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Research and practice of deep learning model for air quality prediction
LI Jiaming

( Guangdong Province Encological Environment Monitoring Center, Guangzhou 510000, China)

Abstract: Timely and accurate air quality prediction data is very important for environmental management, especially, during the
period of heavy air pollution. The prediction data can provide data support for the decision—making of the government’s ecological
environment management departments to cope with the pollution situation and accurately allocate social resources. The artificial
intelligence based deep learning model AirNet6 proposed in this article can give consideration to both accuracy and real —time
performance to achieve 7—day or longer air quality prediction for ozone, sulfur dioxide, carbon monoxide and other factors. Unlike
traditional chemical model calculations, this model base on Spatio—Temporal Graph Convolutional Networks ( STGCN ), which
captures the laws of historical monitoring data, weather prediction data, social activities and other data, and completes the prediction
of more than one hundred points for the next 168 hours in two minutes. Experiments show that the AirNet6 model has made
significant progress in speed, energy efficiency, and accuracy compared to traditional chemical models and time series Al models.
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Fig. 1 Model data flow diagram
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Fig. 2 Mean monitoring data under 8 kinds of working day
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Fig. 3 Network structure diagram of the model
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Table 2 Comparison of standardized mean deviation results %
(SSE s Dayl Day2  Day3  Day4  DayS  Day6  Day7 V3
0, AirNet6 -6 -11 -9 -13 -13 -13 -13 -11
Prophet -18 -18  -17 -17 -18 -18 -19 -18
LSTM -22 -24  -23 -23 -23 -23 -24 -23
=z xii 50 57 65 71 74 73 66 65
A2 AR (& ) -9 -5 0 4 5 5 1 0
NO, AirNet6 0 1 3 0 -1 2 2 1
Prophet -14 -14  -15 -15 -16 -16 -16 -15
LSTM 22 21 21 21 20 20 20 21
A2 AR 49 55 55 53 55 50 48 52
P A (A ) -2 2 2 1 2 -1 -3 0
co AirNel6 -6 -8 -6 -4 -4 -2 -2 -4
Prophet -8 -8 -8 -8 -8 -8 -8 -8
LSTM 35 37 36 36 36 35 35 36
A2 AR -47 -47 -47 -46 -45 -45 -47 -46
A2 AR (& ) -1 -2 -1 1 3 1 -1 0
S0, AirNet6 -9 13 -12 -13 -13 -12 -13 -12
Prophet -9 -10  -10 -10 -10 -10 -10 -10
LSTM 9 10 9 9 9 9 9 9
A2 AR 7 10 14 17 18 13 9 13
fH2ERR (15 1) -5 -2 2 4 5 0 -2 0
PM10 AirNet6 -4 -5 -8 -7 -7 -9 -9 -7
Prophet -23 23 -23 -23 -24 -24 -24 -23
LSTM -13 -13 -13 -13 -13 -12 -13 -13
A2 AR -43 -43 -42 -40 -41 -42 -46 -42
AL 2EAE T (&) -2 -1 -1 4 2 -1 -7 -1
PM2.5  AirNet6 -10 -23  -13 -18 -17 -17 -17 -16
Prophet -29 -29  -29 -29 -30 -30 -30 -30
LSTM -13 -13  -13 -13 -14 -15 -16 -14
A Al -29 -29  -29 -24 -25 -27 -33 -28
b2 B (&) -1 -2 -1 6 3 1 -7 0
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Table 3 Comparison of root mean square error results

SSR s Day]l Day2  Day3  Day4  DayS  Day6  Day7 Vi
0, AirNet6 33.55 3637  35.32  38.65 3878 3896 39.01 37.23
Prophet 42.80 4457 4559  46.50  47.22  47.74  48.19  46.09
LSTM 5179 53.06 52,97 5271 5291 5297  53.04 5278
ARy 55.19  56.14  60.57 63.84 65.01 6436 63.73  61.26
SEREI (&) 4378 42,79  43.63  43.91 4335 4345 4531 4375
NO, AirNet6 9.45 9.76  10.02 9.94 995 1022 10.21 9.94
Prophet 10.66  10.79  10.86  10.92 10.98 11.06 11.13  10.91
LSTM 18.90 1493  14.94 1492 1491 1491 1493  15.49
A2 AR 2448 2510 2580 2544 25.64 24.62 2479 2514
AR (1B ) 16.44 1673 17.28  17.05 17.09  16.55 1679  16.85
co AirNet6 0.37 0.40  0.40 0.38 0.37 0.37 0.37 0.38
Prophet 0.37 0.37 0.37 0.37 0.37 0.37 0.37 0.37
LSTM 0.49 0.50  0.49 0.49 0.49 0.49 0.49 0.49
A2 AR 0.47 0.48 0.48 0.48 0.47 0.45 0.47 0.47
Al 2E AR (& ) 0.50 0.50 0.51 0.51 0.51 0.48 0.49 0.50
S0, AirNet6 14.71 1498 1492 1499 1490 1471 1469 14.84
Prophet 1471 1495 1491 1491 1482 1471 1470 14.82
LSTM 1537 1531 1526 1525 1515 15.03 15.00  15.20
A2 AR 16.18  16.00 16.11  16.41 16.19 1592 1584  16.09
PH2ERR (154 15.80 1560 15.68 1597 1573 1549 1543  15.67
PM10 AirNet6 1532 1672 1670  18.38  18.43  17.58 17.60  17.25
Prophet 19.87 2070  21.17  21.58 21.88 22.15 2246  21.40
LSTM 21.96 2226 2241 2244 22,60 22773 2275 2245
A2 AR 22.87 22.80 2372 23.60 23.06 2339 2432 2339
A2 AR (&) 25.85 2570 27.15 27.80 26.54 2652 2617  26.53
PM2.5  AirNet6 10.07 1141 1031 12.00 12.04 11.66 11.66  11.31
Prophet 12.82  13.48 13.80 14.09 1431 1451 1475  13.97
LSTM 1423 1432 1430 1439  14.43 1440 1432 14.34
A Al 1401 1399 1486 1500 1429 1447 1459  14.46
Fh 2B (&) 16.44 1631 17.32 18.01 16.87 17.00 16.43 1691
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Table 4 Correlation coefficient results of 1 to 7 days prediction with different models

¥ i Dayl ~ Day2  Day3  Day4  Day5 Day6  Day?7  Fij
0, AirNet6 079 076 077 073 0.73 072 072 074
Prophet 0.66  0.61 059 057 055 0.54  0.53 0.58

LSTM 0.42 040 040 041 0.41 0.41 0.41 0.41

A2 AR A 0.44 0.45 0.43 0.42 0.45 0.48 0.45 0.45

AR (B ) 0.44  0.45 0.43 0.42 0.45 0.48 0.45 0.45

NO, AirNet6 0.70  0.67 0.67 067  0.67 0.65 0.65 0.67
Prophet 0.61 060 059 059 059 058 057 059

LSTM 0.21 0.28 027 027 027 027 027 026

A2 A 0.34 0.32 0.30 0.30 0.30 0.32 0.32 0.32
AR (B AR ) 0.34 0.32 0.30 0.30 0.30 0.32 0.32 0.32

co AirNet6 026  0.15 0.15  0.13 0.13 0.13 0.13 0.16
Prophet 029 027 026 025 024  0.23 022  0.25

LSTM 0.02  0.03 0.03  0.03 0.03 0.03 0.03 0.03

A2 AR 0.09 0.07 0.05 0.05 0.06 0.08 0.08 0.07
AR (1B ) 0.09 0.07 0.05 0.05 0.06 0.08 0.08 0.07

S0, AirNet6 018 016  0.16  0.13 0.13 0.16  0.16  0.16
Prophet 0.18  0.17 017 016 016 016 016  0.17

LSTM 0.04 006 006 006 006 006 006  0.06

s 0.00 0.00 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01

AR (1R 0.00  0.00 =001 -0.01 -0.01 =-0.01 -0.01 -0.01

PM10 AirNet6 0.70  0.63 0.63  0.53 0.53 0.58  0.58 0.59
Prophet 0.50  0.43 039  0.35 0.33 0.31 029  0.37

LSTM 0.16  0.13 0.10  0.09  0.07 0.05 0.04  0.09

A2 AR 0.21 0.17 0.08 0.10  0.12 0.15 0.16 0.14

fH2ERRL (15 1) 0.21 0.17 0.08 0.10 0.12 0.15 0.16 0.14

PM2.5  AirNet6 0.68  0.61 0.66  0.51 050 054 054 058
Prophet 049 040 036 032 029 028 025 0.34

LSTM 008  0.06 006 004  0.03 0.04  0.05 0.05

A2 AR 0.20 0.18 0.08 0.11 0.13 0.16 0.19 0.15
AR (B AR ) 020  0.18 0.08 0.11 0.13 0.16  0.19 0.15
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Table 5 Comparison of Resource consumption

AR YIZkERt/d - YIRIEHTR W RGBT /min 3 BB FTRE TR PR R
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Prophet 360 i@ PC T3 st
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