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Fig. 2 Distribution map of meteorological stations

in Anhui Province
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Fig. 3 Structure of BP neural network for visibility estimation

—JZ4E5H BP M R 2% 0] T WU AR s g L
JEBRIAR , e i A2 Xt 055 A DL JRE AR SEME R X
SERIPH, it 2 R A8 WL T L. B = A 2
TSR ORI TG 25 SR A 4 IR 7 AR B AR R, (H
J HATBOA RE EAE A S 0 B 2B 7 ik, A
ARIELLT 28 A ARIE

K=Vn+m +a. (10)

497

WEREAN [ 7 2 4 28 AN KU, SR 5 R < ik
7 A BRI D B 2 2 P 2 B B A 2% 1R 25
/N (10) e m AR TS A )E Y
BB o 0 E B BUEIE F—h 3 = 10.K B E
R TTAG B

FH T RE DL RE SR AAE TR 1Y) BP S0k 45 PR F

1) BUEBIEGAE: (w,, U w,,) = random( -) , HH
random( ) F/RFUETE[0,1] ZIH By 5] 5301

2) MKW A AN T IREAS 15 i i A5 ¢
AR,

3) USRI T X, X Y.

4) KRB B AERZE, HiL FAA X(q),
X' (q),X,(q) WfH

5) kAT AN ¢ 2R ¢ < N (N,
FVNGREEA B ) AkEe LT 2) s Wik g = N, FBUE
B IEA B 1E 45 2 A 5% B A

6) HEHIBUE T X!, Xy R Y, 2 S BEAR L
FIUEBIRE E 5 E < e(e AWANAEIRE) , ik
TR S YO, K B2 o) 5] e 0 2) ks
— AR,
1.3.3 AHA

FAASTRI B2 2 =) S A5 10 A 8 DL B A (B S
SEMME AR A 15 22,8 T 98/ TRUA (55 55 A =2 8] 7Y
R, A USRS AN RIS A A8 0, XA ]y 32 1 T Ay
SEREIEAT AL G, DA = TUA RS B 76 21 5 A B 73
Al r i B 1) 25 TR R B A AN ) LA O vk A . H
R, X AR R A A 5, B A T I R A L
TIURP ARk 2Bk 305 BIEOR L
B/ N AR SR 2 4810 ) W PR AR A 2R
B, BIHGR 228 77 F/ N RS TRL T7 46 v (AN B, 1R 25
S5 IR I T 35 /N A A R, 1 2 TR ) 13 2
AT/ BT R

B F XS 5 S BRI E [ 5k (F, L F,
e F) U Uy U e BOR RIS 7 7645 H i Tl
o1, 1 S = (S,,S,,+,S,) " FIL RS R EAIE
AR AR, 55 L AT 7k U, TSN
(U, Uy, U ) A BRI AG THE N

F=YS8U =8U +SU,+-+SU, (11)
I=1
Hrf
S, =D/ /XD, XS =1, (12)
l=1 =1
A (12) 1, D, Fo4 L ARG 2 0 F TR D, =



JEFT 55 BT SVM-BP #1258 901 45 11952 6 UL 2 500 Bl 2 (i 99 41

498

n

E(Fi_

i=1

2 KWESH

AR A FSE R ObriE =

—JEOEHRE R TEET 0.8 B, T8 5516
EX ARG AR 1.2 A0 BRIS , T LA A5 2 Ho A ki)
TR SRR Z W] () OCHR BE | AR S50 5 5 e DL B
HYICHREETE 0. 8 LA B GUINEEER | 4Nk 2 Bk,
2.2 SVM 5 BP FiAHASEE T

AR SVM RIS BE DL BE S50, 15 B i)
J& Pycharm FAF Y libsvm T B4R, FLS2 i B 80
B TSRO BUR R G, AR S EBOE[E R
3 fs.

Uu,>.

2.1

x2 MOKKERSRIAEZERXEKE
Table 2 Correlation degree between meteorological

elements and visibility

A L
AHX P 0. 956
T 0.942
IE 0.921
b 2 Hh IR 0.915
A 0. 851
KoK & 0.842
5 cm MR 0. 833
H A 4 0.818
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Table 3 Optimal values for SVM parameters
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YIN Liping, et al. SVM-BP neural network based meteorological visibility data filling.
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Table 4 Performance of SVM and BP neural network

for visibility estimation
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; 3
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BP i f 44
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Table 5 Performance of the combined SVM-BP neural

network method for visibility estimation

HWIASAE  RMSE/km  MAPE/%  HKi%#%/km
=i 0.151 9.156 2. 164
HERA I 0.116 9. 645 1.921
IS 0.128 9.423 2.098
TR U5 A 0.132 9.531 2.011
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Fig. 5 Comparison of observed visibility and estimation by the combined SVM-BP neural

network method for mountainous (a) ,plain (b) ,valley (c) ,and water source (d) areas
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Abstract Most automatic weather stations sample visibility with optical devices,which are vulnerable to interfer-
ence from rain,snow and dust,resulting in the inaccuracy or missing of visibility data.To address this and provide
complete data for meteorological prediction,this paper proposes a Support Vector Machine-Back Propagation (SVM-
BP) neural network based data quality control method for visibility data correction and filling.First,the grey correla-
tion analysis is used to select meteorological elements closely related with visibility.Second , the visibility data of dif-
ferent terrains are estimated by SVM and the BP neural network independently , which are then combined by optimal
combination weights. Historical weather visibility data from Anhui Meteorological Bureau are used to verify the pro-
posed method.The results show that compared with the independent SVM or the BP neural network,the combined
estimation has smaller mean error and higher overall accuracy.The proposed SVM-BP neural network method pro-
vides an effective tool for visibility data filling,thus lays theoretical basis for weather forecasting, weather analysis,
meteorological research and public service.

Key words combinatorial model ; missing value estimation ; correlation analysis; BP neural network ; visibility ; sup-

port vector machines (SVM)



