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Abstract

Monitoring and predicting changes in PM2.5 concentration is crucial for human health and environ-
mental pollution control. This paper aims to investigate the issue of low accuracy in long-term

SCES|F: XL, wEPL BT CNN-XLSTM 573 [l R HL 1 PM2.5 i FERIITRINID]. ik TRE 5 M, 2025, 14(2):
371-381. DOI: 10.12677/sea.2025.142033


https://www.hanspub.org/journal/sea
https://doi.org/10.12677/sea.2025.142033
https://doi.org/10.12677/sea.2025.142033
https://www.hanspub.org/

XUHL, )

PM2.5 concentration prediction tasks. By integrating spatial feature extraction, spatial attention
mechanism enhancement, and long-term sequence feature extraction, a predictive model is pro-
posed that is capable of accurately capturing the trends of PM2.5 concentration variations over ex-
tended sequences. Specifically, the model first extracts spatial features using CNN and enhances key
spatial information through a spatial attention mechanism. Subsequently, XLSTM captures dynamic
changes and long-term dependencies within the time series. The model is evaluated on datasets
from two major cities. The results show that the proposed model outperforms comparison models,
including FNN, LSTM, XLSTM, and CNN-XLSTM, across all evaluation metrics, fully validating its ef-
fectiveness and generalization capability.
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1. 5|8

PM2.5 BTN EA/NTEEET 2.5 TOKRIMBURIA), DRI H 6 A\ A fi BREFN A 555 F B OR 52 0 1T 4 52 9%
H[1]. BEFREE, PM2.5 I —Lemsy, MERT5RE, BEASUEME, KA 68590 & 22 5w
FERTARE[2] R, BRI PN PM2.5 IR FEXS PRACHSE T . R A AR DA B AR S RGP B 0
L, MRS UER) PM2.5 W TR R 2 A R Ag FRERT A5 I it ) O B o

PM2.5 R EETRIE— A BRI i) [R] 7 41 1) fE, 2 BEHET- s PM2.5 R EEREAT TN . B RTTZH T
PM2.5 ¥ 5 TH0 ) = 3£ By ARG B e MR R3] B IR 5 1L 4 FIR 24 S 7 vk . Hfe e ikid it
BLAUL K5 Gt B AT T, AR AR AR HAH SR Ty . Gevt I AR B s Sk sh i R R 2, @
SRR R T A AR, (HAR AR R REE ST IR o MLESSE I T IE R R E R BB R, (AR AL BT
J7 AR AR 2 ) S Jo Pk I A A SR PR, AT -5 BT A FEE At 3L AR

REE 2251, WK IIE 2 M 4% (Long Short-Term Memory, LSTM) [5]. ¥ #1485 % 4% (Recurrent
Neural Network, RNN) [6]H15 #2128 I 2% (Convolutional Neural Network, CNN) [7], {EACPEE Z=9E2R M6
ARG T PM2.5 R EHAG 2S00 A F 2 AL s 2 (B R AR, A TR HE PM2.5 ¥R BE IR A
TR, BEHA, JCHER CNN 5 LSTM Z6MBAL, fEixMEA s 1Tz MH. fila, [814EH
f) CNN-LSTM HAUAT 7 7 AL s i H PM2.5 IREE, [9]503E T 454 CNN A1 LSTM M RLZE PM2.5
WREETM A R BT B — AL, SR, 1T PM2.S IR A B R E WA T, FariRa s
M DL S AR X 380 (Al 7S (R AR G M o 38 5 NS [RIVRFAE, B2 B8 B A 20t 0] FH &3 X S8 i Hedfs . A
T H& T X775 Ge) 2% 1B B 28 A8 A0 B TS B2 o VRNl it Fe ik R ARER, (1016087 M ek i 2 v = L
RE] CNN HESE A, B2 TARLAE PM2.5 F1 PMI10 RS 12 25 TINRE 5, STl T SEORS i PO 3 B TR

7E PM2.5 ¥ B2 (KSR TINATE 55, Bt SO0 R S r 3 m, ASERY ) 00 5% 22 2 AN W AR R IR 80K, S5
ST ()45 M DA 2 SR B e SR o I S BT RO AR E P R R B, DL R A AR G
I TR D¢ R AR RE TS 2 o IbAh, BUE PP ALE S B R m N S e, REE—EEE Rt
TR L, AR AR R, IGRIS TG, 3R M R e 1 A A AR 2R A SR I FH v DRI 2 N 1 0B AT
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X AT B2 T PM2.5 R E T (4 v A R T S

ASSCAR Y T — i g R ORI T R PM2.S IR TN, B AR R DR A I TR A T AT: 55 o
PM2.5 IR PE TG BERLARAT il Ao 2 AR AN Rl 1 25 (RS AESR B 2 1] T AL A48 5 AN I 8] 3 1)
EERERE Sy, I B BT G LA, OREE TR e R S .l BRI TT, ARSI
FAFRE B T AL ) PM2.5 RS TET T %

2. EXHEAR
2.1. ERWERLE

G P28 1 32 SN BORHE, T R T IR AT THSE AL A ARE F AL
BHAFAIIK . CNN E BB RMAL R AT RF AL SR, DA R R AT 20 2R ml ), SEBG Him A\ Hodis 1 22
AT . EEBRANR . BRE WM AEER RS OA M. W 1 PR, CNN B R S5
WG TRNR, 22 NSRRI, X v Do G e 2 88l . S8cE, BRUZ MM
WESLFMRR T CNN FRHER G 7y . Horb, BRUZIEN ONN 9%, 3l AR A A AR IR A
i 2% BE 5 25 51 B 5y BRI 5 A AR IEZ B IR J0 0 & . BEEGRENBZHS, MEFIHZHARR
STHER, BES AR A B A R R R R E . fEERE )G, T4 BO1E AL OR B SC B RRAE
F DI HE AR, DAk S PO RS LRI R R R KT A P AL RS . R, &
e R AR TR T %2 SR IR R IE AT A, SEIUN REAACRRAE R, R 58 23 S B m] I SR AT
%o WX — RFIAEFIL TR, CNN B RS R 2% KA A B0 A R OB 2 R RFAE, 9 PM2.5 IR EZ
RS HETTIN B8 5E 1 e SR JE i

Fully connected layer
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Figure 1. Flowchart of the CNN model
[E 1. CNN R BV SR AZ E

2.1. H RACIEHAICIZMLE

¥ K W02 M 48 (Extended Long Short-Term Memory, XLSTM)#& X144t LSTM [—Fhd &, B
I 5N T TR A AR AR AL G0 LSTM 1E AR FE K 7 1 B i 1 = BR A, B i A7 pe SRAS )
BAT. R EA RS THZESE NS . XLSTM 5] N T BAUEIT LSTM AR 57 B4R FE K50 e 12
W 4% (Matrix Long Short-Term Memory, mLSTM) H15# & 5 & K £ 12 12 X 4% (Scalar Long Short-Term
Memory, sSLSTM). 114 2 fizr, M a7 E FE T mLSTM HUREE . mLSTM #HR ATER AN 1%
Z R EFIHLUMLP)Z 18], i N B 568 i 352 K T (Projection Factor, PF) A 2 f)_ %52 #4E . mLSTM R ICH)
i NAEYEFZ 7 1) b 347 R 346 #5 (Causal Convolution, Causal Conv), Bl J5i3E N\ 1] 2% 3] (kK% $2(Learnable
Skip, LSkip), 55 {8 FH 7% H IR 85 R T8 70 B 1145, RIGHHT T, BeelR1R 12, LA
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Ja B AR sSLSTM U g K. M AEWE B 5ilid — AMBEREM, R REEAE]—4 sLSTM H.IT. &
Ja g E A MLP 347 EBGEM NG, K82 105108 4/3 1 3/4, LALREZHL

mLSTM i 5| NFEFFICIZ T8, BFRTT VAR MBS A ENELER, &
S B 75 72 SRR v O AT A R ZRAEME XS . sSLSTM 51N T #8001 MLHIRUE M AR R S BoR, i
XN T IR TSI NSR B TR, mT DASE BN A5 2 S N R (i o #5.25 T4R %00 14%, XLSTM fE
i 30 PR3 OR B BORE A AVRFAE X6 T OR B 5 e 2 P R s O I MR BOR R A | R Sf5 BB R L
X P, XLSTM 1R A B Fr 91 Kodfa Inf e B HE 2 25 ST A PR RE AN sl 38 S BE 70 L e 8 5 v
RCHAEHEI S R A K I RRAT 55

XLSTM

Figure 2. Flowchart of the XLSTM model
2. XLSTM 1R B 54 7 A2

3. RB4H
3.1. {REFRRES T

ASCHH T —Fh R T CNN-XLSTM AR ALK PM2.5 W BT 73, HmiEfREun & 3 fis. %77
TR 45 4 CNN Al XLSTM KL H, RemsH i PM2.5 ¥R B B0 b 10 25 (R AE AT Ao &R, A
T SEPL RS BE O BTN . CNN-XLSTM 5 2 f) T A2 56 DA T o<l 2D iR .

IR FRUER . SRR B ARHLIX (R AT RCER) I s PM2.5 IR FEHUE . X Lo BRI a1 K
(RS [R5 S, REREATHI [ B PM2.5 I B AR Ab i 4 A B BRVERRAE, AL Il 2 5 A H At 1 IR SE 4L
YRR

IR BE TN . X R AE R AR T AL B, DR SR PR . A SO P B T AL
EAES . SRR ALEE DL B IH— 1. @IS ER A ER ISR, #ROR 1 N B B el SRR — i, N
SRR SRR A = B RN

HIR= BURER D B S K BHEE R 7:3 IR I ZREMNNRE . Hd, IIZGER
T S0 IR EL, RS F T oA B B (R Z AL B I AN T M RE o X AR 40 07 SR 0% A Rkt
G R A, RIS Rf PR VAl 45 3 v
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AIRIY KR AR A L FE T CNN-XLSTM #J % PM2.5 ¥R & FARE Y, iZ AR 45 4 7 CNN fil XLSTM
IR % . CNN REBEA AR PM2.5 I FE A A 1) 23 (R 20 AR AE o 5 N3 IR Ao pL, SRR B
ATV YRR 0 X3, ATk — 5 1 o0t S 2 A] X S R RFAE IR BE ) o XLSTM RE G847l 12 5 1B 1)
JBE E SRR e Bl A (R RUBE B 2819 1 A8 4 DA S a3 v AR AL

R RTINS, FEYIZRRT B, IR B A A EE (1) CNN-XLSTM B8, iz [ f& 3%
AR TS 4, DU/ M TR 22

WIS RTINS A . MR HIZAT CUIZRTE BUMEEY, iyt H bR X1 PM2.5 92 TIME .
ATV AL 1 RE, JEE MAE. MSE. R2AENVPANIEFR, DA SR ) TR 1 5 800
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Figure 3. Flowchart of long-term prediction process for the model
3. REKHATNRIZE

3.2. PIEAEEVEENR

ASCHEH ) PM2.5 3RS K A TRINBE AL (R 45k i 1] 4 B, H OBt & 7 2 A ISR . 25 1e)vE
RN SRR I (0] PP F A RE ), R RAR A R B E NBE TR (B, T, C, H, W), i B &
RN, T FoRiHEE K, € FoRiBEES, H M W 25 RRa MG M. B, B
AR EBENB x T, C, H, W), HREAEERD 1) WA ARSI FEAR, DU CNN 3T 25 (A RHE S L .
CNN AR I 8] 5 1 2 8] 45 B2 (H, W)REAT B AU, $EBUR S ARFE, 41 PM2.5 9 8% . S0 4s
%5, S BRAFS, SH HERERIR NB < T, C, H, WY, Hrh HF W2 iy 3 AR 3 F 5 1) 25 1) 4
FEo B ROk, BINTER NG, AN R 5 A A 2 (AL B R R A, sh A TR
ANFRXIRAEE N, B, KR RS 2 R E(C, HY, WO — 4 &, AR ANB, T,CxH'
x WHIFITK & . XK EAE M, B XLSTM #f— DAL . XLSTM I 8] 5 571 2 52 (T) b B3R 1) 25 (1)
FHIE, AR HR AN (]2 2 1] B R A MK AR OC 2R, AT SR BT (R AR ME AR AE . )5, XLSTM
{1y R I 2 R W A T ZE SR, T, 1), SERRIUNASK T KH PM2.5 WREETUMAT S . @it ik b2
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Figure 4. The structural diagram of the CNN-XLSTM model
[ 4. CNN-XLSTM P 4& 1R B 44 ]

4. TWHREVE
4.1. WIESE

AR SCH PM2.5 i B RIR T < B 5K e SR R R s 0. SR s A Y ChinaHighPM2.5 #idE
£ 2 T ] v 23 2R v O BT M 3R TS e £ 55 (China High Alir Pollutants, CHAP) 1 PM2.5 04845117,
ZERAERAE T 2000 4E 1 F 1 HZ 2022 4 12 A 31 HEICLER T PM2.5 3. S 338 XERiE
RE RBIR2 4 0.92, H5HRIEZ RMSE N 10.76 pg/m®. EEJEE A hEHIX, 280 8% N 1 km,
I R] o> 29 H IR 78 55 I 20 45 A I H ] ) A B E A T X3, AR T IR EAN A X35
F S AL T, INFAIES RS N 2000 4E 1 H 1 HAE 2022 €12 A 31 H.

4.2. NN

XFT PM2.5 WREEAIITRIAE 55, %48 7 108 ek B4 M8 5t 248 P2 1) 25 IR S IR SR 22 A I )25 1) 73
MW, REXMINEELI EECON R, B H T PM2.5 R EE I 8] 7 51 B A RO A AR, B2
TR 5 R BORTE R, AT A5 R SRR 8 285 1) 00 &5 SR A 2 L SEAE BOK . i, ARSEISR A T — ik
TEARRA AT NS, &5 Pros. @I R AL I A5 A sl & DAL, D PR ki
A1 () PM2.5 IR, AT 280 b T 2R 22

BRI, XFFRE DL 10 REGEFAK 3 K PM2.5 IRFEERIAT S . BRI A ¢ 7 st 5
N t=9 Bt Ko BARREN R ERIERAR T .

(1) VAD St oufmoN, ERE R TNER ¢+ 1 R PM2.5 WA FF55 e+ 1 REVTIE I A far A\
Feo, RIS B due IH AR s (BRI 3E ¢ — 9 RIEU), TEBCER A A FHI(t—8 Bl t+ 1 R);

() TS Ja AP ST B B, IS8T RTINS ¢ + 2 KA PM2.5 IR . 528 ¢+ 2 RI
TMEE AR FS, FIR R ER t — 8 RIVEE, R TIE-7 2] t+2 K);

(3) EE LRI, TSR SIS — AN TR PM2.S IREEE, JFEh S E TR,
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Figure 5. The principle of rolling prediction
& 5. Rah TN REE

4.3. LR E

A S R R 20 245 B o U3 T R AT WAL R 3, R BEAN I T R 2 S 2 AN KA A B A X 3. SRR
B bR M2 10 R P sy5 Gk FEBAE TR ok 3 R PM2.5 iR A G Ol AR AE L %
NVIDIA GeForce RTX 3090 &+ 24 #ALH# A 128G 3847 A7 M5 1, SR PyTorch HEZLSIL.

Y77 1% 25 (Mean Square Error, MSE). “F-#J 4454 i% % (Mean Absolute Error, MAE)F1H)5E & B(R-Square,
R2) IR L 2] R A AR L i 5 oD R A 2 ) 8 AR A DRI, FRATTASE X =AM R AR R Z5 & LU AL 1)
PERE. MSE UK 1 KR ZE BIFEMR,  BOKTN R 2 v] fe 22 SECHI PM2.5 WKEE H AT IR ¥ 3K, MSE A
% YA b S B ot JXURS: . MAE o S5 L (R R0 PS5 A K A0, T DA 2050 A s 2 00 e SR A A %« R2
AN PM2.5 WIRFEEBIR L EFRRE, PR PM2.5 R EE K IR LRI RERE T o o8 LR -

1 )

MSE:;Z(y,.—yl.)2 )

MAE=%i|yi - 2

R =1_M 3)
2.(5=5)

Horb n 08 PM2.5S IREETUN I KRB,y RonE8 i MERESHME, 5, R i MFEARPTIE .
4.4. LR ER SO

N BRI (38 M A2 A RE FT, AR SCHE IE AN B3PS EAT T AR 3 K PM2.5 R 1 T
S, 4% 1 878 T FNNL LSTM LA R AR SCHE tH A 7E B ARIRk T PM2.5 IR FE TN A i P AL 25 5L . SR 2h
R, ARSCHR A AE N30 T BT A VA R AR B IS TR R, BT HAEAN A B AR
()2 38 P AN TS FE A 4 . 8 R T, AT FNN, ASCHEALZE MSE Al MAE B3 BIARAL T 75.00%
A 67.57%; HIET LSTM, 2HMRALT 66.67%F1 46.37%. 7£ R238kR b, 2 SCRIRIAR AL T R BLAR 1Y
LSTM, R2 #&7t [ 4.28%. £ LifgTh, ASCEAEFERIOLT, AT RILEEF X LA FNN, MSE
1 MAE 73 AlIBEK T 46.67%F11 45.08%. 7E R2 Fa s L, #HLL FNN A1 LSTM, 230 AI#E T+ T 12.04%F1 18.92%.
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XSS Rt — DI T A SO A B 0538 NAS FPA ST N (BRI, IR RENS A RUE B FINAE 55
(1 53 e M FAS A 5

Table 1. The results of 3-day PM2.5 predictions by different models
# 1. FRERFNA 3 X PM2.5 KEHBIITMER

ERae i) Y MSE MAE R2
FNN 0.0012 0.0296 0.3317
AR LSTM 0.0009 0.0179 0.6855
ours 0.0003 0.0096 0.7149
FNN 0.0015 0.0264 0.6237
kifg LSTM 0.0017 0.0289 0.5876
ours 0.0008 0.0145 0.6988

6 FEoR T A SR 556} LEAR A (FNN AT LSTM)ZE A BARIR T PM2.5 94 5 T m #3588 20 R 4 1
RERIL. MARBIE I 2560 5504, S 7 G R/ R G R, BRI T AT 200 450 . EIHPRE
ARFRF RIS TR (BN R), PARFRFR IR PM2.5 IR BECFRAL RIS R 277 K)o 38 % b SE R B (Actual) 5 A
AR ) T &5 5, AT AW B, ACSCHE H AR AE R 2 506 0 T 5 S PR BB N HaI,  Re) 7E T e {5
FMIC A B A 1 B

ChengDu (Test Dataset 200 Data Points) ShangHai (Test Dataset 200 Data Points)

—— Actual

—— Actual

—— ours
d -~ LSTM

8 -~ FNN
[
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Figure 6. Comparison of 3-day PM2.5 predictions by different models in two cities

6. AMETHAEHERIFNARSE 3 K PM2.5 3RE HIEAIXT L&

BARGHTRTE, ASCHERAEBEA I 8] 7 51 o 5 Se bR E R RE T B — 8k, RERE RS MERE T2 PM2.5 IR AE
s s, LURAR T A, FNN AT LSTM 78328 X 0] py B AR AE s BRIEE PM2.5 IR (AL ka4,
(APEMR BEAA SR BT A1, 403 110 RZEE 118 K, TRIMRZE SERIR,  JUH & AE W T 7 TH R DA
JEo AHEEZ T, ARSI B 0% v A 52 21 S BRE 1 BRI FI SRR, 17 FNN A0 LSTM M 0L T A [RIF% 82 1 i
JEEWZE . fE_EHETT IR AE T, 55 12~18 KM PM2.5 WL 5h A 9 535 . FNN 721X — X ] AE 5 5 i 1
O B BE SRR A, AR TN R e B A B R 0055, BTN 45 A IR 88 1 F sk
PREAFTE— B ZE . AHEZ T, A SO AN e 68 A T S5 B (e R B AR AL R 55, SR i /N i 30y s
SR AERIU R O BURE . B BN R AN, LSTM RO 232k, Blinse kg ss 183
Ko N ARSI 55 =K, FNN AT LSTM 2225377008 0.016 F10.013, 1M A SCELAY ()= 22 {H 0.004,
X — I 3 72 R AR SO R SR (3 S RO SR A 800 T iR ZE AR B, L AR 68 B R b S A AR
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TR, R EE R AR AR PR Y .
4.5. JHRASCIRER S o

N T BRIE AR SCHE R PR A GBS R (2 RV B ST LA A0 25 (R R S OB ) i e B, FRATTBE T 1V
RRSEES, B TEAR DT B For — AN B MR B (PR RE R . SEIR I B T A5 wo-AT (B 23 ]
T LA BB R wo-CNN + AT ([ it S5/ 2 TR 2 o AL R 2 1R HE SR AR AR ) o AR SCAE AT |
WERRAIT AT ToRK 3 K PM2.5 IREETRIN AUTH AR SESe . g 2 Fow, AR B E /b 2 a) 3 2 L i
(Wo-AT), HAFICHEZS AIRHE AR A8 V) 38 T Re, SO0 PR 5 Jo) 3R B2 (I AR AY, M3 AT
DREFERRAR . LSBT A, A5 2 [l T L 0 78 AR A A LG wo-AT 142, 7E MSE fiads LR T
57.14%, £ MAE fat5 EFECT 16.52%, 76 R2 484 L3EFET 3.97%. A5 B[R] i il /b 2 )y 2y HL i A
25 [ AEAE SR B LA (wo-CNN + AT), Lt PM2.5 <40 A5 (1) 25 1A 57 B ME A $E A 0 B & 0ks8, S EURRE
ooy R 2 R, AR TN I e — 20 R PR . BRI S, ASCIR M sE A R A LG wo-CNN +
AT f5%, MSE KT 66.67%, MAE BT 53.17%, R2 BEINT 19.01%. XSG 45 I iEs: 74
()3 5 77 L) 60 23 RSP AL 5 DR R B0 TSR Tt G B8 7y T ) 281k

Table 2. The results of 3-day PM2.5 predictions from ablation experiments
2. IHRASCIEFUNARSE 3 K PM2.5 IREEIRRNITAE LR

ERae i) A MSE MAE R2
wo-AT 0.0007 0.0115 0.6876
AR wo-CNN + AT 0.0009 0.0205 0.6007
ours 0.0003 0.0096 0.7149
wo-AT 0.0016 0.0225 0.6317
it wo-CNN + AT 0.0020 0.0236 0.6083
ours 0.0008 0.0145 0.6988

K7 JRoR 7N FIBEAE HARITT PM2.5 IR EZ TN i PR RER B . IR AR B S 2560 2% K,
N T T R A R A R I T AT 200 25 EE - [ TR AL BR R R I ] (AL AR, hALRFR R PM2.5
W PE RN N E RS TT oK) o MBI AT DLW R LS 2], AR SCHRE Y 1 e B VR A AL AR R UL o O TN 1 e
FLTI b 2 55 S BREL R G 45 B 5 g o

ChengDu (Test Dataset 200 Data Points) ShangHai (Test Dataset 200 Data Points)

—— Actual —— Actual
- ours :
wo-CNN+AT
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0.150
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(ug'm~3)

< 0.100
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Figure 7. Ablation comparison of 3-day PM2.5 predictions by different models in two cities
7. ENMEHARHERIFUNASK 3 X PM2.5 K E HUR A HRESCLE X L &
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BARGHTRY, ERA AT BT, b 28 ) 2 T H L AR 2 (wo- AT) TIUIRS % 1238 %,
TR AE AR ST 7 TR IAEE . DARGES T ], 7E568 46 K, JLIRIIMELAH LU S VR 2 &Ik 0.03, B
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