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Multi-Scale Spatial-Temporal Optimization Method for
Air Quality Prediction
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(College of Atrtificial Intelligence, Tianjin University of Science & Technology , Tianjin 300457, China)

Abstract: In this article we propose an air quality prediction method based on Multi-Scale Spatial-Temporal Network for air
quality prediction (MSSTN-AQP) to improve the accuracy of long-term air quality prediction by combining the long- and
short-term time dependence and dynamic spatial dependence in the air quality system. First, the spatial-temporal features are
extracted from multi-source heterogeneous data by constructing a multi-scale spatial-temporal feature extraction module.
Second, the dynamic spatial feature extraction module is constructed. With an effective combination of the graph convolu-
tional network with the attention mechanism, the global spatial features in the air quality network are captured and used for
the joint modeling of multiple spatial dependencies. Finally, the temporal feature extraction module is constructed, which is
to improve and optimize the Transformer model. The adaptive time Transformer module is mainly used to simulate bidirec-
tional time dependencies across multiple time steps. Moreover, the above temporal feature extraction module is effectively
integrated to construct an end-to-end air quality prediction model. To verify the effectiveness of MSSTN-AQP, extensive
experiments were conducted on two real data sets. The experimental results showed that MSSTN-AQP was more advanta-
geous in prediction accuracy, especially in long-term air quality prediction tasks.
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Tab.2 Comparison of overall performance of different models

. " 1h 6h 12h 24 h
Hillate o
RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE MAE
HA 75.87  211.59 5532 7587  211.59 5532 75.87  211.59 5532 75.87  211.59 55.32
ARMA 24.90 23.04 11.12 36.62 37.06 17.84  44.42 50.01 23.09 50.28 62.59 27.39
SVR 2431 26.53 11.77  34.90 41.89 18.39 4235 56.55 23.69 48.14 70.80 28.21
DCRNN 26.83 30.39 1449  33.05 37.77 18.10  38.11 44.98 21.18 4237 52.18 23.87
e GC-LSTM 25.67 31.30 13.81 32.34 39.28 17.53  38.04 47.86 20.85 4295 56.62 23.87
GCRNN 25.56 27.45 13.60  31.95 34.09 17.13  37.87 40.62 20.19  41.32 47.02 22.89
PM, s-GNN 26.26 27.37 16.04  34.11 33.37 21.23  37.06 40.42 22.02  41.28 47.67 22.63
HighAir 25.74 25.83 1338 32.11 33.13 16.97  37.50 40.60 20.18  41.95 47.90 23.05
MSSTN-AQP  24.37 21.60 11.37  29.23 25.72 13.19  33.50 35.79 1645  39.67 34.61 19.83
HA 5423  154.00 3840 5423  154.00 3840 5423 154.00 3840 5423 154.00 38.40
ARMA 25.27 38.40 1442 34.58 60.21 20.75  39.58 73.66 2450  42.80 82.65 26.90
SVR 22.84 43.11 14.17  29.84 64.01 19.34  33.52 7591 22.06  35.83 83.97 23.78
DCRNN 16.21 39.16 12.93 18.98 46.22 14.75  20.12 53.66 16.50  24.13 54.32 19.43
UL GC-LSTM 16.88 40.20 1429  18.18 48.72 16.12  20.33 55.40 18.24  22.56 60.95 23.86
GCRNN 15.86 36.05 1232 17.92 50.42 19.95 2476 56.57 21.93  26.89 61.29 23.42
PM,s-GNN 15.33 36.22 10.77  17.48 43.32 12.76 ~ 20.38 5491 14.55 2223 60.21 16.99
HighAir 15.14 36.43 1045  17.26 41.51 12.84  18.63 45.66 1479  21.47 58.86 16.44
MSSTN-AQP  14.89 34.21 843 16.51 39.79 952 1758 42.57 10.53  18.72 44.93 12.36
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Fig.3 Comparison of ablation experiment results
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