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Review of Intelligent Detection, Identification and
Warning Methods for Airborne Particulate Matter
Based on Machine Perception and Learning

LI Yahong, ZHOU Chengxu, DUAN Lijuan, WANG Simeng, GU Ke
(Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China)

Abstract; As air pollution problems continue to grow, accurate detection and timely warning of
particulate matter ( PM) are becoming increasingly important. Traditional methods rely on specialized
equipment and are not suitable for real-time monitoring. In comparison, machine perception and learning-
based methods have technological advantages such as real-time monitoring and high accuracy. Therefore,
a detailed review of intelligent PM detection, identification and early warning methods based on machine

perception and learning in recent years was presented. First, an introduction to the standards and sources
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of PM was presented. Then, various methods from the detection, identification, and warning fields were

comprehensively summarized, highlighting the characteristics and performance differences among them.

Methods based on machine learning and deep learning have made significant progress in each of these

research areas. Finally, the paper concluded by summarizing the main content and suggesting the current

challenge in the field and future research direction. Future research effort should continue to prioritize

technological innovation and data quality to achieve improved air quality monitoring and management.

Key words: air pollution; machine perception; particulate matter ( PM); intelligent detection; air

quality index (AQI) ; deep neural networks
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Fig. 1 Historical evolution of ambient air quality standards in China

FRIERE 24 h 1Y PM, 17 BI{ER 2 S5 A5
HEGT R 6 ARG, Al | R RS e B TS g
TG YRS Y g 1 R Sflkbﬁ/ﬁze*ﬁﬁj
[ N AMREAF T RIS BRZR 0 2 1Y, B AE LRI 28 Ak fi
FREFIAE S IREE, B2 JE/R T 2014—2022 4L s, b
N SR AQL Al PM,  REIRE YL, ME R
AT, 2 A IR B, &R AR AR 2 B R
BT NIRRT — B TFRAREI AT

£1 ZERERE
Table 1 Air quality standards

R EFR AQI
i 0~50
R 51 ~ 100
BTG 101 ~ 150
rp R g 151 ~200
WY 201 ~300
JR R KF 300

1.2 PM HISRIE

PM RIE AT 2 A R A Fk A= 2 26 R PM
B A HERCIR 3RS, AR HE SR R A
Fkbe Tl & JmHEc S . A PM R B USRI IA
Zead Ak 2F R RE B, an AR TS LA S (e
NH, SO, \NO, %5/ i Ay NH, \NO; .SO; %) Flik
ERVBERE CHRAEW SN A VLS
R AALFEE R L S 22 A ALY ) o BRINAY PM
Jo v o A7 B R AR T ALV I b A ) 5 R
WAAY AN Y T E R PM R R
HERE U A7 31 J5 A= PM ORI A= TE ML S (AN RS R
)R, — ST R T, PM 1Y R AT 45 R S
PM, 2540, fHL 2 4 Ffg &R 04 ok Eo BB L X R
BR 2+ 0 R 7E 5K P SRR O
PRI, 4 il 22 = 0 £ 1 HE O 3D P V5 G 1Y
G R ii8

SRR UL IR 3. PM ARSI T 1k AT LA

250
|
200}

150 \ /\A \
100 \ M\ f
A 0
0 I L 1 1 I 1 I 1 I
2014 2015 2016 2017 2018 2019 2020 2021 2022 2023

44
(a) 2014—20224E A Q128 4k,

\Y

50

p(PM, J(pg )

0 ! L L L i L L |
2014 2015 2016 2017 2018 2019 2020 2021 2022 2023

L0y
(b) 2014—20224FPM, Jif ik e s 54k
—dbnt — i JM S

B2 B3R AQLFN PM, (i ik (1) 212 1
Fig.2 Changes of AQI and mass concentration
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Fig.3  Overall overview of this paper
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Table 3 Partial application of deep learning models in air quality forecasting
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