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Abstract: This paper proposeg, a model based on attention mechanism to address the accuracy issues of existing

traffic flow prediction models. e multi-head attention mechanism is used to encode high-order neighborhood
high-order spatial features in the traffic network. Then, a long-distance time structure
attention mechanism is to extract long-term historical cycle information. The model uses attention mechanism to
replace traditional local colwolutional kernel structure, which can effectively extract long-distance spatio-temporal
dependencies. Experiments are carried out on three real traffic data sets, METR-LA (Road Network of Los Angeles), PeMS-
BAY (Bay Area Road Network of California), and PeMS-S (Small Road Network of California). Experimental results show that
the RMSE (Root Mean Square Error) of the traffic flow prediction accuracy of the proposed model in the next 60 minutes is
3.1%, 3.9%, and 1.8% lower on average than that of traditional deep learning method, which indicates that the proposed
model has obvious advantages in long-term prediction ability.
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Fig. 1 The overall architecture of the SGAN model
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different time steps
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Tab.1 Performance comparison of SGAN and benchmark

models on METR-LA

METR-LA(15 min/30 min/60 min)

2! <
MAE RMSE MAPE/%
ARIMA 3.99/5.15/6.90 8.21/10.45/13.23 9. 60/124%0/ 1, 40
FGLSTM 3.44/3.77/4.37 6.30/7.23/8.69 9. 60/10990
DCRNN 2.77/3.15/3.60 5. 38/6.45/7.60 7. 80/10.5
STGCN 2.88/3.47/4.59 5. 74/7.24/9.40 7.63/NGM412. 70
Graph WaveNet 2.69/3.07/3.53 5.15/6.26/7.37 6.90/8. 37/10. 01
SLCNN 2.53/2.88/3.30 5.18/6.15/7, 6.70/8.00/9. 70
NS-SGAN 2.77/3.16/3.58 5.10/5.85 6. 84/8. 38/10. 03
SGAN 2.73/3.11/3.51 4 9N 6.73/8.31/9.95
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Tab.2 Performance compariso SGAN and benchmark

models on PeMS-BAY

PeMS-BAY (15 min/30 min/60 min)

sl
MAE RMSE MAPE/%

ARIMA 1.62/2.33/3.38 3.30/4.76/6.50 3,50/5.40/8. 30
FC-LSTM 2.05/2.20/2.37 4,19/4.55/4. 96 4,80/5.20/5.70
DCRNN 1.38/1.74/2.07 2.95/3.97/4. T4 2.90/3.90/4. 90
STGCN 1.36/1.81/2. 49 2.96/4.27/5.69 2.90/4.17/5.79
Graph WaveNet 1.30/1.63/1.95 2.74/3.70/4.52 2.73/3.67/4.63
SLCNN 1.44/1,72/2.03 2.90/3.81/4.53 3.00/3.90/4. 80
NS-SGAN 1.57/1.83/2.11 2.99/3.80/4. 69 3.07/3.83/4.76
SGAN 1.48/1.71/1.93 2.81/3.65/4.35 2.92/3.61/4. 36
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I T BRI R A RERE
®3 7 PeMS-S HIEE LSRRI
Tab.3 Comparison of experimental results on the PeMS-S dataset

PeMS-S(15 min/30 min/45 min/60 min)

!
MAE RMSE MAPE /%

ARIMA 5.61/5.89/6.40/7. 04 9/9.15/9.45/9.89 12.89/13.91/15. 33/18.15

FGLSTM  3.55/3.97/4.15/4.5 5/M92/7.57/8.15  8.62/9.47/10.29/10. 83

ASTGCN  2.73/3.40/3. 82448 5M.21/6.95/7.41 7.29/8.98/10.04/10. 74

DCRNN . 27/3. . 27/5.95/7.15/8.33  5.26/7.68/9.01/10. 83

STGCN 3.56/@ 00 4.05/5.70/6.77/7.68 5.22/7.33/8.77/10.03
Graph WaveNet 4,10/5.45/6.21/6.60  4.96/6.97/8.10/8. 69

NS-SGAN 4.17/5.41/6.12/6.55  5.38/7.22/8.11/8.69
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Fig. 6 MAE results of different values of £ on PeMS-BAY
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Fig. 7 Structure diagram formed by randomly selecting nodes
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Fig. 8 Heat map of attention coefficient when £ is 1

0 2 4 6 8 10 12 14
LA R

B9 kALHEZTHAEAIA

0 2 4 6 8 10 12 14
LR

10 kA3HEESRABANA

Fig. 10 Heat map of attention coefficient when % is 3

4 #5i2(Conclusion)
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