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Abstract

Because air pollution can cause a variety of respiratory non-communicable diseases, and even
lead to impaired quality of life or premature death, the air pollution has become the second lead-
ing cause of the increase in deaths worldwide. Therefore, it is extremely urgent to formulate rea-
sonable and effective air pollution control measures. Prediction plays an important role in the
early warning process of air pollution. Accurate and scientific predictions can help people avoid
the hazards of air pollution effectively. Therefore, how to improve the accuracy and scientificity of
prediction has become one of the concerns of many scholars. To improve the accuracy of air pollu-
tion prediction, this study adopts data preprocessing technology complementary ensemble em-
pirical mode decomposition (CEEMD), support vector regression (SVR), general regression neural
network (GRNN), and particle swarm optimization (PSO) algorithms to establish a combined mod-
el. By PM; 5, NO; and SO; index time-series data set checking the validity of combined forecasting
model, according to the mean absolute percentage error (MAPE), it is found that the combined
model can improve the prediction accuracy of PM; s, NO; and SO; index. For example, the MAPE of
the optimal individual model and the combined model of the SO, index is 6.13% and 5.86% re-
spectively in Xi’an. In short, the combined prediction model can provide more accurate prediction
information for air pollution control and provide theoretical support for air pollution prevention
and control.
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AT Y B LR 2 R SRR A 2 P L B IR SR B T Ak 2H R VR A R = A AR R
TG G, H 3 S YRR . BRI (AR, PM,s FUHLBURIA, PMyg)« R4 (05) A ALHR(SO,)-
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s PMpsy NO, Fll SO, —ZbRAEIAEF I BRAE 437314 15 pg/m®s 40 pg/m® F1 20 pg/m®, bRt 5k
35pg/m®.40 pg/m* 160 pg/m®; PM,5.NO, Fl SO, 34 24 /N () — 5 1 9 35 pg/m®. 80 pg/m® 150 pg/m®,
TIRREN 75 pg/m®. 80 pg/m® Al 150 pg/m?® [7]. N T A RO AR A KI5 GO, WA I AT R A
DAL AF DG H8 ) e 2 R Pl o B - B O PR B2 A8 B It , 1717 2500 G T S — PR 1 2 Ui B TS ROR,
HIRME B Re 48 A G T E B S R M. EEMENT el Hamgiidg s 7oA
(7 R TS0 R AR PR NS A, 0 B VA TR A ST B B8] . R A S T HAME & 2 IR X i
(complementary ensemble empirical mode decomposition, CEEMD). ¢ #F ] % [5] )5 (support vector regression,
SVR)FI X [a] 22 % 2% (general regression neural network, GRNN)&E T4 & #5812 45 AL AL = ks 1
FEAR AL S92 (particle swarm optimization, PSO){#Z& 345 . PM,s. NO, H1 SO, HH 1 Filil 45 L& B, AT
2 S AR T B TS A

2. F3i%
21. BEIREZRENSTE

HT EMD 7EAMBIELME . AR S S LA EEMD fgdk “BiIR S 1 B sE S3E 4 7 CEEMD
JE[9]. PAZZIHTH A NO, A1, F CEEMD 2 an &l 1 fis, Bkt fan R
F—0, fEIRIRE S x R LR —X A R A A S n,, 21 BA IE G SIS 750 f X,

x]_[1 1x
X 1 -1f|n
b, KRS S H CEEMD 4l IMFS A1 IMF,, B8« U0, o IMF, G258 t IRI5E d ANA

TEA 25 B $ (intrinsic mode function, IMF).
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Figure 1. The true series and decomposition series of NO, indicator in Lanzhou
1. ZMH NO, WESEF5IF 53 #E 5
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2.2. XFEEMEYT
B S A AR R IR L @ VI GEAR, (ERREARRIGE S BIE R TR . B TR AL 1
RN, ARG ENE A G S B E AR R %, B, A sciz R 2040 SVR
U4 B CEEMD Z3- i 119 IMF A5 72 7 81 o SCRF i) 2 1] A PR A RV RSB E AR B i o — 2R ST o it
SR AERRIE S ], FRLEX A S 4EREAE 23 1] P E AT S P [T JA[10], B
f(X)=wp(X)+b
¢:R' >R

Hoitb RRIE, o R, | R4S, X RWHEREE. o SORRREEINLS ERERNKHR: 4
BOWAR U (X ) 52052 y 2 BT 2% ¢ I oSk
() EXZIR, T e FRUBR L RO AR & F1 &, T SVR B SON:

ming/2Joff +CY.(&+¢)
st f(X)-y Se+&
yi— f(X))<e+§

&8 20

Hrp C RRELNISH, EMERR BRI S E M58 XS, Hoxf SVR HIPERE A IR KR . fif ok
IR AEAR [ EERT A S| NS B R CRE JL e A DA 1 ] g e, B

n

F(X) =2 (@ -y ) (X, X;) +b

i=1

Horp o g PR IH T, (X, X,) NIZRE, A0 R % e 4
K(X,Xi):exp(—g"X—Xi"Z)

Hrh g MBS HTESEQ) 517 ZE NS E(C)X T IS RAFE—E5emi, RULRATSI AR
FEEAMISH(11].

Mirjalili S.f! Hashim S. [12]3 T S #1050 €17 e PSO, ZH AN A AR TEE R 2 it
B3 fitness 13 f¢ i 42 JRif# . Sarafrazi S.A1 Nezamabadi-pour H. [13]%: T /5 51 JysEfd, RI48 % 4% 6 i
BRRR 7 BA SRR ] 4, 70 48 R B (gravitational search algorithm, GSA). A7t - #iz
F PSO Fil GSA B3 (1 i = S e S AR B4 AN A e ) 3453 SVR AU [ e A% 2 8 (g) 5 1% 2 1E 11 2 44(C),
FHRIF PSO HyEA% 22 4H & T Hh B TUASE Y 1) e AN 2

2.3. " X EIVIHMEZ M LE

Specht D. [14]7E 1991 42 th — Bl H AT JEZe ME it 5 7y .2 ST SSOE FE PR K] GRNIN AR, L i B2
) X % 235 g [ ) B AT B 0 (R 2 R PR AN 2 P . GRNIN BN E . U2 SRAE RS i 2R R, anl&
2 s, Hh iR RN SRR AR, AR FF A 1) & 1 4E 30 8 2 oo AN B BEZE I
22 U T T FL A% 38 R B AR ) 3 R B SRR E 2 X A 22 25 B 0 B H RN 4% B 0 B 1 AU R 47 R
o
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Figure 2. The structure of GRNN
[ 2. GRNN &M% L5

2.4, HETRNHREY

#2014 4£ 10 H 1 H~2017 4 12 H 31 H 1) PM,s<NO, A1 SO, ¥ E 1) 167 AN E HdE 70 Ml 44 (1-122,
122 /N FEEHRE) ~ SESE(123-137, 15 AN JE i) Fnil iR 4E(138-167, 30 /N i) » IR S04 H Rtk IMF
Hl lag FIAS B ASRAS ks P () PR AR, L T I0AFAE BE ] PSO SLiE 8 KA SR RUE, MIAE S
FH R 2 S48 7Y A Tl i

B, 4. CEEMD FALFE 7K PMys. NO, HIT SO, U EE 1 122 ANJEIEHE 79 51l 20 fif 9 A 5] BRI
BUIME™ | 4551 IMF;Q’ FFRZE A IR ER IMF NEURHT SR £ (lag)

y = IMF™ + IMF"™ + 5% 2,

5505, WA EURMEARU 5 ) PSO-SVR B4l 4378 IMF ¥ A IMF [, 5% 22 5149 %1 B GRNIN.,
PSOGSA-SVR. PSO-SVR. GSA-SVR HyEiATHI G K e, (RAFIER 2 i34 5 S AR N 45 5 T A5
Y[ TR,

Ju = IMF ¥ + IMF & 4552, M =1,2,---,48

F=00, WRE, WIS b AN R AR RS AT R . R, FIR,
HET IS IEAERE (15 A EHE) /] PSO AL BEAE T T = A IR (R iR AL EE WS . W2 RTWS . Rtk
FATOT LIS RN H A T A -

§=WE R +W2. % + W3- %,

FEUUE, 8L 30 AN EEHE IR AR R OR . AR R @R R 3 Fir, BL PMys
bSLGIR
3. 4R
3.1. FMFLiEER

o} T ST P ZEL A AR R R B ITUR AR S 2 465 1 43 LR 25 (mean absolute percentage error, MAPE). 1577
% Z=(mean square error, MSE). “F-¥J4i%T 1% Z (mean absolute error, MAE)fll— 2 4 $5 7 (index of agreement,
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Figure 3. The flow chart of the combined model
Bl 3. HARERIRIEE

3.2. BRBGERE

AHFFEH IMF (0 %0(d) 7> B3 E N 24 3. 4 F15, R B $(lag) > I ¥ BN 3+ 4 15, XHEANT
B HR AU A FIEIRAT A% 3x 4 = A8 AN EATHREAY . ARAE B PEANFEHR MAPE M\ 48 /N BRI A gk 5 = /MA
FERE AL, teAh, TR SRR, SR PO AL T lag 1 IMF ANEZEAN[H]
WA RS JedBbr P RN, BARME B LA 1, W02 0T PMys (7 5 IO 3, IMF 194450k 5,
M2 s G ECh 3, IMF (M08 3.
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Table 1. The number of Lag, IMF and the residuals of the three individual models
F 1 =ANBTHERA lag. IMF MK EIIE ISR

Wl Ry PM,s SO, NO,
1 (3,5,P) (5,4, PG) (3,5,NN)
= 2 (3,5, PG) (5,4,G) (3,4,P)
3 (3,5,G) (5,3,P) (3,4,PG)
1 (3.3,P) (3,4,P) (4,5,P)
Ptz 2 (3,3, PG) (3,3,P) (4,5,PG)
3 (3,3,6) (3,3,PG) (4,5,G)

W HASEREWE NS, B oASHRRMRN IMF AN, SBEASERRBRZERF TSR, HA NN P G 1 PG 4371
%7~ GRNN. PSO-SVR. GSA-SVR F PSOGSA-SVR &%,

MR S LA 1R R S N TERINE, 8 MAPE. MAE. MSE il 1A 3% £ = AN B I (1 5 S50 TR0 A
By R, BT AR PSO kS8 =/ MEREEAE, WA 2. WF 2 T LUE H 5
BRI FRNRE L8, PSO SE SASBUEALBON, W12 1T PMs i LB ) MAPE fE 4.44%, HAL
# 4 0.6372.

Table 2. The weights of three optimal individual model

® 2. ZARMBTHERENE

W FA PM,5 SO, NO,
1 0.6372 0.0031 0.9935

220 2 0.3603 0.0085 0.0025
3 0.0025 0.9884 0.0040
1 0.0958 0.4612 0.8948

[ii k3 2 0.0046 0.5372 0.0287
3 0.8996 0.0016 0.0765

3.3. MMER a4

AR5 RIS ) MAPE {HI5% 3 Fir, MWRHIATLURIL: 3T AN FIFE bR 4H-E T AL T
FLRAR R RIS, BERAH ARz A R, i AR e PR A . S, ZH G A mT DL 24
TG YARPR I TRE B, anva 22t SO, febrH AL IR AL 2 6.13%, ZHEHALH 5.86%. # 4 24
GEA) MAE, MSE 1 IA {8, MR LLE HAH GBI 1A (EH(E 0.95 2 b, UiBHA SRR AR TN 2%
RIUT

Table 3. The MAPE of combined model and individual model
5 3. HERAMBIRRA MAPE &

W FE PM,5(%) SO,(%) NO,(%)
FATUEAL-1 4.44 8.28 4.90
= TR -2 452 8.65 5.96
IR AY-3 451 7.09 5.28
HARA 4.38 7.09 4.89
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Continued
BT -1 9.58 6.13 4.69
[ ATUREAL-2 9.97 8.95 4.85
ATUREAL-3 8.81 9.33 4.85
HEHRH 8.71 5.86 4.66

Table 4. The MSE, MAE and IA of combined model
5 4. tHEHEEM MSE. MAE 1 IA &

i bR PM,s so, NO,
MAE 2.2207 1.7348 2.8926
=) MSE 7.3915 5.3027 14.4667
1A 0.9897 0.9944 0.9868
MAE 6.5880 1.0462 2.7325
[Tk MSE 86.9372 1.8734 11.9436
1A 0.9769 0.9917 0.9819

4. g5ig

AT FUHRE 2L 5 AR AL 5 Rt AT @ A, IR M W AIPE 2 i [ PM,s. NO, il SO,
IR BB IEAT T ISR O T R AL A AR RS L, A T CEEMD J5 0 A 8E4T 70 i A 2,
BIKe JEL 0 K o3 0 AN TR B ARBURT e s dls XA AR BET5 V5 B 4 i TR O e . AN, REAL
2% 57 S TR (SVR) IS B =R AN R SLEEAT 104k, 45 R IIA R T A [ 6 A 10 it 45 403 R AN )
Mfetbsis. e, SETPnEBRILAHEA, /M 7 PSO HAM R IE S IMAEME . BdR P
U ARG TRNRS B2 i T e R PRI R . (ATt 2H & UMD AL RE A8 Oy 25 <75 i LR 3t B HE AR 1)
WG, i R p R e S R .

E&ImHE
AW FEAE 4 [ Gi T RHE 07T I H (2018L.Z30)F1 2018 4F B 20 & #4110 H % B R 58 .
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