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Research Progress of Air Quality Prediction Based on Deep Learning
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*(Institute of Intelligent Information Processing, Taizhou University, Taizhou 317000, China)

Abstract: Air pollution is an important factor affecting public health, and air quality prediction is the key to air pollution
early warning and a hot research topic in the fields of environmental science, statistics, and cqmputer science in recent
years. This study reviews the research status and progress of air quality prediction methods, with a special focus on the
systematical analysis and summarization of the applications of the n@wly-emerged deep learning methods in recent years
in air quality prediction. Specifically, the evolution process of‘air quality prediction methods and air pollution datasets are
outlined. After the traditional air quality prediction methods are described, the progress of existing deep learning-based air
quality prediction methods is analyzed and compared in detail from the perspectives of temporal information, temporal-
spatial information, and attention n;echanisms. Finally, the development trend of air quality prediction methods is
summarized and predicted.
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N2 (IS SR A T LA o O F 6 e B 1) I g UL AE
R 02 TR 2 ) R s 2 e 44
F18) 25 1) 0 T A4 e A AR %o 72 ) R 20 A A2 ) R
B 4 1 B4 DNNL CNN 25, [E40 2% (graph
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2 3T AR O IRAT ) 2 (A B A (IR B2 2 ) AR A
A 75 R 255 BB 2 2 CNN-LSTM.. CNN-
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scale spatial temporal network, MSSTN) T [KIR & 4
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R AR IR TR) FROBE AR AIE, 11 A5 AR X 2% FH SR 2 2 ) f
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{9 A 21T S5 SR, o SE A 1 5. S 55 SR
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MM 2% (spatio-attention embedded recurrent neural
network, SpAttRNN) f] AQI FIM ALY T4 425
s 0355 3 ) i N ERF T A5 A1 R 2 ) AR A1E, 38 i 254 R
M DNty 22 ) P B0 25 I 25 AH SR VEBEAT I 207 VE 51N
A — A AR B, HE B A5 H ARt 5 A ik e A 1
PR R JUART O &R, i I v e ) R 2 7 O ks 22 (1] ()
HEAH R, 78 R A3 (A S AL, LSTM HI kXS
K H ARG e JE A6 I 1A AR BEAT G A5 . T S R
5 LSTM M4t TS5 5, S8BT %5 Yeo 251
5 )2 CNN ZERg R 3 2 GRU B AL oK A= i 1 /R
X 25 A3 £ P, B T, i it 2 J5 A48 R
FERACT AN T S0 . IS, AXBF FUE 4R Rl
MR LA 4R b T B T A
MR

Ge 251V R tH—Fh 2 JUEE I 2 PSRN 45 (multi-
scale spatiotemporal graph convolution network , MST-
GCN), 1% M2 th—A> 2 R G UL K LA I 2 g2
Ji%, B Ja H— R E Rl G 2 AN, 7R ) B K
I T AP AT A, o ) I s A e, 3 — N A
HBRUZA— A B2, Lin 25070 @ 3 1 E
TR HCE R ) #2224 (geo-context based
diffusion convolutional recurrent neural network, GC-
DCRNN) X %72 H PM, s HEAT T, 1% ) 2% 38 3k 2 34
SR AR LA B BT SR Aok 3 1) 5 2R, HG o AR LA PR AR 4
AN B0 7 5T R R ) B B A SR R R
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5 TR, [ SRRk 2 1] g sk R B e [R]
AR 213 ) L 105 R R )5 S5 90 99000 2 B0 B8 4 1)
PERE. 25 REIT 23 5 B AT DL 5] 248 i 2 505 YR i 1
Jed Bl AR AY, s B R B A R AIE . A K0 40 TR
2 30 (10 7 S5 TR A DA B R B 2 v
AR I 5 B s SR TN H AT A
T J5 9%, AE K 43 (0 B 25 R B A AL AT A — 2 1 ) R
Pk, #1401 CNN-LSTM. GCN-LSTM %515 9 75 A& Gk
PR I 24 1) 45 B, B G AN T A G0 BN TRD IR JBE ) 6% A LAl
FEAK T AR P Bt A b, 2 T Rl R ] 44 5
P2 8] [R)RE A7 A0 S 2 AR AR, AN TR AT et T
REELA AR BOR R, Rk, 3R 22038 I 5 o TR
2 SR E SR ok L6 52 2% (1) B 2 AF VR FH R T VR B
S o) A TR TN R R a3
33 EFFEANHNESRETN

JEAF O, RNN ., LSTM 2 (R PR &5 f 9 % Kkl 0.4
TE 7 51 Tl Eﬁ%}%%ﬁiﬁ%ﬁj)ﬂ*%ﬁ%TK@E‘ﬁ&
F, AH T RNN [ A 057 HE L6 A3 I GhbE A TG 1L 5
174k, BT CAAE IS 8] P 51 ) 4t A B rp A 1 2 32 B Y
FEIIBR 1, ¥ 3 /7HL# (attention model)!”" 5 T A\ 241
PIE Y, TR AR DA FAE AR 2 R A N
A AR AT, AT DA e RNN 25 /4 2 5 % BRI
SRR A3 A ¥ i R G RT RR TR E 2 ) A
POTHRER 2 — . Transformer'™ & 3T H 1 Z JIHLH
(self-attention) 4= #4148 0 25 4244, LGS H AL RNN
S50 2%, Transformer 147 5 iy (1) PN Jo7 2 404X 75 2282
SIS, BN AR IR, 455 T 2 3kiE

B JIHLH] (multi-head attention) 5% ZE R ER, FHINN T |

i1 B 9mtd (position embedding, PE) RE/RFHIH 6 HR
FRIAR O B X7 B R, e T B VER L
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1E 3R TE 5 A B AN L LA Ak O 2 K8 R ¥, 18
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Informer”* J2& 3£ T Transformer, % Jy-K I 7] /5 %71 T 00
WY, A Rf#E UL T Transformer 75 4 718 =,
B B B2 2% B 1 — 8 S SR, FT 8 1 i s 5/ 1)
A BRI, 1521 EL A A o ) i R R B OS] 2 )
AT DLAR G B g e 2 505 s Tl 7 B ) 5 P K i e v
SR R 25 S )

Wang 257 ¥ b 50 b5 R FE % 25 TN A 2 AT i
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)RR OC ZR I TAIASE SRR ABL I DA A Ty RE A ALLA: 2h L
FIE, $2H T — e B R B S R M 4% (attentive
temporal graph convolutional network, ATGCN), 1%/ 4%
I IAT RIS PO B S R E S JF T GRU 1, FIHE
T B TG B A AE AR R At P ) 22 A T
SE IR, BRI 2% 1] LLSE Gk h (] R REAE, 18 3 38
UFH TR R Padhi 257 3T Transformer $2 H —Fh
JZ !X 3 BERT (bidirectional encoder representations
from Transformers)!’” 32 ] R FFU Fe3), it
B0 G 5 2 R T 235 5 A e, A 5 B 4 o
TR S e T

Wang @508 §f i i A5 2 A7 5L (6594 5
S i) 2 R TR, F T X 8040 T LR
B S BALE IS P A B 7 A R IR (attention-based
Seq2Seq)"” & HUH N I S A Kb LA K% ik B 45 F i)
RS, [7) B A5 FH % 2 0 2 i BRI 2% v 1) 3 TR IS, B
I DNN K 1) 5 7 [ AR 3L 45 & dan Hh P 45 2. sz
it B 5 T ASE 7R 8 B 23 AR S M S0 T X SR 4 e Tt
BABZMRHE.

25 BRI, TR AL AT DL RS b SR Al mTR] )
[ 52 A5 S, Bl T [R] [5 3 R FY)  RE 3 pi 2 (] ) 44 G
ZOE, 288N A5 B R R R, OV E R, IE
T JIHLHIGT K ARG 1 4 FR AN 52 91K B2 IR BR il 7E
e K,ﬁﬂff’ﬁfﬁiﬁiﬂﬂEPEX%T%}\WV%%?E‘J%%. E
T T TR ] B R IR A v B B 0, AT LA %
R WA HR A MR O I 2 3 R DAY
IR oo, A\ DRI ] 7 FE Ak B2 343 H7 4508 950
IS TR R 2 TR 2. 2 2
G573 FhEE TR S I A SUB R TR Vs

ARk, B B & KR, 1F B e S IR 52 ),
() N, K 58 408 T R 4 2 S kS o M ks DX} S,
YR I, I TS R R s S T
TR BE 27 21 AT AT RUCH ORI 305 1) P9 AR SRR AE, R
78 22 0 N R 2 2 2] A D 28 /S0 B T ) = 7 k.
R, VR L5 2 U7 I A e 78 A AL 48 2 S U & T
W, 5 5, 787205 GO A RIR AT . Sk Hok
B O, B AR 7 vk AT DLk BN B A
R HR, FE TN 22 AR I S S R, Siit
J7 V5 LB R FE 2 2 D7 VR T A R, Wt 22 b X A5
TS IS . R, ARG TR A R
AR, VAR JEE 2 20 DR 23 Bl R 3 1) PR e B Y,
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A CAORALE BB AR . BEE R L 2 S IR e, L A
e TR AN, BB B, RS 21 ik m] LUl
G RE &, BORAMNE, KR SIS
[ BrF P A% G2 75 1 AR 3 26 R AMAR 2 22 TR AN A2
Bln, 25&geit ik SRS S JTERR G L K
FE GRS 21 SR A 3] 7 VR I B B A,

K2 ETURER A R TN AR R 45 S

L T fE& HIF T 1 A5, [T RILE
2018 FNGEEEPY Jbxt DE-DBN
2019 Tao%"" Jbm CBGRU
%Eglﬂ 2021 Zh.ang%%“‘” Jbs VMDBILSTM
2021 Jin%®Y Jbm MTMC-NLSTM
2021 Retta™ Jemt TCN
2018 LinZ™  Jum. AUl GC-DCRNN
2019 WuZ® chE Ak HX MSSTN
ZjEmE 2021 Han® Jumt, L MastetGNN
E& 2021 Huang® st & SpAtRNN
2021 YeR#™ N R CNN-GRU
2021 GeFl Jbxt MST-GCN
‘ 2020 Wang%m] b5t Attention-based
HEEET) Seq2Seq
BlE 2021 Wang®0T Jumt. K ATGCN
2021 PadhiZ! Jext BERT

4 b S5HLE

AR, AR B 2 >0 R AT 23 AU B T (O B AR
L ZRBOR B 2, (B A7 7 5 KB M PR Ak FELAS T #F 7
UREJE, 2B 25 1 A 0ot B TN s )k il LA e
AT XA Bl e B O AR OR IR R R DT TA], R R BT

(1) BR800 i e SRR e, AR RS ETES.

STl M R R 2 ST — AN B [ 2, i
% 4 X R 0 2 M 161 4
A — A AT R 5 SR S
B R e P 2 AR I K BB AR, T L e T AU
S T (OB T4 T B S 1O S K e, T B
T ATEE, B4R b A AR KB B, SR BN,
A ZFAE B T B B WO AT T, o G £
ST G 5, I 75 B2 — i A % o AR BRI
S pCKOHR B 1 A T . SRS 2 3] (transfer
learning)™®""** 1) 3= 2 FELAB S 467 A 6 AT 1) e v i ai sk
T 5 M R RS I RAT 2 O 2 51 R, FEVR 2
S b 22 B VR 2 T R B4 B 2 2, L
Y5 CLR A B2 X B2 51 T AR B M A v 2 R

BTN R B A e v, R SR /N 1) L Maa 25 4
T AN BT AT A o I HE B ) K AT A 12 I 2%
(transfer learning based stacked bidirectional long short
term memory, TLS-BLSTM), i i 5 78 22 A v 2%
BLSTM JZ AT TR ZRFF VR 4G, SR F5 A3 R Bt i o) 24l
X T T B 8 J2 AT SO, G R 2 MU T
o 8 M W3 PR G B, S 2 20 AT DL KO T i
RURTTROI P e

(2) I ZRBA ] . fﬂﬁﬁ"]ﬁﬁ%%}ﬁ#ﬂ K] % 25 14
BAEAAEN SRS AL &, TPRBO PIRE, T % U5
T e T 302, B it O T - 53 92, g
5 AN 9 2 (TR, SR R MR N5, 422
Rl G, 2 BT AR 6 . 325 2
% (dynamic neural networks)™ 7] LURHE S A B 550 25
R T B B A58 5 23 T LA R b O
SRR, DDA A )8 P AN AT R . B ) B & B
A% (temporal-wise dynamic networks)™ # ¥ i1 /i
SR Xof AN [] I8 6] 57 B 1) B b A7 B IS BB, AT A Z
J7 D TOAR V5, 23 05 G B s A Dy SRS 1) ) 4
7] DL 3h A5 4 48 W 28 A Rl G T ek 1 SR, 8
kSRR,

(3) LfAr 4240 2 <00 =2 e sy 2 [ R 2 R &R B
AR TR 2 ST 2 U R TS AL 5 AL
5 FUNAT 55 00 B A7 8, M TR 1 2 T 255
JGR 2 N0 3 27 T s A PR A £ P TR DG A, ] Xt R
£ Biﬁzﬁ_ﬁ%ﬁj‘ﬁ"@\‘fiﬂﬁﬁﬁ?)ﬂﬂ uli FRHIEAS AT 15 Bk
R v IR ) S AT 52 S (multi-task learning,
ML) S 2 A 55 HOZE 42 2% 3 1 —
Blas 2207k, BB m 1 Nz A BCR . 2 mT
DAIE S G AH EAE A 5 Bk B8 BT 55 22 ST P RE BN B R
i /IME, H 22 AN K B B AT 5 W] AR & EAE 55 1)
TR REST. 782 Y b, B AR T B
AR 22 R DR 1 5 2 M U s 2, O 224 55 5 2] R BASE
AT 55 18] )45 B AL 2 DL R e 15 B R &, w] DU 4
iy A T 25 5 B 2 TA) B2 2 AR ELAE .

4) BIAFF RN, =R AR A2 2 2
J7 TR 520, 451, e RG22 PRI PM, s IRV FE, i i
S INE R G, RS 2B R A
AORE, IR RAEIEFRAE R 2 SR & A A
B, FRE, A, STIAE B2 i
BRI E R, RRAT DR RS & PR MR E R
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