12 1 Vol 12,No. 1

2001 2 QUARTERLY JOURNAL OF APPLIED METEOROLOGY Feb. 2001
NOAA
( , 430074) ( , 430074)
NOAA s
BP NOAA
NOAA ) )
NOAA )
, NOAA
(1.2]
a8
( ) NOAA
(3-5]
> ( BP )
BP NOAA
1
1.1 BP el
20 80 Rumelhart Webb BP(Back Propagation Learning Al

1999-07-29 ,1999-12-21



86 12

gorithm) , )
BP 3 , ,
1
BP
C= f(WB+ 6) (1)
B= f(VA+ 6) (2)
A, B,C , ( ), V.8 W,6
, >, f(x) , S ,
1
f(x) = 1+ o (3)
BP , ( )
1
E= ?Z (C- Cy)? (4)
Co .BP
b ( ) b
BP ,
[6], BP
1 BP , 3 BP
1.2 BP 6]
n.p q BP ( ) ,
m JAF ck k s BP
(1) Oni, h= 1,2, ---n, i= 1, 2, P,
wij, i=1,2,..p, j=1,2,...g 0,
¥j. (_ 15+ 1)
(2) (A, C)(k=1,2, ...m)
@ Ak B

b= £ Y onant 6 (5)
h=1



1 :NOAA 87
an s i= 1,2, p, f (3)
®
r
cji = f’Zw;,-ijr ril ] = 1,2’ - q (6)
i= 1
®
di= ci(1- ¢)(ci- ¢) (7
j: 1327 a‘?)cl; ]
@ dj
q
e = b,(l - b,)z w,‘]'d]' (8)
=1
]_ 1529 '5p;
®
Awij= Abid; (9)
i: 172a 'ap j: lazysqu 0<A< 1
®
Avy; = Bage; (10)
h=1,2,.-.,n i=1,2,..,p;B 0< B< 1.
@
AT]': )\dj,j: 1,2,--~,q (1])
AB;= Be,i= 1,2,...,p (12)
(3) (2)7 k: 1327 "'7m d](]: 1723 ,q)
1.3 BP NOAA
NOAA
(1)NOAA/AVHRR
S = (X' Xmin)/(Xmax' Xmin) (13)
Xmax Xmin 5X 75
(2)BP BP te1, NOAA/
AVHRR : , ,
( ) , 2.

(3)BP



88 12
b ( )7
b
BP
(4) ,
b
, NOAA
.1
1998 8 4 NOAA/AVHRR ,
. , 4 (AVHRR 5 ,
220% 300 ,
b
,BP (4,5,2),
4.5 2, (1,0) (0,1).
68 69 A= B=0.1. ,
, 963 , 20
1
1 0.995695 0.004488 1 0
2 0.991575 0.008473 1 0
3 0.721624 0.279010 1 0
4 0.812871 0.186600 1 0
5 0.934110 0.065478 1 0
6 0.927679 0.071784 1 0
7 0.951511 0.048172 1 0
8 0.930949 0.068565 1 0
9 0.877579 0.122219 1 0
10 0.849497 0.149813 1 0
11 0.180209 0.821532 0 1
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20 0.235082 0.766649 0 1
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A DISCUSSION ON APPLICATION OF NEURAL NETWORK
TECHNIQUE IN IDENTIFICATION OF WATER
BODY FROM NOAA SATELLITE IMAGES

Liang Yitong Hu Jianglin
(H ubei Meteorological Bureau, W uhan 430074)

Abstract

The principles and methods for using artificial neural netw ork techniques to auto-
matically identify the information about water body from NOAA satellite im ages are dis-
cussed. An example of its application is presented. The results show that the precision
and efficiency using the neural network technique is higher than using the threshold
m e thods.
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