK B BRI
Table 3 Recall comparison of different models on NYC dataset
AR A 0. 2% FHAKH. 0 AV RERW 0. 6N FHEH 0. 8% FHE LRI
ASTGCN 9 13 14 14 16
ST-Decompn 2 7 16 17 17
NYC(Hit Events) STGAN 9 15 17 18 19
MTGAE 9 14 16 18 18
CG-STGAN 10 15 18 19 19

X T PeMS B 4L , o 1 S84 1l ] W7 A5 R0 ) S5
WA AE 7 A SCHUT 1. 5 %0 B S 3 A5 A A6
HRE T 107008 =R, 3R 2 2R R AL A bl 5
EARRE O, X T NYC S 96 45, A 3k 28 #5 Y
ASTGCN AR, iy 2 3 FLLAE L 78 101 5+
HAFOL T s ASTGCN figHh T 16 Y8 F 44 1 CG
STGAN figh T 19 W58 S F. 7] WLAE R FE i %%
PR FIAH R S 90 S 80T 76 ) A ARG A
Cluster-GCN J5 ) £ 1 78 43 [n] R )7 101 A B &8 14k
FhWREEZN 6%, RS, A NYC BT Bt
WM HER R —E 4T LR AR SCRE

()7 VAN TR P 150 T Y IS T A i i MEfE

SR G Rk AU TR AITE R e R S
B A S FUR G 7 e n SE PR . Rl b, 45
R Cluster-GCN X} T #2 /51 5 7 3¢ 38 It 71 I Ak
T AEN. AT RFE 1 CG-STGAN £
REAS A 250 At e A5 AL 174 S i G 4% L R W LR %
PRAE R A S T A DU RE
2. 4.2 AP I LK53 4T

W 4 i, CG-STGAN 7£ PeMS i1 NYC %k
o A L A8 SR04 R 2R B €L X R A ) st i)
FBl 4, CG-STGAN #REUS TR B 4558 .

% 4. CG-STGAN 5 E 2= 8 75 A [F] F il & (horizons) BT BE EL 45

Table 4 Performance comparison between CG-STGAN and baseline models in different prediction horizons

B PeMS NYC
BT et
15 min 30 min 45 min 60 min 30 min 60 min 90 min 120 min
RMSE 25.02 25.07 25. 11 25. 14 14. 65 14. 84 14.92 14. 97
ST_decompn
MAE 12. 38 12. 41 12. 45 12. 48 3.55 3.63 3. 66 3.68
RMSE 7.35 7.37 7.44 7.48 6. 40 6.61 6. 65 6. 68
ASTGCN
MAE 3.52 3.54 3. 55 3.57 1.95 2.04 2.10 2.14
RMSE 5.01 5.03 5. 11 5.16 5.12 5.25 5.31 5.38
STGAN
MAE 2.09 2.11 2.13 2.14 1.18 1. 26 1. 29 1. 32
RMSE 4.97 4. 99 5.07 5.13 4, 85 5. 10 5.19 5.24
MTGAE
MAE 2.02 2. 04 2.08 2.11 1. 18 1.23 1. 26 1. 28
RMSE 4,83 4. 88 4. 97 5.03 4. 65 4. 82 4. 95 5.12
CG-STGAN
MAE 1.95 2.01 2. 04 2.06 1.07 1.15 1.19 1.21

16 PeMS Bdi g, 78 60 min KR, ME T
G RN MTGAE, CG-STGAN # %1 ff§ RMSE
1 MAE 235 729 1. 9% H1 2. 4%, #F NYC %
PaEE L 7E 120 min BJHE T, CG-STGAN #& 7Y 5 H

AL 2% 2% 3 B2 & 4 ST-Decompn, ASTGCN Hl
STGAN,RMSE T[T %) 2. 3%, MAE T[T 2
5.5, X3 4 WA Hr &M, CG-STGAN £ #Y
TEMERE L B TR HCEL A, XA T
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Table 5 Comparison of the memory usage

on different datasets

Bt )28 STGAN/MB  MTGAE/MB  CG-STGAN/MB

2 5982 3735 2 503
PeMS 3 6138 4021 2 945
4 6 221 4 348 3 305
2 5 406 3 560 2 428
NYC 3 5575 3775 2534
4 5630 3 991 2 668

2% F TR, Cluster-GCN B 61 2 404 T H A
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Fig.7 Model memory usage comparison

2.5 HREAXW

i AL 3 AN SE IR A3 2 AR SCHE PeMS
ANYC Bdls 8 B FEAT 7 IH AL LS, DU IR A [A) 24
B NP REAY YA o5 TR A 38 I 50 B s e . A 224
Az LA AT A B A T, 3R 6 R TR AL AR
PRA TN R 2 , Horr, No-Recent 7R A 7 & I (]
FASEMEAR B A B IR s No-Trend /R A& K Wt
[ OGP A5 e A o #4503 s No-External 7R A%
ANERAH AR He A B AR IR s No-Cluster-GCN IR
A& R BT

i I T S G RE S WLEE F] , CG-STGAN RES
B AT P 3 2 A5 A AR Y AR Al . e, >
M2 SR ST T A DG PR B R i o A8 AR TE vk AR e T
AR I 25 AL, SO A AL FH0M0ORG B2 R B . A D
e YE B R B AETERT, CG-STGANYS T

®6 RAFHRETHRA

Table 6 Performance of the models in the dataset

Bomde iR RMSE MAE
No-Recent 16. 78 9.57

No-Trend 5. 11 2.15

PeMS No-External 5.06 2.09
No-Cluster-GCN 5.16 2.24

Proposed Model 5.03 2.06

No-Recent 19. 10 4.01

No-Trend 5.39 1. 35

NYC No-External 5.33 1. 30

No-Cluster-GCN 5. 46 1.48

Proposed Model 5.12 1.21
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