Advances in Environmental Protection #3E{R3 AT, 2026, 16(4), 513-519 Hans X
Published Online April 2026 in Hans. https://www.hanspub.org/journal/aep
https://doi.org/10.12677/aep.2026.164051

ETKEHICIZINERERENZESREZRX
FTUNRB 53

Kirmrt, ARER?

UHR AR R A IR A R, Bl 58 ASE
PR KAt SRR R AR, BTE SEATT

Wehs HEA: 20264F3H7H; FHHEM: 20265F4A3H; KA HM: 20265F4H21H

HE

RAGRIAREF LTS AR RAEEERMN, PS5 SR BRSO 32 BT P s 3
PiiE R EERE L. ASOLETREFMNTERYRERRM, 5 B AT I 3 = Se R — R AR
BRRAEVER, AN60NTIZR & b ik il RINAHEA G, WESMMRRELEIBMA, HRKEH
CIZR(LSTM) S H . SRR B S HRIHEET RASPT. LRERKRYA, LSTMERIFER?, MAE
AMRMSE=TR#E b7 L3R T F AR AR, REMpSCILbRE . AER BOTS JeiR B — TR, A RORAEE
XK ia

3, WERS, RERCZMNE, WERIE, W EFFI

Air Quality Secondary Prediction via
LSTM-Based Bias Correction

Panpan Zhang!, Yingying Hu?
Xinjiang Inwho Data Technology Co., Ltd., Urumgi Xinjiang

?Institute of Statistics and Data Science, Xinjiang University of Finance and Economics, Urumqi Xinjiang

Received: March 7, 2026; accepted: April 3, 2026; published: April 21, 2026

Abstract

Air pollution significantly impacts human production, daily life, and public health. Research on ac-
curate prediction of air pollutant concentrations is of great importance for early warning and pol-
lution prevention and control. This study examines the influence of meteorological conditions on
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pollutant concentrations while considering the calibration effect of measured data from adjacent
monitoring stations on primary prediction models. By selecting an optimal combination of features
from 60 predictor variables, eight typical deep learning models are constructed, with a systematic
focus on the architecture, hyperparameter configuration, and performance evaluation of Long Short-
Term Memory (LSTM) networks. Experimental results demonstrate that the LSTM model outper-
forms other comparative models in terms of Rz, MAE, and RMSE, enabling rapid and accurate sec-
ondary prediction of pollutant concentrations and effectively identifying primary pollutants.

Keywords

Pollutants, Deep Learning, Long Short-Term Memory Networks, Bias Correction, Time Series
Prediction

Copyright © 2026 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. 3]

ZRASTT Y o SRR T R RE SR R R A (g R B A . B T AR T AR b, R
ZHINE H I LA PMasy PMo AR AE(Os) N B 2205 i 2 s e 0, o RAES . ZS@E AT AL T
AR T BER . B, RN S SRE I, SRR HUOANS e B R B et i, B
HEMISLE .

AR R TI T VE R FE A N =8 BB TARAR Y | G A BRI 45 27 S BT o B TR AR B (i CMAQ.
WRF-Chem)J& T KAWL ZEWLE, RS HILS ST BUS e Ad R, (H L T0RS B2 32 HETBOE A
ENE AENIEA E AR EYIRY R E RN, FAAERGEMZE[1][2]. ARIENEmWZE, HFEHE
PR IRTI B AW ZE R R BB, RIE T RUE TR R, S5 G Sl AL i G v B L A A ST AR A
1T JE AE T3] [4].

TEMZE R RSN, AR ZFI7E . ZRVERN RIS (5] )5 DR FEmT AR s . TSR B a2
fEFH[3]-[5]5 BEALARMFIRS LB S5 48 i IR AE S PR AR Lot 08 R 07 T R I S (6] ATk, IREE )7
%, RHRKEHNCZ ML (LSTM), [RIHAE AR ER ] 77 51 8005 o KRR ARl J B e ss, 13 o =
AR BT IIE T2 5 (4] [5] e ATV PR A5 0] FH A 428 [0 48 Sof B3k o5 25 /S SR B AT TN, B6AIE 1 VR P 2 ST e
AT A A B [6]-[9]. SATH, BIABIALZ & T — B R g, XA . S HuEHE. SRkl
Gy JTE M REVPAL I R G AT AL, JCIAERTRF I A, ISR BRiF S MR R 407
ALY ) A RE DI VEAL,  RR IR A

ACHET 2021 F 4 EHF A SR B R S AR E IR, BT CBCE IR IR
. SEAERFFRMEL, A EBETRERET: 1) KGR T LSTM MR K48 45 1 58 S50k B 1K
5 2) A% E X T R MAE. RMSE = IiVEReEATa bR, FFUIH 1 8] 5 20 80 1) 4 |2 R 40 J7 ik 3) £
PHEHR 7> 3T SOERHRE A RV E REEAT 2 M5 4) T8 VS IE L ZEVEAS 0 AL SAE R IE, 1 98 145 2R
(10325 B 5 mT S IR

2. BRTAIE
AR SCEAR A FE TS YR E — R TTEREE . SR — VR TR SR « SR S IR RS Yok B S S o

][l

DOI: 10.12677/aep.2026.164051 514 IR AT


https://doi.org/10.12677/aep.2026.164051
http://creativecommons.org/licenses/by/4.0/

TRy, WA

SV R AMB IR R R, Bl AR KRR H A SO PLE IS 5 A TESR A 25,416 2518/ Tl
BRI, B SR 9o TG i 57 1 (B (G20 AT 60 5 U)K T 1 A0 s 2 9 o 1y e ) o T A58 FH T/ &%
5 BRI B BEAT B kb o XA E OB AT VT — A AR B, DU BR BN, Jf oh R — R e 5 5
IEH ) 224

AL, SEISR ORI, — RIS AT AR R 0 A58 =K 24w U EHE B R — i AR
TG B 2 BTN = R (BT 2 RTINS A 1 R  = R T0) o ARE I I 18] 5 R AE AT H R 2 4H, 72
Python R FREINEERI 7 v =20, Zp i gR =ML, T30 2021 4 7 A 13 HE 15 H RS K
J.

3. FHEEEE

RAMFTEBAEE Al A2, A3 =AM G EE, @Id SQL LA (A A3 2L & R DU M I A5 ) 15
MRFA R RABEVARAKE SR EEAT R Z I HEFE , JF45 & Pearson H 5 R U i vy AR S AL
B EEERRAAR R, REM 60 NMIRAR PIRIL T 20 M RARIERIRHE

T JER T 20 MRFALAR B 0 EENER 0 (BT RENLARM A — (L 2 E) . Hoh, =i, HRIREE
K FHRERR S AR U A S ZANEAG 0 iy, R WIRR ST 26 AF AN RIS R WIR AL B & R . 15t
JEREECE AR AL AL A2, A3)Z REBEAHITS, BRI B O AE TS G RS R ke G A
Ao 3Tt 10 m XG5 KA R NIE,  EHIE 17K PHIE x5 4 7 Ai iR o

Table 1. Ranking of top 20 general optimal feature variables
# 1. BASM 20 HHEEEHE

oy AR AR e AR AR
1 Py 4 11 TE P &
2 MR 12 i3
3 X B A 13 9
4 KRAUE 14 AL R
5 R EE 15 Wi 10 m XA
6 B ZE AL 16 i 10 m K FI(AD)
7 U EEE(A2) 17 i 10 m K FI(A2)
8 B R EE(A3) 18 JEHL 10 m KU [FI(A3)
9 b 2 m R 19 JEH 10 m XUE
10 R & 20 &

Ve EEPEAA T BRI B, SR AT, S T B T4 SRR
4. FEZEIRE
4.1. BUERIS

BT A B NI )P 51, S G A RS Bl , TR TR &1 o B 4R . LA 2021 457 H 10
H R B NI ZREE(Z 70%), 2021 4E7 H 10 HE 7 A 12 HNRAFEE 15%), 202147 A 13 HE 7
H 15 HAMAE (L 15%). BiEEH TESEORN S F5, WHKENH T RAERITE, A 5H80)
SRS A

DOI: 10.12677/aep.2026.164051 515 N RI R Y


https://doi.org/10.12677/aep.2026.164051

TR, W

4.2. REMESBSHRE

W =R EMEBFEGT 2 K A 1R MR 5 5RAEE RN 20 NMEEH A S 8 FiiEAL: LSTM.
YRR VR K ITAR. PRI, BENLARMR. BAREE TRE. RSB I2EAY A 8 AMRAL, 3% 24 /Mt
A,

LSTM HERUCRH B2 S5, B Z R ooE0N 64, FINTFHIKEE N 24 (XL 24 /NEFES 20 K)o Y
LERWRICN: MINE — LSTM JZ(64 #.55) — Dropout Z(EFH K 0.2) — EEEGEL 1 45). #3H
WEMT:

22 0.001, Adam MRALZRERINE, ZI0UFENRISiFaE

REERAD: 32, PR S BAREAG THRG FE

EARH: 100, FLG 15 (patience = 10),  DLISHIEGEAR K e MUK € B EL

WREH: T IRZEMSE);

BIERE: LSTM WHCKRH tanh, 14 °RH sigmoid.

RS HOE T AR R (A2 [0.0001,0.001,0.017; fEEA/N: [16,32,64]; FEGKEATT: [32,64,
128)FERAIESE EfiaE, LABGIESE RMSE /M AR R BRI

4.3. MHEEThIERR
K = I bR PG AR 1 A«
WERE(RY: Mt Bl e, HHEAR N
R =1- Zinzl(yi _)E)z ’
Zizl(yi _y)

Horp p, TN, 3 W B AT AME . R BUBTE R (—oo, 1], BEGE 1 Rl & R RMLT .
WHRRERMSE): BRI, SRR ZBUR, THHEA KA

N R
RMSE = ;Zil(y[—yi)z .

SEHAEIHREMAE):  STRIR 2 KK, SEILT RMSE, HEARN
MAE:%ZMM_JA’J'

4.4. BEVEEXIEE

AR 15855 BBk score /&3 T R2. RMSE. MAE W44 InAUS 70 (R2 BLE 0.4, RMSE 5 MAE
%03, ZF—WJERM), 75 =PRSS TS EAEAT S, PR R g 2.

Table 2. Average scores of different models on the test set

% 2. FEMEAEML & L HTFHES
Bt LSTM  AMEA REH KR4 o BT S e

Score 0.922 0.214 0.238 0.912 0.325 0.903 0.893

R? 0.874 0.512 0.528 0.861 0.603 0.848 0.839
RMSE 6.23 12.87 12.54 6.87 11.23 7.12 7.34
MAE 4.12 9.23 9.01 4.67 8.14 4.89 5.01
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Figure 1. Comparison between LSTM secondary predicted values and actual values (SO2, Monitoring Site A, July 13~15,
2021)
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Table 3. Predicted values, actual values, AQI and primary pollutants of pollutant concentrations at each monitoring site
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2021/7/13 MRS AL - 594 18.18  48.13 1153 30.15 0.48 49 PMo
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