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Fig. 1 Map of Beijing’s topography and its air quality monitoring stations ( green dots)
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Fig.2 Diurnal (a) and weekly (b) variation of PM, 5 concentration averaged by 35 air quality monitoring

stations in Beijing from February to March 2021
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Table 2 Summary of and correlation coefficients between daily

PM, 5 concentrations and meteorological variables

A g W f/ME FROR(E Spearman AHIGC R K
p(PM, s)/(pg/m®) 74.20 3.25 296.42
WS/ (m/s) 1.85  0.40  4.80 -0.44%%"
RH/% 50.69 15.30  91.00 0.68"**
MT/°C 1205 -0.20 25.60 0.26"""

VEow % &R p<0. 001,
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Fig. 3 Distribution of average PM, 5 concentration in Beijing from February to March 2021
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Table 3 MCMC parameter estimation of BHAR model

28 HE PO AR 95% .17 X [i]
Bo 3.557 1 3.546 8 0.679 0 [2.2342,4.900 9]
B 0.1084 0.1089 0.0759 [-0.0399,0.254 2]
B 0.0174 0.0174  0.007 8 [0.001 6,0.0329]
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P 0.4144 0.4146 0.0234 [0.367 8,0.459 6]
ol 0. 006 3 0. 006 3 0.000 3 [0.005 8,0.006 9]
0'37 5.9494  5.8522 0.8581 [4.5854,7.754 7]
) 0.0020 0.0020  0.000 3 [0.001 5,0.002 6]
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Table 4 Comparison of spatial interpolation performance
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BHAR 12.45 8.16
GAM 34. 80 24.97
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Table 5 Comparison of prediction performance in time dimension
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Abstract Here,a hierarchical autoregressive spatio-temporal model under the Bayesian framework is proposed to
address the simultaneous multi-site PM, ; prediction.The true daily average concentration of PM, s is regarded as a
potential spatio-temporal process,then the temporal correlation is described by the first-order autoregressive process
and the spatial correlation is captured based on the Matérn process,which greatly improves the efficiency in dimen-
sion reduction and synchronous prediction.In addition, meteorological factors such as daily maximum temperature,
relative humidity and wind speed are used as explanatory variables to improve the prediction accuracy.The combina-
tion of Bayesian method and MCMC can realize parameter estimation and prediction process due to the model’s hier-
archical structure.The empirical analysis of daily PM, ¢ concentration in Beijing shows that the proposed model has
good interpolation or prediction performance in both spatial and temporal dimensions.

Key words Bayesian method ; hierarchical model; autoregressive ; spatio-temporal model; PM, ; prediction ; Markov

Chain Monte Carlo (MCMC)



