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Abstract

The rapid development of industrialization and urbanization has led to the aggravation of air pol-
lution, which has caused significant harm to public health and ecological environment. This paper
mainly introduces the innovative application and effect analysis of artificial intelligence and big
data technology in the prevention and control of air pollution. This paper discusses the role of arti-
ficial intelligence in building air quality prediction models and optimizing decision-making strate-
gies, and points out that it can provide quantitative analysis basis for decision-makers and improve
the scientificity and effectiveness of pollution prevention and control. At the same time, it also ana-
lyzes the integration and innovation of data analysis and mining and smart environmental protec-
tion construction, and emphasizes the important role of Al, big data and FAAS function technology
in improving monitoring efficiency, discovering pollution laws and supporting policy-making, as
well as the prospect of future development trends. Through the experimental verification on the
actual data set, the AQI transformer model proposed in this paper shows lower root mean square
error (RMSE) and mean absolute error (MAE) in the short-term (4 hours) and medium and long-
term (24 hours) pollution concentration prediction tasks, which proves its potential in improving
the efficiency and effect of air pollution prevention and control.
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Table 1. Statistics of pollution factors

=1 SRETFRESITR

BRRRHIER  SOMKIEI  NO: ISR PM2S LI PMIOIIEAII COTRIEMI oyl i 1]

%) (ug/nt’) (ug/m’) (ug/m’) (ug/m’) mgm) )
2024/09-2024-12 2024/09-2024-12 2024/09-2024-12 2024/09-2024-12 2024/09-2024-12 2024/09-2024-12 2024/09-2024-12
85.0 20 30 35 50 0.9 120
81.0 25 36 35 53 0.8 115
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83.0 22 33 32 52 0.9 123
89.0 24 34 34 51 0.8 118
88.0 29 32 31 52 0.7 124
88.0 21 35 33 57 0.6 124
86.0 23 31 35 52 0.7 120
..... 20 38 35 50 0.8 120
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Figure 1. Research technology roadmap
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Figure 2. Structure diagram of AQI-Transformer
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Figure 3. Diagram of multi-head attention mechanism
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Table 2. Comparison of parameters between Xception model and other convolution models

< 2. Xception 2B A H b EFERI IS XTI EE

it K/MMB) Top-1 #Effi=%  Top-5 HEWHIZR SR TREE
Xception 88 0.790 0.945 22,910,480 126
VGG16 528 0.713 0.901 138,357,544 23
VGG19 549 0.713 0.900 143,667,240 26
ResNet50 99 0.749 0.921 25,636,712 168
InceptionV3 92 0.779 0.937 23,851,784 159
InceptionResNetV?2 215 0.803 0.953 55,873,736 572
MobileNet 16 0.704 0.895 4,253,864 88
MobileNetV2 14 0.713 0.901 3,538,984 88
DenseNet121 33 0.750 0.923 8,062,504 121
DenseNet169 57 0.762 0.932 14,307,880 169

(2) HEE: FRHE R

TR T HEh] s MR R 6 FRRHN R, FRERE—F A TRRARE 2 B E R T EEE
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RGN HOBRSE Z R R 2 AR AR, A S AERfHL TS ik B . SO f i e i e
B, K EEEEISRYIKREG@ PM2.5. NO, £5); BERNEEG G AMGRE. BE. XE%).,
HERCR (T HE L A mHE ) R RGN Wil . WK 4 fros:
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PR RS BAURE[28] [29]
2.3. EHEFNHER
LR FRU 5 Gl o s iR AR PR EAT PR, SR 3077 iR % (root mean square error, RMSE) 111
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HQ2S)Y~(26) sy, JSEBRIITE PR BER S ) T35 e PE B
24. IWERSDH

X AT 25 (4 h/24 h), AQI-Transformer 7E75 4eYIik FETRNNE B L B & T Transformer. In-
former %5 FA FAEAL, XFELSZERH) RMSE 5 MAE $8ARVENLE 3, B 1 iZA A 76 I R) 5 1 5 ik |
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Table 3. Accuracy of AQI-Transformer and other models for power load forecasting

= 3. AQI-Transformer 5 HE %R FF & 5 3R B FUM B R 14

RMSE f{# MAE {8
TR
4h 24h 4h 24h
AQI-Transformer 1128.73 1252.13 833.93 975.18
Transformer 1420.21 2026.60 1048.64 1598.17
Informer 1290.99 1893.95 972.44 1543.28
Autoformer 5209.50 2441.57 3693.68 1826.33
Seq2seq 1844.93 1638.91 1287.57 1199.11
LSTM 1608.69 1580.64 1158.22 1122.49

e 3 BT W, RERRLE 4 ANFGEIDAT 24 NP TINE S R R ZE R EE, AQI-
Transformer 7£ /5 6 b b 414556, H 4 /s RMSE (1128.73)F1 MAE (833.93)3) S Z K T H AR AL, 24
/NI TSN RMSE (1252.13)F1 MAE (975.18) W ORFF A . 144t Transformer KIMELZE, JCHAE 24 /N
P, RMSE (2026.60)F1 MAE (1598.17) 8 &£ %5 T AQI-Transformer.

ZE bnTEn, BB L SREG R B, AR T B AERL A (W1 Transformer. LSTM 4%), AQI-Transformer
TE 4 /NBF J 24 /NP TRINAT 55 ) e B R B35 PR AR R %, RMISE 5 MAE 4R AR 4 T 4156 -

2.5. jHRASCIE

NE BT AQI AHIC R B B 55 Rt & N [RI S B BRI (1) QB E FH, AHIT 8 R AR 1 AR Bk R G 1A
DU 2 56 PR TR (e o AT /8 i TR A TR A/ i TR B/ 5 BT ), 3l e AR B B ik 5 20 BT B AIE A% o B R A1
AR W

1) HEAERTY (Transformer): R B8 I 4 Transformer 2244, K51 A5 4P 53 b 5 I ] G i A e 5

2) TR A (A-Transformer): 7EFEMERTISLRE RS AQI V5 W) Be m prisith, FFHite £
U R TR P R R A S

3) M5 B (T-Transformer): {EFEAERE AL iR N fill & I [A) 78 A7 Jm A AR ER, Sl I P RRAIE 20

4) SERETY(AQI-Transformer): 5 [FIER G 3 P TH AR BB AP0 BEAE

T8 I RS 2R Jee v A B YOI AR A M A2 4 PR, GBI 0T b DY 2R A B 7 V5 Gk B T 25 R
RMSE 5 MAE f&#5, R € SV S0 F00 1 e i) ook .
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Table 4. Accuracy of AQI-Transformer ablation for power load forecasting

%z 4. AQI-Transformer ;HRAME BT RIS LR E FUN B0 E# 1%

RMSE {§ MAE &
Y
4h 24 h 4h 24 h
AQI-Transformer 1129.93 1252.13 833.93 975.18
B-Transformer 1647.96 1609.35 1251.75 1243.82
A-Transformer 1155.12 1518.91 860.04 1172.20
Transformer 1420.21 2026.60 1048.64 1598.17

MR 4 AR b, FRATAT DAAS HH DL R 451

1) A-Transformer fAY [ RI: FETRI 4 /NG IR BEEHEIS,  A-Transformer )35 75 1 1% 22 (RMSE)
P2 46565 1R 22 (MAE) 73 5l 4 1,155.12 F1 860.04, #HA T Transformer 154!, H RMSE 1 MAE 43 i}k /b
T 18.67%F1 17.99%. XFKH, it AQII5 YLk FEAH X REUMIIFiiL, A-Transformer BES SRS I b Tl i
W BTG RIREE . X TF 24 /N EITS Bk BE TN, A-Transformer ) RMSE 1 MAE 73514 1518.91 Al
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