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Abstract

Near-surface ozone has become the primary pollutant affecting the summer air quality compliance rate
and public health in Chengdu. The formation of ozone is non-linearly controlled by multiple factors such
as meteorological conditions, precursor emissions, and photochemical reactions, making it difficult for
traditional single-prediction models to achieve high-precision forecasting. To address the volatility and
non-linear characteristics of ozone concentration, this study proposes an ozone prediction model (BO-
VMD-LSTM) integrating Long Short-Term Memory (LSTM) network with Bayesian Optimization (BO)
and Variational Mode Decomposition (VMD). Utilizing historical daily air quality and meteorological ob-
servation data in Chengdu, complex ozone sequences were decomposed into multiple relatively stable
sub-sequences via VMD technology; the LSTM network was then employed to capture temporal depend-
encies; finally, a strict-mode Bayesian optimization was innovatively introduced to perform global joint
optimization on four model parameters (decomposition level K , penalty factor « , number of hidden
layer nodes, and learning rate). Experimental results show that under the optimal parameter config-

uration, the model achieves excellent prediction performance on the test set ( R* = 0.9044 +0.0021,
RMSE =10.0600+0.1096 p,g/ m’, MAE =7.721840.0925 p,g/ m’® ). This model provides a scientific and

high-precision early warning tool for emergency control of heavy air pollution and public health protec-
tion in Chengdu.
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2.3. BO-VMD-LSTM Tl &4
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Figure 1. Bayesian optimization iteration curve
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Table 1. Bayesian optimization for optimal hyperparameter configuration
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H LSTM Feigsl o4 42 [16, 128]
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Figure 2. VMD 2D time series decomposition diagram (K =8, a =3157)
& 2. VMD 2D B2 fRE(K =8, a=3157)
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Figure 3. Ozone concentration time series prediction comparison diagram
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T2ILRT S AN T LI MG e bR . ABRAENNRLE IS T RRI: oE 23
R* =0.9044+0.0021, HJ77Hi% % RMSE =10.0600+0.1096 pg/m* , V24 % %
MAE = 7.7218+0.0925 ug/m’ .

Table 2. Test set prediction performance indicators (mean =+ standard deviation)

F 2. MRETUNMREIRIRAAE = EE)

ENE L7 ¥a bRz
R 0.9044 0.0021
RMSE (ug/m’) 10.0600 0.1096
MAE (pg/m?) 7.7218 0.0925

R* 1A 0.9044 FEWRA 1R GRS AFORE LA 7 S SRR BE SNy 22 90%, TR /IN bR 22 (R ARt 22
BN 0.0021) A JIEW] T FE SR ZHBUE Ja 12 PR 2L B A Al i) o] R ELEARR EVE, Dol 35t T
et TR SRR
3.4. FMES SERMER =X S5 4T

K 4 PR BT U 7R 1 ISR AT FEAS I TN 55 S MR R OG 2R o A ARBR N ST B AEIR B,
AAFR R TR L, 200 i ZARR B AR T2 (y = x ).

BO-VMD-LSTM KSR Pl B BIEE
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Figure 4. Scatter regression plot of predicted values vs measured values
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Ja& TR FE 5 ST RUAERE AR S A AN I S5 A N AL PR AE o SR Wk, e B DX AR R AT B AR GE R 70T 1 2R B
T, A H SO 5 RE A 26 1 DK e FEE T 05t A UESE VMDD 23 AR AU R T AT A 1 5 S A o i Tl
HE R

RS ERA AR 5 2 2 TP AR bR EONEDIE: R FEIE 1 OB SIS 28 S, RMSE Fl MAE )
L /INCEL D) A A TR 35 22 [ 4 %o et

3.5. e SXEE SR

BTl AR R ZE [F 2R 5Tt VR RE B AL, 0 3 AT 9T 45 B 5 30 AR Sk v 4R A o6 TAEHEAT
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Table 3. Comparison of ozone prediction performance of different models

3. TRIERERE TN REXTEE

TR 7L IX 35, R2 RMSE G/ S
BEALARAR 91| 23 0.87 16.70 B 2]
PRI GE T TR I 0.42 27.42 THIRE[4]
9 38 16 B [B VA A T 0.64 19.24 BT[]
BO-VMD-LSTM (&7 %) 5% 0.9044 10.06 AL

AT, AR RE IR T BT OO AR H AP FVE -

(1) VMD HISRERIBRREBL[S]: SR E T3 Rsthoe b A il X B S5 Bk b5 2 R
IR AT, BELRExt R AG AR T R85 2 B At P W k. VIMID 388 3 28 73 24 oK v J3E 45 2% () 5 91 F 3 7 L 3
I A BRANFEXT PR IMF 23 &, B B SRR A% R . LSTM £15% AN [R] A5 26 4y 8 43 il 27 > I
AR R, A ROE T R S BT I S S B A BRI A, NG S AR R TH AR T A A .

() MHIRRI LR IEES[9]: HELM T VMD 1 K Fl o BH KA E, LSTM (B
HOTE S R EERE . AT LR OSSN BO (U4 R 6], (EIGEN
PAT RS IRE, H B2 HR N T U R R R S 5L« R B RS B 2R TN « = 3157,
LA 43 B RN NF 5 W RSB 1 3E PR TR G BRME, X — RIUK [RIZRAF R AT S %0l .

(3) A% B MR S 5 A TR SERE[10] [11]: BO FARILFE I VMD AR 56 E 7™ % R 5 76 1 25
BN, Fhds TR BIER S RGN B R 2P 782 ORI LE LR UE RS BE I RIS, K FOOM b v 25 4%
FITERR NV FE Y, B3 7 ML AR AT S0 . LSTM [ 148U o I ) 52 21K Rl 06 2 A 283,
U Ay 5 A B PO RG i BRI 1 VAR 10] [11].

Zi b, BO-VMD-LSTM 7ETRMIKE B« O {E il S ANAS A 1 — 5 T35 R 0 tH B AR 3, SRR T B AET5
JeARB AL T Al SER R AR TT &

4. FERERE
4.1. EELiP

AHFFE LR T 38 H 2 S MV S5 v Eat, APt R SIsRAELRTE . mikshrdn) s,
FEIGAE 7 S VMD. T4 AT LSTM [ BO-VMD-LSTM JR& TMAR R, E3EL5 0T
(1) VMD S it JE 4k AT SRR T UM PR AR S o &, A2 T SRR AR PR bE R T ok
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X S N B AT
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IER B, F A2 Transformer, BHE REARERE LI— . 514h, VMD 7MRLEFP I Wi A4
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