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Abstract

An adaptive weighting method based on CNN and LSTM was designed to build a combined CNN
model and LSTM network with variable weights. Firstly, analyze the correlation between pollutant
factors and meteorological factors and PM; s, and determine the predictive factors of PM; s con-
centration. Then, the preprocessed data sets were input into CNN model and LSTM model for pre-
diction respectively. Finally, the CNN & LSTM combined model based on the variable weight is
used for prediction, and the prediction effects of different models are compared. The results show
that: 1) The correlation between pollutant variables and PM, s is generally higher than that be-
tween meteorological variables and PM; 5, in which NO; is the strongest correlation with PM; 5 and
precipitation is the weakest correlation with PM;s; 2) The prediction results of the CNN-LSTM (va-
riable) model are better than those of the LSTM, CNN, CNN-LSTM (equal) and CNN-LSTM (residual)
models; 3) The values of RMSE, MAE and MAPE for CNN-LSTM (variable) model are 2.07%, 9.66%
and 8.66%, respectively.

Keywords
LSTM, CNN, PM; ;5 Prediction, Variable Weight Combination

Copyright © 2022 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. 51§

PM 5 (fine particulate matter) & &% T K H I —Fhaifivki Y, RGN )1 M EEHAIENR, PMys
R EEANTET 25 um KPR, PMys &% 55 M R EA RS, B2 SR 2 E KR
Mo [HIE, PMps X NEHIHATIE B — @ NP, S 2 EH NG OER[2]. oG br ik & m H
I, BE TR R RS e ), Horh 25 58 75 G i) A2 /M. ITAER, B PMys 38 IR 25075 e il /i 2
5T HEZ BT LA E[3]. —LSi R, —SeBmii R AEUKIET S PMs IS A&
REMKKR[4]. FIL, PMys MTGINAI T 2 O HE, AR

Mishra Z£[5]F]FH Neuro-Fuzzy 155284 R0 648 BT [X [ 55 5% ;. Wang 25 [6]F] A — AR R Uk 7 Tl
A 245 2 WRF-Chem 5K = £ 1 DX 7 25405 B A0 (X 380 55 98 V5 e HEAT T 5 A 4225 [ 701 FH BB AT LA K [
IFEEBETT PMys W FE TN AL, X6 74 22 T S REAE AT SEUE /0T, 255K B, 55 BP M& M AR LE,
TR (TN BEBE s Liu S5 [81if I H B ) P8R (ARIMA) . N A2 ) 28 (ANNS) B2 145 4
SIE(ESM) TN PMos MR 23555 010 R R BLHAT BT, @A FR AR T PMys MR
WITRAR Y s T BESE (10149 2 LSTM-CNN ZHA B, Tl Rk 6 /NEF PMos W FE ;s I BARSE[11]42 H
T —MIET CNN F1 Seq2Seq IR E2E IR, SFIbHTTT PMos W FEEAT SCUE /AT s AR S [12] 357 1
BP #H& ML TMAEAL, XKFEM N PMys WREESHAT UM 5KIGSF 13RI R E /R Al RS, XAk
711 A3 R PMos IR FERCR AT SCUE /0 M s W SR S (1406 TR 5005, RA T 1B T, gt
L BIRA R, TSP PMys IR ST R 20 02 R R 2S5 Jext PMys ¥4 B T () 52,
W RS GE TN PM,s IRFERIEIR,  BURE R TN H 75 PM,s Z ARG R o ANBF AR AL
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T PMys B2 7 SR HH . S5 s LSRR T4, Bt 25T 5 8B CNN & LSTM 20 & 1l
LAY,
2. WX FnEE
2.1. WX
JE 3T (39°26'~41°03'N, 115°25'~117°30'E) A T~ H E AL H X, HAAZ) 16,410 km2, (£ A 114 2189.31

Jis BT RRRA R TR ERAE. b EE A, R RREST . . PR BRI,
HeS e —H&%KIE.
2.2. BiEKiIE

T 9% BE LR TS5 Gk 12 B85 (PM s, PMyg, SO, NO,, CO, Oa)F1 G2 I 7504 (IR « 8% . WUk . <

o BEKE), Hdyg gedy ik BB SR IR T A [ 38 55 WS 000 A2 1 4 [ e T 2 R s R AP B
(https://quotsoft.net/air/), <G T 5 KIET H K G AE B 0 [E S 5 4048 W (http://data.cma.cn/) .

2.3. BESITS S
AW B AL BT 2 A5 Bk BN SR AR S 4E, B RSN 2021 E 1 H 1 H~2021 £ 7

J31 H, 3t 5088 H¥dls, Frittkfdnk 1 s, T SRBUEEE SAF N SR TR, BT 7T
LA AT SR EAN TS, R SRAERT L/ 55 1/ IS (EEAT B4

Table 1. Statistical description of data set variables

* 1 BURSTESIH A

B3 A N H/ME ik 22
PM, 5 (ug/m°) 39.8 448 1 4431
PMy (ng/m®) 82.37 6450 1.06 190.40
SO, (ug/m®) 3.17 126 1 2.89
NO, (ng/m®) 24.95 108 0.97 15.55

CO (pg/m®) 0.66 105 0.14 2.08
03 (ng/m?) 65.98 268 0.96 41.35
IERE(C) 13.95 36.8 -19.5 11.60
TP (%) 51.31 97 7 25.23
R (m/s) 2.18 14.3 0 1.50
S (hpa) 1010.05 1039 990 10.19
B 7K & (mm) 0.07 33.6 0 0.72

3. MR *
3.1. HXM4E9
HISEAE AT TR BFIAS LA 25 B 2 A SRR [15] . Pearson H16 B8 A N
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_cov(X,Y) E((X-m)(Y - a))

Px .y =
Ox Oy

X, p AR XY ZIABIMRAREG  u,m 2308 XY KIEIE, oy ,00 R0 XY 752

3.2.CNN

Oy Oy

@

20 20 60 4FX, Hubel A1 Wiesel [16]42 tH 1 &A1 /4 2% (convolutional neural networks, CNN), 2
#] CNN T2 T EUGRHE RIS 4338 [17], BEE ZH AW 7T, I CNN [EFE R LR A T

5] 7> 5 £ 5 B [18]
3.3.LSTM

LSTM (Long Short-Term Memory);& i Hpchreiter #1 Schmidhuber [19]7F 1997 42 Hi ), LSTM £

W8 AR R SR ] 1 s

A h
=1 x ? \ >
I i tanh ()
C °
o o tanh () o
. [ ] I > i
N NG Wil

X

t

Figure 1. LSTM model structure
1. LSTM #RBUE5H)

Hit S aar:

fo=o(w [h,, X ]+b)
I :O-(Wi Thess Xt]+bi)

C/ =tanh(w, -[h_, X,]+b,)

C, = f,xC_, +i,xC/

0, = (W,-[h,, X]+b,)

h, =0, xtanh(C,)

O]
©)
(4)
®)
(6)
U]

Ay BB A, i RATIR RS, /A1 C 20y b — I 20 24 i i 2 A2 5 e e v
B, o MEHHTIHIMEM, hFom tZRThl, X &R tZIMA . w il b fEJIZRd e b 2 Ay

SEOHT, OSBRI E I, o Al tanh 20 R
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3.4. AETMER

34.1 FEBMMEZREMIVASRR
SEE TR 5 AT R B A TR A R RO, i B ZE M2 S B R o B AT o - i S5

F(X)=y a1 6(X) ®
1
o (t):% (©)
2% 1-1)
sty o(t-1)=Le(t-1)=0 (10)

Hrt, o (t-1) t—1B 2058 | MR, & (t—1) N t—1EFZ05 | AR TR0 R 2 e % 1

34.2. BEPESIER
R ZIRBUH AR AL b, BCEAREREEAZS, AT 20 ACE N ET m AN 2 L P41,
I Eb A AR i T A% S (A S m B 3):

o)) =30, (1K) an

XTI Z], SR ZEBBE SRR B AU A R G N 5 S R R 2 B 0 e Al e,
B

=[S a1 (x)-1() @)

n

20, (%)= (1)
AT RN, Fie, >e; o TULHIZIN 2 A AU A B BUNACR BE0E, Wt FTRCE, 2,
73 R A T

3.5. FMEE

TR 2 fiow.

1) HdE sk

XoF JiR G AR PR SR AR AT HE 70 Ak B DA AL AL 3

2) FERL T

F B 8:2 B LR 7 A N GREE AN AL, KN ZRBE 70 3N CNN A1 LSTM B, 1 5 dt
PEAEAY, PRI A AT TR o

3) AR A AR T

B2 2)25 CNN A1 LSTM AL T 25 5, SRAH 3.4 5 IR A7 v, Ak by e S (R IR AS 20 A5 455 7Y
CNN-LSTM (equal), FRZMRALLH A H% CNN-LSTM (residual) Al 5 A8 A4 & 45 %) CNN-LSTM (variable),
FEAT PO o

4) BRI S AT

THE VPN FRbR, AR HEAT TN AR LU

€jr = (13)
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Figure 2. CNN-LSTM (Variable) model prediction flow
2. CNN-LSTM (Variable){E B 7505 F2

3.6. THAIEIR

RNFAT RS I bL A, AW R RN 8RR B RIRZE(RMSE), P4t xi% 2 (MAE) FIT- 15 44
2y iR ZE(MAPE), AN AR

RMSE = /%i(yt—yt)z (14)

MAE=£Z|yt—§/t| (15)
N
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MAPE =

—2

100 ¢

n o

Y _91

Yi

(16)

X n AR,y ONESUE, §ONETIIE. IRZEEUN, WIS TS EO s, PRI RCR e, AR

RV R ARAT -
4. ER5HR
4.1. PM,s TR 534t

Wi 3 K 2 fios, 2020461 HE 7, 3 H PMys AWK E &, N 83.54 pg/m®, H3H 15 H
9 i PMys i SR, M 448 pg/m®, 3 A 15 H VKRN 208 pg/m®. 2021 4 3 H PM,s ik FE S8 FH i,
FERZIF YA RRELM. 6 A~7 H, PMys/MREHKT 70 pg/m®, 6 A7 H PMys /N E
B 7 HA 65 pg/m® A1 43 pg/m®, AR/ IREESA 2 pg/im®, 1 7 H PMys AR 2 1%4E 1 H~7 A
BAR, A 15.97 pg/m®s BhAk, 2 A PMys HE 5K EE N 205 pg/m®, PMys /N B ik FE 1% 289 pg/m®,

KT 3 Ho
400
E 300
an
=.
#
¥ 200
EN
=¥
100
0
1 720 1439 2158 2877 3596 4315 5034
(1)
Figure 3. Change in hourly PM, s concentrations January 2021~July 2021
3.2021 £ 1 B~2021 ££ 7 B PMys /NEHRE T L
Table 2. 2021.1.1~2021.7.31 PM, 5 daily and monthly average concentration
2 2.2021.1.1~2021.7.31 PM, 5 iR [E IR E R AR E B
I} ] 1A 2 H 3H 41 5H 6 H 7H
PM, 5 /N 5% 6 ¥ (ng/m) 146 289 448 159 249 65 43
PMys /NN IV  (ng/m?®) 117 3 4 2 1 2 2
PM, 5 H 3555 ik (ug/m?) 49.25 205.00 207.92 73.50 82.63 44.42 31.13
PM, 5 H S8R (ng/m?) 5.50 5.75 6.58 5.46 3.29 2.79 4.46
PM, s H #9E (ng/m?) 39.45 62.47 83.54 33.96 25.96 18.58 15.97

4.2. FRAMETF 534
4.2.1. PM,s 5= SEREX LS

T 2%, TR PM,s iR 5 H e 2S5 YA 7 (PMyo, SO,, NO,, CO, O5)Z A% &, BUS AN & 4 Fizr
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Wl 4 FioR, PMos 5 HAh 2 S5 G2 M EIAAAE — € AR KR AR . HF PMig. NOy 55 PMys Z A (1)

IR R B9, 1M SO, CO 5 PM,s Z [RIHIAH K% R -

LRG3 M, HETIMA T4 SOz NO,, CO M1 Og0 L, PMyg 55 PMys A MR ERAHICHE, AHs

FLTN A 5

Table 3. Correlation coefficients between PM, 5 concentrations and air quality factors

3?3 PMy s RESESRERRHEXRY

BRI T PMyo SO; NO; co 03
Mok R % 0.5276 0.1987 0.5193 0.1516 -0.2250
2 L] 130 2
R2;=0.28 R2;=0.04 .
60001 y=-7.87+227x 1204 y=2.66+0.0129 x
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Figure 4. Correlation analysis of PM, 5 and air pollutants

4. PMps S SBRARIBRME T

4.2.2. PMs 5SS RBETFHEX M

KEHIFRY], TRI T XS PM,s KA ZM[20] [21] [22] [23]. AT IR PM, s # AT
RGBT HE, BT Pearson AR MATMHICIED M. W1 4 7R, PMys IKIE 54T
Bk R R 7 Z MBAFAE— @ A e, Hoh, PMos SIRE. B, KUERIBE K=Y R AR R,
WMERERIEMRK R,

Table 4. Correlation coefficients between PM, s concentrations and meteorological factors

4. PMys IRESSRETFHEXRY

e SRS I i WG Vs Pk &

P -0.2484 -0.2143 -0.1098 0.1926 -0.0473

4.3. A HT SRIEE

AW TR IET B CNN & LSTM AR, DLALRURRFFIX SR, X RK 1 /N PM, s i FE i
ITHATN . B 5 4547 LSTM. CNN. ZSHIRAZH A A CNN-LSTM (equal). 5% ZE AL 4H & A 1Y
CNN-LSTM (residual). H 44L& iR CNN-LSTM (variable) & H (T 45 5 . di&l 5 %0, 2l EARd )
TR T FEALAS 2 S BRI T AR, b, BE T FASRUY) CNN&LSTM 4445 A Tl 20 AR e -
TOUIIRG P B vy, PO 5 0 S 22 B /D> o

W# 5 iR, LSTM AP FR bR B 478 RSME 4 9.39, MAE A 10.58, MAPE A 22.33%;
CNN BRI HRFRBUE 2 519 RSME 4 5.11, MAE 4 10.20, MAPE Ay 32.49%; 1T SR A 20 4 4
A CNN-LSTM (equal) ()P4 F8 bR EUE 43 54 RSME 4 3.08, MAE 4 9.83, MAPE 4 19.06%; %% 2 AL
HAERAL CNN-LSTM (residual) PPN FEFREUE 73 728 RSME 4 2.10, MAE 4 9.71, MAPE 24 8.81%;
H & N AR A A CNN-LSTM  (variable) PN Fa bR EUE 4 7128 RSME 4 2.07, MAE 4 9.66, MAPE
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N 8.66% . Ui 1) H 38 N AR A A B AR A A% S 25 (AU Y CNN-LSTM (equal) RSME $#2 7+ T 32.8%,
MAE 27+ 7 1.2%, MAPE ¥} 7 54.5%.
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Figure 5. Predicted and true values for each model
E 5. SRBTMMEMESXE
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Table 5. Comparison of the prediction accuracy of different evaluation indicators
2 5. FEIENIEFRATIUNIAE B LA

LAY RMSE MAE MAPE (%)
LSTM 9.39 10.58 22.33
CNN 5.11 10.20 32.49
CNN-LSTM (equal) 3.08 9.83 19.06
CNN-LSTM (residual) 2.10 9.71 8.81
CNN-LSTM (variable) 2.07 9.66 8.66

5. &g

AWEFLEET CNN BLELFD LSTM 453047 — 52 SO 153 31) F AR B A 1 PMos IR BE TR 77 15, %40 A5
R TR F AR R, F R T PMys RS TN K 7 2 (A FE R MG R . AR B

1)2021 £ 1 HZE 7 H, 3 H PMys AR R F, 7 H PMys A ¥R IE AR, 2i7 3 A 15 H 9 i} PM,s
W B, N 448 pg/m®, 3 H 15 HFIIREE A 208 pg/m’.

2) HHAH M HTRT S, PMys i BE 5 25 S35 42 (PMyg, SO,, NO,, CO, O3) 2 [8] A & 1 i 55 T PMys
WESS SN FAARURE WE. KE. SR BKRE)Z RS, HF NO, 5 PM,ys Z AEHE R
Hroh 05193, MIFMERGR, KRS PMys ISR, M 2 %8-0.0473.

3) AHFFUHIERIEE T H AL CNN & LSTM 415 PMys TN A5 8 1 Hdis O 1] 5 51 LA S AR etk
FFE. 55— RONLES 2 ST T DA AR A A A RUAR L, A 5 S A O T 4, W25

E&UH
SR e Bl R G KT KA IR 3675 e BV S BB R ST JT 7 (172DA092).
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