5T GAM-CMAQ I #EALHTHY CNN-LSTM Al

CNN-GRU W) Z R a5 Hh X
BF H R R EE ]

PRI, BRI, EEH®, b’
1N B ZERI A BeBIRAE R, [ 4R M 511442

2. BEARFEFER, &N 510006

3.UCLA Statistics & Data Science, USA
BEERNREFSRXIENREANBZARNAA, B ERNREAVERN FRBEN AXKZRMZFHIZM0
EXEE, NEEEFHREBESENSTISRY, SHEES CMAQRIE, BEIS—E/MM, BREFRIFIH CMAQHE
EERDIRERRERB, AXRET—ME#GE, BB XINMER (GAM ) L2 CMAQ#IE, H&EERIR
#HEMEL (FNN) . CNN-LSTM# CNN-GRUBREIHTRERERM. FIFA2018FE4H26HE2020F7H31H
IFEEEMRENGOEIE, RONEW, BRTRE GAMLERNHE, £ GAMAEBRHEEINHIRE EARIE
{7 34.82%. 37.66%#29.89%, Tnth GAMAEIHESTHNBENEEMR. 1, EEFZSH CMAQEIER
RESHIRERMA, XMW ERM, AARSIASRBEZME (CNN) LUREEIERNFEEMNHE, #E—FRIET CNN-
LSTM#1 CNN-GRUR BRI IRE, 2 AIIAEI36.6% 133.20% MK E, BEEAMEENRNMEELLE,
CNN-LSTM#1 CNN-GRU £/~ H R ERFRRIMERE, B, AXEWUER GAMTRLEFR CMAQ#IELS CNN-
LSTME; CNN-GRU &Y #H1T R G ES o
GAM-CMAQ; R&; FNN; CNN; CNN-LSTM; CNN-GRU

Daily Ozone Concentration Prediction based on CNN-LSTM and CNN-GRU

Model Coupled with GAM-CMAQ Filtering

Su Yongying', Shao Jianfan?, Wang Guochang?, Xu Shirong®

1.College of General Studies, Guangzhou Vocational College of Technology &Business, Guangzhou, Guangdong 511442

Abstract :

Keywords :

2.School of Economics, Jinan University, Guangzhou, Guangdong 510632
3. UCLA Statistics & Data Science, USA

With the growing global concern and in—depth scientific research on ozone pollution, establishing
an accurate ozone prediction model is crucial for mitigating its impacts on health and the economy.
Existing models, which either only consider climate and gaseous pollutants or integrate CMAQ data,
have achieved certain results but fail to fully utiize CMAQ data or suffer from noise accumulation
issues. This paper proposes a new method that preprocesses CMAQ data through the Generalized
Additive Model (GAM) and combines it with Feedforward Neural Network (FNN), CNN-LSTM, and
CNN-GRU models for ozone concentration prediction. Utilizing data from a monitoring station in a
certain area of Guangdong Province, China, from April 26, 2018, to July 31, 2020, we found that
compared to the CMAQ data not filtered through GAM, the mean square error of the CMAQ data
filtered through GAM was reduced by 34.82%, 37.66%, and 29.89%, respectively, demonstrating the
significant effect of GAM processing in improving prediction accuracy. Furthermore, considering the
noise accumulation from multiple days of CMAQ data that can negatively impact prediction accuracy,
this study introduces Convolutional Neural Networks (CNN) to extract local features from the input
data, further reducing the mean square error of the CNN-LSTM and CNN-GRU models by 36.6% and
33.20%, respectively. Finally, comparing the predictive performance of the proposed models with six
other models over a three—day period on the CMAQ dataset, the results show that the CNN-LSTM
and CNN-GRU models have the best predictive performance. Therefore, this paper recommends
using the CNN-LSTM or CNN-GRU model based on GAM-filtered CMAQ data for analyzing ozone
data.

GAM-CMAQ; Ozone; FNN; CNN; CNN-LSTM; CNN-GRU
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KHIRE TS5, —%A0 CO). Z&MH (SO, . EEMM NOX) . FERMEHULEY (VOCs), B (0,) . EEEMT]
SR (PM2.5 1 PM10), EW) 2 UESERS A28 e Beid p i s 5% ( Kampa Fi1 Castanas, 2008 ) ", 33 #ufa B[] U
AMRAEVE R, BN S RTRIERE RN, DUALECRH], 23505 RS AT RS s TR L) 5.8302{Z AR (4 GDP
0.03%) (Zhao, X, 2016) ¥, fErfilE, TR, A HIIX B EE PM2.5 Al T wg /7 W R SR 405 e B H 46 i, sk 4
BROGEMAEA (Lu%s, 2018) ¥, HEEMRATRFHESHRNE, IR REREMZIHE (Chenss, 2020) 1,

FEIIL, S ) ST AR TR A R S SRR TS R A B XEE, I BIBUGT R —mis e, R AI A
Y, IR, R CA 2T T A2 S5 Rk e, AR e M | Seit B FILER 25148 ( Chemel 5%,
2010; Grell%:, 2005) %, JXEFIIAE EAMRR A0 LAEfE 2R, HAMRGETSAFIH A A EDE, 1 CMAQBZEIE. 1t
Ab, X LLRETULE Qb 2 R AR AT RE S BRI AS , UMM PTG, BRI T — Rl GAM I 5 Y 2 SRR 25 A f
Trik, BEER T SO (GAM) JiE CMAQEUE, &G GRIERMZ (CNN) FIHKEIITZ /% (LSTM ) B 0GR 50
(GRU ) et B4R FBE RO AR T: . X EAMGEA R T CMAQEE, M@ GAM iy T S, @ CNNSREE A
HARO R AL, SRR I A B A < A R I R RE T

—. BIEMIT (G iEts

(—) iBTmabIE
ARG IR H R AR IR A T R A I — S SR
Wk, WS AR 20184F4 H 26 H 2202047 H31 H. B T
SURWREERER, ASCEWUERE T UEAME R, 45 H R
E. BHEREKSE, SHTEASUE, RIGRE. SHRER
FE BEHSFBREE . BEHTIRE AR B H BT
H s AR BE . A F SR A . k40 KU
HE KA P G 45 H RN KR 4 H R BRI XU
8o ok kel By A b TR W T AR e 2 o R TOIAS AR 3
(Bai%, 2016) ", FrERURAR AT RE B g, 2o
AR LRASCHR A SRR 2
N Y 3B G B A A FE AN TR SR R T A RS B 1 ]
B, N SEEIHHA AR — . bR — AT
Y=2TH
O
Horh p M o S BIFRRAE BL x BB RIRREZE . (E RN TIOELA
WP (R BN A CMAQAE,  Ho IR IR R T AR i/ 2
. P CT TR B
UEAh,  RUAAI RO AR e e A i, DUE S i b ST X
FRE . U R AT
W =W, <)
W, =W, x(cosW,)
W, =W,x(sinl)
max W, =max W, X(L)

180
max W, = max W, x (cosmax I, )

max WV, = max W, x (sinmax ¥,)
T w,w,) A1 (max W, , max W, ) 53 FoR A 43P 1]

AT HBORBHN XU, W, W, max W, Tl max W, 433387 H ik
SEBIRAL R P )G H e KBRS XUR T H ok B
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FRF XU

(=) CMAQ#iEitiE

CMAQASFLF= A I FHR B & T 2T f A
FAGAL, XA T AR R TION 2 G B, AT, H T
PUITIRSER AL I, CMAQ B AN T 3 G b 7 A TN it 2
FAMER S T i e SR RE S, A SCR A 7T
JERTY (GAM ) & CMAQ#WE#TIIIE, GAMBEIINT

y=fO+Zpl:fj(x/)+5

Ho f R NEEI,  fo- f, FRRIEE, & ZFEHLIR
o TR, B E(f,(x,)=0 .

N TSI AT GAMBI, A AL ERE LY
TNAEBEREL £,(x)) , WBRSREE . A 3SR/, A=
K ESRRESRAE, FREI MU AR T HE

PRSS(fy i furs f,) = 2 0= fy = 2,5 4 2 B (£

Horf O RERISEL f0r) FT £,(x,) IS
FH A& SRR Al o1 7 SO A A, 2R Al o Sk
W
Algorithm1l The Backfitting Algorithm for Additive Models
Linitialize: fo=EQ). 1= ;0= 1,()=0,m=0
2.lterate: m=m+1
for j=1 to p
L S R WAICARD WAICS

k=j+

M) =ER|x)

»
Untill: RSS=EY - f, —Zf/"’ () fails to decrease
p=

S, RE GOV ENREERAET 2%,

(=) iFfhtRE

RTINS TFRs e AN FR AR R B, Bl P07 iR
(MSE) . Frifi2% (RMSE) FITHI4E0 525 (MAE ) o B L
LURNY



A N2
MSE PGS

n
NEENEY
RMSE = 12,00 =2)
n

MAEIZi yi_yi‘

n
T p, FORVON W SR, y, BRI, n it
FEARZ R, BIREES T99REAR, =35 JIZEE (50%) |
I&IESE (30% ) FIEtEE (20%).

—. Bixig

AHFFERA T =R 1D BRUEMEE (CNN) |
2% (ENN) 8567 CNN BB HIC I M4 (CNN-
LSTM ) S TH#AERATT (CNN-GRU ) , PAT 784 S X
B H AR

(—) BTSRRI 1D SR ML

G % CNN @ —FIER AR, Rfilid & T HLE,
B EREDE, WEGSSE . NSRBI, PAaRB] . EGs
FE, EAH SR IHESL, ASCR 1 SR
45 IS (A B A R R AL . X T I L B dfe R B
AE T AH SR EAR R T 2 B 2 06, 1 R 45 mT L
TRV AIEIRIE . 1 GRS EZEHUHA R

K
Y= z WX jat
k=1

Horr, KRR UE W g K,
Xy, Xy, RN AR

Wy T VR B 2,

Kernel Size=3 -----
Twe L ow | ws
- T -
X4 ‘ O X3 ‘ Xa Xs | Xe } x7 |
'
v
Y1 Y2 Ys Ya Ys Ye Y7

> E1. 1 ESRA0ESR
FEAHFEH, CNN I B % PR R Ak BRI 14 J oAt
X, FESEA LSTM I GRU BRI 5 s NRFHIE. A Ti%
PRE A ETANTIAS, DA e 2 I R e Bl P i =)
Ei eSS
(Z) BFEEERMEEFSIFTNAE REE R
HITATHZER %S (ENN) S&—FiEARAEM 44, BER T
JETE R I RE ST (Bebis and Georgiopoulos, 1994)%, FNN
HEANZ . BRI 24 TR 2R E R, FNNRYE
— IR SE A T AR MR R I (Sanger ¥, 1939, 1E
ENN AR, B Stk e Fe AR 2 oS A 2 2
B0 E245 M7 FNNBIHEZE, FNN G Ze R el i
IR N B it BRI R T
S0 Z g0 4 po
a = £(z)

a® =0

Forp, 2O FORE0TE, o FRUNE, w0 R, Y
T, RIPEREFI W TS8R, AR, T
LRI, S ST DR S ORI A v L, SR
RAIT R . METTRER BT A BRI

T NN 58 R R0k, 8 A F S s A e ) 3
i IRAT BT A A R 23 S5 e R IO SR . TR 58,
FNN .+ 5 CNN-LSTM Al CNN-GRU R EREH S, DLEG
UEERARII o 4 A A st

| Hidden layer |

| Output layer |

> [E2. FNNHIHEZR

(=) AFHREFFIFRNAK RIS MEMIE BT R T

TEIAFZR LS (RNN) /Ey—Fi B L IZRE T IR 22
%, CEBOENIEAL BN (A FP8 R TT TR . RNN TR
S A AR S A i T B IR BRI N 25 4548, 43 RNN RA H
SUBRES ] o AHET AFPRIEHCHY, 2 B IR Bl 1 ( Bengio
85, 1994) " TR IAIE,  ARSCHIN T R AT %%
(LSTM) FlT#EEHRE$TT (GRU) .

[T R B P (5 SRR SR BT RE D, (AR T (5 R
BEFEHEICZHNER, E3%AH T LSTMMMIESR R A,
LSTMAEN—MEERHIZINERTATE, AT (i) . ]

(f) AT Co,) K 45 1 3 LI 5 5 1 72 (Greff %,
2016) "o LSTM HEEHLEITFRAT CRARHITTEPLEI A0 4
JiR)

¢, =f®c_ +i®c

h, =0, ® tanh(c,)

¢, =tanh(W.x, +U_ h,_ +b,))

i =c(Wx,+Uh,_+b,)

Si=oWx, +Uh, +b,)

o,=c(Wx,+U,h,_+b,)

Hrdr, e, FRARIRA, ¢ FRRBRAE,  h,i, f,0, 35FE
REERUR S B AT, ST T, o) RRBELTH R
2, x, RN

ht
Gl + ; »C:
| £ l:
: I (—> )‘( tanh ;
i o o tanh l 1
- |
|

( 0 —@.4 ] ht

> [E 3. LSTMHESR
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1 [

Cre=t (x) i — Ci Ciua 1 x )
i 1 > /
i | A A
| ’ X tanh | (—): )
I [ R
I I -
| a [of thh [ C a
[ e I A 5

et —. ) Ta Ex =3 h he= A
_ [

Xt Xi

> E4. LSTM HE#H
5 LSTMAA M, GRU AT & 3 (77 =02 /5 5. (Yang %%,
20200, GRUBIANTHEHIT ( 2, ) DIHIEWLZEETTLIRE, i
[T EE TR R S & TR T A — MR A, B 5
JERT GRU FIIEZE, GRU /NI TR T .
z,=oc(W.x,+U_h,_+b,)
rn=cWx,+Uh, +b)
h=ocWx +U,,®h,)+b,)
ho=z,®h, +(1-2)®h
i, x BREN, b, PR R0, 2, By IR
FHTIAEE, o) 2R mEL

he [B—

a—=—->@
|

- Dotproduct (@) Addition of vectors (@) Vectorslement mosaic
> E5. GRUIEZR

LSTMFA GRU A& 5 Al &b B I [V J7 51 50478 1 08 ARt 222 oA 445,
REMP AR KIS OC 2R o TEA SRR B T A HIL R AU FE AR 1
W B 2R, JF 5 CNNARZ &, #4H CNN-LSTM A1 CNN-

GRUBTR, DA m i A ot o

=. SEESMR

RS, BAKERES A (50%) | BAFLE (30%)

F2: MFBIT T2R T3HIRTIUTEREILE:, TINADI—XK, PIRE=RAT

a Hx »h

R (20%) , BEARATNACSE 3R A RAAIRIE, # 8 TR
AR =, AR TR, H =R I 24
FNN, CNN-LSTM#1 CNN=GRU, 3K 6 i £ s i 751
TRERRIE . TEIXTUIFR, B SR RS 10K,
DU EFAUEIR T B AR KA, DAME B T AT LA
Frife o
(—) GAMEZEEZFEHRIRM

AT IAEEE T GAM AR S e 5 T 4 v T A A
A FNN, LSTMAI GRU Z RSk L d: T2 (4 GAM IS
) 5 T3 (K% GAMITIE ) ITNEMLE, 4552 o
TRe WFE2HTRIH, XF T2TE, ZRMER G A A
F T3, LLENNAHSAH], SFF H—Rurimim, T2 RMSE
[ T3 298, MAELL T3L£94; X T K a7 iy m i, T2
RMSE H T3MZ13, MAE L T3MRL 2, & FRAKIMNT, —Kul
TR GRU [PERERT, TR FNN R

R s BRGSO SR

T1: Previous ozone concentration only

T2 : Previous ozone concentration plus CMAQ auxiliary data(with
GAM filtration)

T3 : Previous ozone concentration plus CMAQ auxiliary data (No
GAM filtration)

T4 : Previous ozone concentration plus Meteorological auxiliary data
T5: Previous ozone concentration plus standard Meteorological
auxiliary data

T6: Previous ozone concentration plus CMAQ auxiliary data and
Meteorological auxiliary data

T7 : Previous ozone concentration plus CMAQ auxiliary data and

Meteorological auxiliary data (standardized)

FNN CNN-LSTM CNN-GRU

Predict day MSE RMSE MAE MSE RMSE MAE MSE RMSE MAE

1 1076.58 32.81 24.63 884.56 29.74 21.98 854.22 29.23 21.89

T2 2 1033.57 32.15 23.67 1063.54 32.61 24.25 965.65 31.07 24.06
3 1364.38 36.94 26.04 1372.50 37.05 26.14 1278.67 35.76 24.96

1 1651.61 40.64 28.40 1418.97 37.67 26.03 1218.37 34.91 24.67

T3 2 1286.50 35.87 25.20 1408.64 37.53 26.10 1227.39 35.03 24.70
3 1428.21 37.79 26.19 1414.66 37.61 26.39 1314.88 36.26 25.17

( =) FIF CNNEHFZER A0 AR
A/INTORE G CNN FESUR U B TIOR3 B R
TG SCIRAE B PR 25 4471 CNN R 45 & BB IR i R S5 e
T ME B8 (Qin4E, 2019; Yan4, 2021) "M 7R 2K ST
R ETUE AT LSTM A GRU RITIES, i T = 250
2, NSRS AR (RS B R A . M —
TR T2RIR SR RE L T TEATE, PR A 4351 FH PO
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T, LSTM. GRU, CNN-LSTM A CNN-GRUF| il & T3.2
AN R R TN — R JE W R AR, S5 R IF3, WFE3HT]
M1, Joie A CNN-LSTMif /& CNN-GRU, H:M:REHLH LSTM
FIGRUZE 47, LLT6 M), 5 LSTMAM 4, CNN-LSTMH)
MSE. RMSE# MAE 735l F#% 7 381.07, 6.58, 3.2, [wFEHE,

5 GRUMIHA:, CNN-GRU ) MSE, RMSE 1 MAE 43 BIAE T
337.38, 5.2, 4.39, HIE WM, CNN-GRUBEIEE T6AHRES



=] = B
) MAE A2 20 UL/ N o T2 |1094.68| 33.09 | 23.17 | 1 | 854.22 | 29.23 |21.89| 1
F23: AUEFFMEIIFT CNN B AR fikAE AL
T4 [1392.75| 37.32 | 27.68 | 9 |1203.31| 34.69 |24.14| 8
LSTM CNN-LSTM
TS |1582.04| 39.77 | 2891 | 4 [1316.89| 36.29 [25.79| 1
Dataset lag lag
pattern MSE | RMSE | MAE period MSE | RMSE | MAE period T6 |1016.26| 31.88 | 23.63 | 6 | 678.88 | 26.06 |19.24 | 1
T1 [1251.00| 34.86 | 24.67 | 1 |1270.68| 35.65 |27.06| 2 T7 |144521| 38.02 | 29.36 | 2 | 806.39 | 28.40 |20.37 | 1
T2 |1096.83| 33.12 | 23.99 | 2 | 884.56 | 29.74 | 21.98| 1 (=) MRS LRNHBE
T4 |1505.57| 38.80 | 29.29 | 10 [1217.43| 34.89 | 2526 | 4 B EFAS /NS ETTAL, etk CMAQ XU/ Bt
T5 [1555.98| 38.16 | 30.01 | 5 |1269.18| 35.63 [26.30| 1 JFH FNN. GRU .25 A8 PR 28 0 25 iy A\ A0 Ak R SR v 70
T6 |1040.13| 32.25 | 2323 | 3 | 659.07 | 25.67 |19.94 | 7 WERfIE, AR B TR AR >k 4 FNN . CNN-LSTM
T7 |1352.39| 36.77 | 2825 | 4 | 820.34 | 28.64 [22.10| 1 CNN-GRU, N Tk, HFE—RUTHREIREFN, 50
GRU CNN-GRU BAESE T, T2, T4=T74HIN H ZX =FH, 45 504 fir
Dataset lag lag i, FNN., CNN*LSTM%D CNN*GRUE TBJ:%‘{S@B%/J\E’\J MSE
MSE |RMSE| MAE ) MSE |RMSE|MAE| )
pattern period period| I MAE, T7Z, [EMTHMESEN. Fit, A0k T6MENE:
T1 |1251.00| 35.37 | 24.80 | 1 [1204.36| 34.70 | 24.78 | 1 PR
Fd: RFEBURGAE = AMERITROR
FNN CNN-LSTM CNN-GRU
Dataset lag lag lag
MSE RMSE MAE ) MSE RMSE MAE ) MSE RMSE MAE )
pattern period period period
T1 1269.71 35.63 25.23 1 1270.68 365.65 27.06 2 1204.36 34.70 24.78 1
T2 1076.58 32.81 24 63 4 884.56 29.74 21.98 1 854.22 29.23 21.89 1
T4 1332.16 36.50 24.86 4 1217.43 34.89 25.26 4 1203.31 34.69 24.14 8
T5 1261.76 35.52 25.47 1 1269.18 35.63 26.30 1 1316.89 36.29 25.79 1
T6 730.10 27.02 20.02 3 659.07 25.67 19.94 7 678.88 26.06 19.24 1
T7 777.24 27.88 20.67 1 820.34 28.64 22.10 1 806.39 28.40 20.37 1
(@) HIMLESE e EGE ., HE, LSTM/GRU BRI R, EREREUR.

PIAE 75 LA F FNN, CNN-LSTM 1 CNN-GRU # 1 % %
%, FNNMWSEQG 4SRN, SRR REL B, I
g2 IENE IR IR IR RN, H T T &R
EAEFRHLE], CNN-LSTMAI CNN-GRU (AL 2 E 45541 1k

ET R VRS, RSB IENME R IR A
KN, RS H IS, HFESAH, CNN-LSTM A
CNN-GRU f3H R AT 5T NN X CNN-LSTM, 14521
PAFIAN T EE ARt E A/ N dropout [EEE,

#5: M = AMREFI MG T AR SEL

FNN CNN-LSTM CNN-GRU
Parameter 1 T2ime lagg 1 Tim; lag 3 1 T;me l:g

Number of iterations (epochs) 200 200 200 1000 1000 1000 1000 1000 1000

Lag period 3 5 4 7 1 5 1 1 2
Non-linear activation RELU RELU RELU RELU RELU RELU RELU RELU RELU

Batch size 32 32 32 32 100 100 32 32 32

Dropout ratio 0.2 0.2 0.1 0.2 0.5 0.4 0.2 0.2 0.4
Optimizer Adam Adam Adam Adam Adam Adam Adam Adam Adam

(F) AMERMTNIMERELL
T R A R AE CMAQE RS = R T EBE,
2 g SR XGBoost . DTR A SVR 5 B4 FNN |

CNN-LSTM, CNN-GRUif e, #2014k 5B 25 SR an =4 6 fir
7N, MFEETHI, CNN-LSTMFEANABR i v e ey, H
MSE 1 RMSE & £, MAES CNN-GRUHH f6l, FNN @ ¥ ¢ [
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CNN-LSTMf CNN-GRU %,

1B XGBoost, DTRA1 SVR
i, [&6-8 1 FNN, CNN-LSTM A1 CNN-GRU f#ill{E-5

FLEWE . AR 7-8 H T4, CNN-LSTM Fil CNN-GRU H7
MIPEGERLL,

5 NMETU T AR L

1 DAY 2 DAY 3 DAY
MSE RMSE MAE MSE RMSE MAE MSE RMSE MAE
XGBoost 1740.05 41.71 32.01 1890.44 43.48 34.18 1948.06 44.14 33.00
SVR 1732.15 41.62 30.38 1854.67 43.07 31.22 1908.46 43.69 31.63
DTR 1283.35 35.82 25.63 1270.63 35.65 26.16 1422.89 37.72 28.19
FNN 730.10 27.02 20.02 937.00 30.61 22.26 1162.35 33.95 24.40
CNN-GRU 678.88 26.06 19.24 897.51 29.96 22.61 1071.97 32.74 23.80
CNN-LSTM 659.07 25.67 19.94 891.74 29.86 22.62 1069.56 32.70 23.43

>[E7. CNN-LSTMA9FRANE S ESEANELE:

028 | APPLIED STATISTICS AND DATA SCIENCE

AR =R A 2 25458 . FNNL. CNN=-LSTM,
CNN-GRU Al H Sk . A48 T A0 BN (] 7 41 R i B
A8 B IR R R I AB 1, CNN-LSTMA1 CNN-GRU A
HiALH MSE, RMSEfI MAE, FEHLH T tEae, £
BB BT BRGS0 CMAQAS L FI 45 &
5y s LR AU, X AN B 2R A FNNL CNN-LSTM
FCNN-GRU AL T 8 S A AR S BF, 3mSR A 1 2
Ko FIH GAMIS JE CMAQ# By 48 i, 74> K4 T GAMPIE
MR, IRE T T AR A 2 PR BT — KT
TS FE 5 v 4, T3 (RIVE) 5 T2 (BEu) M,
FNN (5 MSE M 1651.61 % #1076.58 (4.82%), CNN-LSTM M
1418.97 ¥ 75 884.56(37.6%), CNN-GRU M 1218.37F% % 965.65
(29.89%), TERNEZLTTHE, £ LSTMAI GRU 2 HiR BRI,
TR A 7 CNN-RNN 7 B8 T7 ¢ A\ A2 3 20308 1) 2 P A A . 7



CNNLSTMAI GRU)THF R 1145 U2 5, B #E3 AR, CNN-  FoE i 3 & K. FNNAS, MSE}730.10, CNN-LSTM [
LSTM M MSE JA1040.13%  %659.07(36.64%), CNN-GRU#  659.07. CNN-GRU 4 678.88, 5 H M E HOML 2 =) A
MSE )\ 1016.26 [ %2 678.88 (33.20%). HIFAT£F, NAE M, ASCHEHAY CNN-GRU T CNN-LSTM fEH i il =K AL 4
SRAEA I P LR, TR AR R AR T IR ST IR TGRS

243t

[1]Kampa M, Castanas E. Human health effects of air pollution [ J]. Environmental pollution, 2008, 151(2): 362—367.

[2]Zhao X, Yu X, Wang Y, et al. Economic evaluation of health losses from air pollution in Beijing, China [ J]. Environmental Science and Pollution Research, 2016, 23(12):
11716-11728.

[3]LuX, Hong J, Zhang L, et al. Severe surface ozone pollution in China: aglobal perspective [ J]. Environmental Science & Technology Letters, 2018, 5(8): 487-494.
[4]Chen X, Zhong B, Huang F, et al. The role of natural factors in constraining long—term tropospheric ozone trends over Southern China [ J]. Atmospheric Environment,
2020, 220:117060.

[5]Chemel C, Sokhi R'S, Yu Y, et al. Evaluation of a CMAQ simulation at high resolution over the UK for the calendar year 2003 [ J]. Atmospheric Environment, 2010,
44(24): 2927-2939.

[6]Grell G A, Peckham S E, Schmitz R, et al. Fully coupled “online” chemistry within the WRF model [ J]. Atmospheric Environment, 2005, 39(37): 6957-6975

[71Bai Y, Li Y, Wang X, et al. Air pollutants concentrations forecasting using back propagation neural network based on wavelet decomposition with meteorological conditions
[J]. Atmospheric pollution research, 2016, 7(3): 557—566.

[8]Bebis G, Georgiopoulos M. Feed—forward neural networks [ J ]. IEEE Potentials, 1994, 13(4): 27-31.

[91Sanger T D. Optimal unsupervised learning in a single—layer linear feedforward neural network [J]. Neural networks, 1989, 2(6): 459-473.

[10]Bengio Y, Simard P, Frasconi P. Learning long—term dependencies with gradient descent is difficult [ J]. IEEE transactions on neural networks, 1994, 5@2): 157-166.
[11] Greff K, Srivastava R K, Koutn i k J, et al. LSTM: A search space odyssey [ J]. IEEE transactions on neural networks and learning systems, 2016, 28(10): 2222-2232.
[12] Yang S, Yu X, Zhou Y. LSTM and GRU neural network performance comparison study: Taking Yelp review dataset as an example [ C ] /72020 International workshop
on electronic communication and artificial intelligence IWECAI). IEEE, 2020: 98-101.

[13]Qin D, YuJ, ZouG, et al. A novel combined prediction scheme based on CNN and LSTM for urban PM 2.5 concentration [ J]. IEEE Access, 2019, 7: 20050-20059. =
[14]Yan R, Liao J, Yang J, et al. Multi—hour and multi—site air quality index forecasting in Beijing using CNN, LSTM, CNN-LSTM, and spatiotemporal clustering [ J].
Expert Systems with Applications, 2021, 169: 114513

20251029



