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Abstract

With the rapid development of global urbanization and industrialization, the problem of air pollu-
tion has become increasingly serious. Accurately predicting the changes in air quality is of great
significance to society. This paper uses a model combining wavelet transform and Informer to pre-
dict the Air Quality Index (AQI) of the East Lake Ecological Tourist Scenic Area in Wuhan. The study
selects hourly meteorological data of the area from January 1, 2023 to December 31, 2024. To ad-
dress the non-stationarity of the data, wavelet transform is used to denoise the data and improve
its stationarity. For example, the db6 wavelet basis is selected for AQI, PM2.5, and PM10 data, while
the sym6 wavelet basis is used for SOz, NOz, O3, and CO data. The processed data is then input into
the Informer model for long-term and short-term predictions. LSTM, Informer, Autoformer, and the
combined model of wavelet transform and Informer are constructed, and predictions are compared
in different time periods. The MAE and RMSE indicators are used for evaluation. It is found that the
combined model has better indicator values in all prediction periods, indicating that this model has
higher accuracy and stability in long-term and short-term AQI predictions.

Keywords

Wavelet Transformer, Informer Model, AQI, Air Pollution

Copyright © 2025 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 518

A RN T AR AN T A AT B8 i, (A3 30 7T 2 A0 e ) RS AG R 7™ . AR
Tk A= S T 5500 2 T80T KI5 WG R AR GIRRL I (PM2.5) . AL A (NO2) . —
ANBR(SO)ZETF 4, CARMN TRMZ i EMNERBENEERNK. S5 RERYMERRE. &
GEANERSE . Rk, AR TR T 25 05 G AR a3, AT DAL 22 b R IEORS S50 1) B et b SR B R
b, B R AR T, X R EA E RS A KR A TR e B A
KR, BT EARG R 205 Y TN 7 VR O 7R 1] [2]. WERR 2S5 G T, mT LB A5 Bh
WA N R SR E SR R TR, ROV R R ETEGE R, im0 35 A
AT G AR RSN o RT3 T 10 25 S5 G TR 78 AR A S ER B, 3850 et 3 i A58 o =
HE) P HRE S T FOAR IR 2 A A B HAG R 1) S bR =

TIN5 G B () 73 R A W b B A 2 AR TR T R S G R T . AN AR R T
NG Sk A AN 27 SR BT 2 AR5 G R B A 2 s S AT AR A AT, AT TR AS ) R AN X3 ) 2= <5
WA, HREAERATN SR ERE =N, ENEEARAXZRESSAERBEAS
(CMAQ) [3]+ L2 KA 7 AT  (WRF-Chem) [4]1 81k 5 23405 B T A% R S5 (NAQPMS) [5]. X
AR Y SR B A B SR, (R AR AR TR S A B I B SRR, I B R A AR IR I 46 % 1
A8 PR T ) BRAE TR (¥ B R G L (6], 5 SSUBE AL F) Tl &5 SR e o (R AN o 1k

K, BEE &M SR MMGE . SR PR KSR R84 ST, XRS5 QA
TR TR BT R VE B A M 4% 5 R A, R TR At 1 K& B S . Bl e v AL Tl 7502
R R 22 T K S5 A R TII « MERFGa 1 F RSB B BR3P IR B (ARMA) [ 7]
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H B8 B 2 T I A (ARIMAY) [81F1 22 Jo & 14 B AR AR (MLR) [9].  HH - K75 B A SR & T4k
A B E AR EE AR . B G @A T VA AR B AR LR M T S B B B A, AT 22 AL
WM ARG RE . IR, BB I MER R, L5 I 2SR & A AS 2 1 Tz R,
Z JZ A28 (MLP) [10] [L1)55 AL T - N LML (ANN) [12] 432 F1 RSB (CART) [13]. SCHEA
FEHL(SVM) [L41FBENLARAR(RF) [15] 248 FH T P00 =05 G A R 3 . BARE G INLAS 2% 2] J7iEAE
TN 7 S5 G 7 THHAS T A IIRCR, B RS G AR & S AN R AT A B MR (14 S
[16] [17], DRI TGVEA R RIS B A< G 1R I 18] F7 B RRAE A 2

T MG S R AR N SRR RIS B, SR A M TR K SIS RS R A, YRR e R
JEE 2 S TR Y, 5 st VA AR 22 P 4% (RNIN) [18] KA HAICAZ(LSTM) [19]% ALK J A2 #h 22 I 28 4™
JEFEAY(WLSTME) [20]+ X KA B0 AZ 4 42 N 45 (BILSTM) [21] 81 1 163F BT (GRU) [22]. — LM Fr &%
BT IR R KRR IR KRR R . Biltn, Huang 258 A[23)42 1 T 4E R CNN AT LSTM 224y, i
it EARBE RN R BRXHE AT PM A5 S 2.5 W Du &5 A[2413H T —ANET—4E CNN F1 Bi-
LSTM MG R SR BE 5 ST HESE, T 2078 572 /00 B A SR IR (8] 7 B 50808 1) 3L 3R ORRFIE 52 )5 Sun 58\
[25]4% ) CEEMDAN-ARMA-LSTM ##7%, XH CEEMDAN f5 0% #0 HEAT 70, 4% v it 15 B R
B, SR S S Atk BR R SRR, e LR AR 43 B R ZE 5 B LSTM LAY AT ) ] 7
FITFI; Zhou 25 A [26142 HI—FhHE: T LSTM ) TE-LSTM BEHY, % B i 1] nAS S5 W A0 A INF 18] 435 S5 4 %
FIRGATCEAXT T ARG R CR, KRS LSTM F b ATI (7 20 . IR TR
ST T 4 TR R N SRR . B, IZRIE M I Btk 22, HEMSRAC, 24Re 185, JEE
WRETE T 08 30— 2 RS S, ZE R TN A 1 B IR AN R AR BRAR, I S VAR ) [ e ) B i v
MR IAFI T 24 00 R HAFE R IR, 8= — @ MIRAT i SR

AT K P H) B RO TRINACER, 2#E A 180E&E H Transformer [27]-[29], ‘& FHEAR AR &7 O fd UL (1)
F R [T ), B SCREFEAT UL, WIZR BETE R, ] DA o X AN A ¢ RIFEAT A%, JEAE b s
A EdE R Y7 R RFRCR . Qin 28 AN[301#F 7t ik i A% 4> fif Transformer (SFDformer) Tl 5 4%
IR FE TRV 8] 8] A TSR0 2% B D IR I T 52 2% ARG 8 e e [ 52 0 B o SR e v vy 17 TR,
[ HE R AR B S A AE ;. Hou 25 A\ [31]WF 7t H Transformer-CNIN 57 [ £ 4 ) ()38 RIS} ) o 7 T30 5 3=
F CNIN 3R A [ 1) )R 8 P AE, Transformer fl 3R KR B ARMIE, 76 TRUINRS B2 7 T 4B 2348 T Hedth
G SESE . SR, Transformers fA7E =Nl THEERE S, AFAGHER, HREK. Zhou 4
N[32]#HH T T4 4t Transformer @il #s 4544 1) Informer #E7Y,  7E—E FEE b Ag a1 1% 28 ] i1

AT, BARBCERRIRG R, BEREEh KA ARtk o, /N # S Informer &5-& A5 ALk
T, ARG S AL SR LR . (1) XF AQL. PM2.5. PM10. SO;. NOz. Oz, CO. #HJE. P&
H KUHRI R A X S B, e A X IV 2 14 7N R i R SR ) B0 3R AT 25 1 DL AR v HP AR e o /A e
JE IR TR 3R T, Wb T MRS, (75 Informer ) ProbSparse V2 ML g 5 i R 4 K 3 ik
Hioe g, DT IR ZE . (2) BSLT 4 B AQI TN (VR FE 2 S B AY(LSTM.  Informer. Autoformer
FUN A e 5 Informer &5 A4, FHAEASE R TR 18] B (seq len = 1, 4, 12, 24) R, L& 1 B4 T &5
o (3) #k—EHEm AQI TR HERA I FI AT FEME, - S PSS R BTE, R 4 MSiit4aiR(MAE, MAPE,
RMSE, R2)sf fitill &5 Sk A7 &2 Ak -

2. BIRKIFESHIRALIE
2.1 WHEKIR
ASIC S i P Bl A B T A T B B i st BT B, DT AR A A i RS IX 0 U A
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VS G A SR F A 4 HL5e 38R, EEL T 2023 4F 1 A 1 HZE 2024 4F 12 A 31 HiOEE. =<
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2.2. BuETALIE

FE IR ST 38N R B AL SR EAME RAE SR DL, BAT 7 ZE0 A7 £ ] 8 0 s AT 1 Vet
o &5, (ERTHL BR BORK BRI SR M B F S5 . N5, RAMERE R AL, (M- T8
LA AR A5 T VA AT 2 SR R 3R 7
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A FH A B A, I8N e R R AT PR A A I, DA i B 1 ST R A 2 g
ROR, PR ACER S BRI 2] Informer BERIHAT R WIS R A7 40 T, BAACPBRmAR K 1. B
AESEGN R . R . BE TALEE . BERUIZR, BORVPAS . XL AT AN HR S Informer 45 AR
55 H At B 1) PP SRS AR A S K S R PO AR LG, R AR SRR (A 05, IR AR /N i AR e 5
Informer 45 G158 B A DA SR )
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WHTE SRS ERARFER RS . R %R
DMT(x,n)=> x[2k]-h [n—k]+ D x[2k +1]-h, [n—K] )

H, x RFANES, h fh, 20 R R GEM EEERE A, n ZoREBIIRE. SEUNEERAA 2
JEUR G AR, BRI AN WA 73 HEAT 7 iR SR DU IR R IR IE S5 B . B, H5enHE 5ikr
— /N AR AR BICATN = My B, PRI 23 R AT 56 /N e, ARIRHE, B BIIA BITIUE 1 )2
O NITE S E ;-3 Py
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HR AT TN R B AR TV e /N R BRI R AN AT R DGR o AN TR /NI R BR O B AN R R
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. Morlet /ME%E.

INE TR R A
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XFF AQIL PM2.5, PM10 #idfs, FAI1k £ db6 /INBkE . Daubechies /)N R AT B IR FINES SCHE T A5
BEAREA I RIEN, FEIESEH, B RE = SAEM S EIRNR, GEI R LT i #E%L
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A, BAGHELFHIRIRYE, TR LIRS AT Y BRI, Re % S v M S WO IR, R
RLFESEE, A BT )5 82 40 B RAL B

XF TR R, AT coif3 /L. Coiflet /N AT F {F /& Daubechies /N (1) —FioF ik E =, [FIFE
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PEFK P K E s, AR B R S
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W LEORIES 5 A L E R R, A5 R B O B4R ALE
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& o XTI R T EUNE AR A R AT R DRI, AR B B, BRAT B A O IE
ARGZIT R, S RS PR R, T A A R R AN R

DOI: 10.12677/aam.2025.146334 456 I3RS


https://doi.org/10.12677/aam.2025.146334

REEE %

FATH python, X 7 HIHEAT % B BB, Joh iR R (WD)&R, BRI (0S)%R R, X
MFS)For, RIHAFX)RR. 3 H 4RI E 2.

AQI PM2.5
~——— Original ~—— Original
350 ~—— Denoised | 390 ~—— Denoised
300 250
20 200
200
150
150
100
100
50
50
0 T y g r T 0 y y T T
0 2500 5000 7500 10000 12500 15000 17500 0 2500 5000 7500 10000 12500 15000 17500
PM10 SO,
~——— Original —— Original
~— Denoised 601 —— Denoised
400
300
200
100
0
[ 2500 5000 7500 10000 12500 15000 17500 0 2500 5000 7500 10000 12500 15000 17500
NO, 03
120 —— Original 250 — Original
~—— Denoised ~—— Denoised
100
200
80
150
60
100
40
50
20
0 0
[ 2500 5000 7500 10000 12500 15000 17500 0 2500 5000 7500 10000 12500 15000 17500
co WD
4.0 —— Original 401 Original
35 ~—— Denoised ~—— Denoised
3.0 30
2.5
20
2.0
1.5 10
1.0
0.5 0
0.0 T y v y T ™ T T T T v T T T T T
[ 2500 5000 7500 10000 12500 15000 17500 0 2500 5000 7500 10000 12500 15000 17500
JS FS
14 ~—— Original ~—— Original
. 10 .
~—— Denoised ~—— Denoised
12
10
8
6
4
2
0

[ 2500 5000 7500 10000 12500 15000 17500 0 2500 5000 7500 10000 12500 15000 17500

Figure 2. Comparison graphs of each data before and after wavelet transform
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Figure 3. Informer model steps
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PSR R AL B, R Convid AR SZBL 1 I R4S AR A RUam Y, B SR U8 e 51 Kichs e b 80 i 45 15
FRRIEZS 0] 0 TR TI,  3X — I P RE RS B 47 A BT R R0 SR80 2 IR 1 B8 GG, eI o (R AT Y
REME R 1 AN [R) B[] 551 1R S0R S

AN R I8 (Attention Block)ilis AR B AF 120 BT SR AERE . 22 SR B ST HLHILE 42 J) Ve 1 P9 4
PRI PRI G AR, R E P TR T I i85 P52 R0 A2 2% o 100 s R B R A o o T K0T e RS X e AR
PR 2 H R SRR BE , I8 RS a5 v B LRI DG B 77 SR i 20 AN 4 R R s e a5 . B AR IRAE
THNFE T R ERREAE ARSI, A ot e 5 9 20 M LA o K P 3 7 12 o

B o AR R 225 %2 AR FRRIVE 75 7 A0 B R AL ] (Feature Map) B H mi B i 44, RIS S 800

DOI: 10.12677/aam.2025.146334

458 I3RS


https://doi.org/10.12677/aam.2025.146334

REEE %

AN LR 4 R RIS . RRHE R N SR TR 25 B0 T I SC AR AEAE T, 00t
A5 ORI RTINS S LG Informer BUMBLAETEMEISI SUEZAEMIRIN . BREKIRHBIRTHAL 2
KPR R ROR S R

4.2.1. HEERTNARNEK 1 M

AV T N A e A S B, BINE Informer BRI, 3 70% MR NI, 20%(1 %L
R IAREE, 10%MIB G AAEE . ML ZH0N 2 2. WMNsER 1 2. EE k8 k. RisE4E
& 512, BINFHIKEE seq_len = 96. FESERM: @ PIREAE RN T ) R R A&EFE 0.0001. KD
32. Dropout % 0.05. YIZRIERXECH 15, FARANZGE LI, IFERIESE TR, 2 FENR
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Figure 4. A comparison chart of AQI prediction data for the next hour
B 4. ARk 1B AQI FUMIE#E % L B

Table 1. The prediction model predicts the evaluation indicators for the next one hour
1 FUNAREITUNAR SR 1 /e AR

TR A FHEm AR 7Y MAE RMSE MAPE R?

1 Ours 2.003 3.149 0.036 0.986

K 5 stk RoR AQI HITIIME, WHELER AQI MIFISE, nLAFE HM&LEAs LT —Ff
(7, BLHHFRATHILE SR AQI KK 1 /N TRIN A 45 SR R4S 1. 7E3 L b, wTLLSIE H eI RATH S5 &
FEARITHI AR 1 /N AQI ) MAE 14 2.003, RMSE 1/ 3.149, MAPE 1# 4 0.036, R2{E 4 0.986 #iZ
AR AT AR ) H A

4.2.2. BAEETNARNE 4

[FEFIAAR 1 /AN 77, FRATI AR 4 /N EHE, A2 Bl 73 Informer AR AE IR b (1) T
Ak 4 AR REABRI R WA 5, AR MAE M RMSE {H1% 2.

6 HRE LR on AQI HITRIINME, #5LkRm AQI HIFS{E, Bl LLE HHALIEaHA LT & —F
(1), U FRATAISE S REEIN AQI ARk 4 /B TN 25 St R ARSI, 7R3 2 F, AT LAE H AT IRAT 45
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Figure 5. A comparison chart of AQI prediction data for the next 4 hours
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Table 2. The prediction model predicts the evaluation indicators for the next 4 hours
= 2. TUNARBITUNARS 4 N EHTAETEER

TR e TR A 7Y MAE RMSE MAPE R?

4 Ours 4.521 7.183 0.045 0.983

4.2.3. EEREBITNARNEK 12 /)Bf
A iR Tk, ATIM AR 12 /N B, AE R4 Informer AEASLEINRAE ) 0 A& 5k 12 4~/
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Figure 6. A comparison chart of AQI prediction data for the next 12 hours
& 6. 3K 12 /B AQI FUMEIEXTLL B
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Table 3. The prediction model predicts the evaluation indicators for the next 12 hours
7 3. FUNARBITUNARE 12 /BT IERR

T st TR A 7Y MAE RMSE MAPE R?

12 Ours 8.999 13.731 0.084 0.940

K 7 B 2o AQI FITIINME, (23 AQI HIELSLE, WA LA &R AL i L F—
B, AT E] T, R AR AQI AR 12 /NI T 4 AL R A . TER 3
o, AT CARIIE H AT ERA T 45 AR R TN A R 12 /NeF AQI (1) MAE {E 2 8.999, RMSE {E 4 13.731, MAPE
14 0.084, R2{EJy 0.940 %f T-FRMI AR 12 /NI RIEHE SR, o2 4R AT WL AR H5 1

4.2.4, GEBRTRRER 24 1aF
Al Ly, FATHON AR 24 NEFROEE, 2B G2 Informer AT ZE R AE b A TN A SR 24 N/
AR ERBRIRCRNE 7, A MAE #l RMSE {HU3% 4.
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Figure 7. A comparison chart of AQI prediction data for the next 24 hours
B 7. K3k 24 /B AQI FUMEIEXTLL B

Table 4. The prediction model predicts the evaluation indicators for the next 24 hours

= A4 FUMRBTNAR K 24 NESITHEIERR

TR A e FEm A 2 MAE RMSE MAPE R2

24 Ours 12.064 17.303 0.127 0.883

K 7 s s Ron AQI ITIINAE, W (aLk®Ron AQI MBSl , thnl AF &L mtashEm JLFE—
B, AR TR T, UEERATES A AT AQI AR 24 /NI 145 AL R AL . TR 4
b, AT DLSNGE B RGIRATT 45 AR R Sk 24 /N AQI ) MAE {4 12.064, RMSE 1y 17.303, MAPE
B 0.127, R2{# A 0.883 i Tl K 3 24 /INIFHOBHE e, o #5210 7T W A B0q

5. ZARESHMBREIXEL

BTN Informer Z5 A IARTILE AQI TN R AR I 5 4% 45 1 B 18] 7 41 5 53 LSTM Tt
R CNN-LSTM iR . Autoformer THIIALAIFN Informer 1558 HE 47 A SR A [E] IR AQI Tl i ) &4
PEAN FE AR EL
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REEE %

FUMEE RIFEE 4T

%5 BoR T /N AR 5 Informer 45 & AL . LSTM TiiliAE AL . CNN-LSTM Tl &%) . Autoformer
TRIMBEALRN Informer A5 BLZE TN A KA FI K AQI I FE bR . MAE 2 FH SR H 3R T Al s 2
] (R0 22 1T, MAE (1788 /) 18 B AR R P 0 14 bR 4 ;. RMISE IR 12 — PP B HUFE 2, RMSE (1R /)N
TR TR FE s MAPE & FRVEM S BLOE 5 PE 1K, MAPE (1 R0 /)N JU1) % W R 7R 0 it 2 s sy, A2
BT RZZEVE R, REEIEE 1, UiAABIAYRL G ORGSR T R BLE T AR SR 1 /R
4 /NBF 12 /NBE AT 24 /NEE T AQI B AT T ALY MAE. RMSE. MAPE F1 R? & #5 H4E # L 3L
A TS BT INAR T, X 2 BHFRAT T Tt ASE B A0 A v P TOMAS A T o AR EoReudt, AN R FIUMIAR 1 2
R ARE N, FATH TN 5 H AL B RAR L, # A L H .

Table 5. Comparison of short-term and long-term predictive indicators of each model
< 5. FAREHCIGFTTUNFEFRXT L

SRS T ALY MAE RMSE MAPE R?

LSTM 7.74 11.28 0.116 0.875

Informer 6.021 9.703 0.113 0.880

' Autoformer 5.982 9.347 0.108 0.895
Ours 2.003 3.149 0.036 0.986

LSTM 11.63 16.21 0.154 0.796

Informer 9.422 14.372 0.122 0.873

‘ Autoformer 7.182 10.076 0.144 0.863
Ours 4521 7.183 0.045 0.983

LSTM 15.40 21.45 0.217 0.513

Informer 13.157 19.094 0.149 0.836

o Autoformer 13.208 18.828 0.265 0.520
Ours 8.999 13.731 0.084 0.940

LSTM 17.72 25.19 0.324 0.256

Informer 15.819 21.717 0.192 0.762

2 Autoformer 15.890 22.601 0.316 0.301
Ours 12.064 17.303 0.127 0.883

6. LRV

AN AQI FK AT TR HY T /NI Ae He 5 Informer 25 & BOTRIMIAS AL, 3 H MR ity 2 7 AR A
R DL R TR AR EAT T PEAII A 48, SR 05 0 BB (RN 48 AR AT 0 T o A SO IR FE X AQLLPM2.5,
PM10. SO>. NOp. Oz, CO. . PFME. KUEAR AR LEHE, PR X DL R /N 35 bR B0 0ot %
PEHEAT 0 DL R AR P Ra . 6T AQIL PM2.5. PM10 i, FRATIEFRIES db6 NkFE. XFF SO,
NOz. Os. CO #idfs, FRATRH sym6 /g, X TREHHE, WATEH coif3 /Nikdk. Xf T MW E5dE,
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REEE %

BAVEFH haar /ML, 6T XGESHE, AR biord.3 /Ndt. xFRUA%E, FA1EE dos N,
FEAE A F R B (T i, FRATTEE SN A B R M o B SZ R AR 5% oy i, o A S BRIk, gk S
JAMIANE S o S JrBe /N AR B (B8 B A ON Infromer B8 b E 4T S ) )R] BTS00 3 3 20 AT VP A
Fabr ot AR TR EAT XS B, R B T AR SCER H /N8 e 5 Informer 454 BRI TN AL AE AQI
KT T AT 4% G 1R ) 8] 77 B A 20 #0842 0 A7 PR R e
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