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Inversion of Water Depth from WorldView-02 Satellite Imagery
Based on BP and RBF Neural Network
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Abstract: The inversion of water depth from remote sensing imagery is an important technology of depth measurement. In this
paper, on the basis of radiometric calibration and atmospheric correction, BP(back propagation)and RBF (radial basis function)
neural networks were built to retrieve water depth from WorldView-02 high-resolution satellite imagery in Mischief reefl. Band
1 to band 8 of satellite imagery were used as the input data of the neural networks. Then, they were converted from input layer
to hidden layer and from the hidden layer to output layer with tansig, logsig. Gaussian and purelin functions. Finally, the accu-
racy of the two models was evaluated by R* (coefficient of determination), MAE (mean absolute error), RMSE (root mean
square error) and the regression analysis between retrieved water depth and ground measured water depth. The results show
that RBF neural network has simpler model structure,and lower requirement of samples. Besides, its retrieval accuracy reaches
0.995. Therefore, RBF neural network is more suitable for the inversion of water depth.
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Fig.1 Satellite imagery in Mischief Reef
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Table 1 Radiometric calibration parameters
Band absCalFactor and A Band
Coastal 9.295 654 X103 4.730 000X 1072
Blue 1.783 568 X102 5.430 000X 102
Green 1.364 197 X102 6.300 000X 102
Yellow 6.810 718 X103 3.740 000 X102
Red 1.851 735X 10 2 5.740 000 X102
Red Edge 6.063 1451073 3.930 000X 102
NIR-1 2.050 828 X102 9.890 000X 102
VNIR-2 9.042 234 X103 9.960 000 X102
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Fig.2 Spectral curve before atmospheric correction
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Fig.3 Spectral curve after atmospheric correction
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Table 2 The correlation coefficient between water depth and

band reflectance

W B Coastal Blue Green Yellow
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Table 3 BP training parameters
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F14) 2t T (LB /)N o B2 T8 R0 B 47 RMISE B /)N, 3R 7R 7K
TR 5% 2 19 10 2 /D, I T8 4 R A B ) ¢
JIN S TR MR ST T A ) ) 8. BP T RBF A5 Y
S A5 R WK 4 PR, ZR 4 4 M el J1, BP O RBF £ #Y
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Table 4 BP and RBF neural network model

CET S R? MAE(m) RMSE(m)  ¢(s)
BP 0.955 6 1.149 3 1.832 1 21
RBF 0.995 0 0.406 7 0.892 2 9
2 ) TR R

RBF 7K S il SOCR L T BP il 28 0 25 J2& i R Fh
I 2 (%) 45+ Rf 5%)&9@ R R T I 245 3 TT LA AT: —
i BE 1 T A — 3% 22 bR R, (H IS BP 2% 19/ R R
ERBA 2 RVERAM sigmoid PREL, T RBF M 4% 09 1E
JH PR BRI Jr) A FH 1% 3 S eR AR ZE A B 5 L T K
TR BT 9 BR 4 A2 B AL 8 B R, ELREAS B9 L
TFAER Z 0, A e BP W 25 Il 2k i 25 5 [ A J=)
B /N o T RBE W45 ] DL AR A HG 347 1Y B R

FH T KGR S8 14 B 33 238 5 7K R B 22 IR 7R S 4%
B‘Jilli%%'fiaé/? e 55 11 BRI B L 22 U BOK TR B 1A

REAR &7 1 Sz W3 il 5C 28 0 28 ) 28 4 Oy — b s A
T“E’HE%’%@HJ%ET SBUROR DN IR D 2 R g P O~
U A R AR 2k 722 4, 45 B (9 /K IR E 5 52 PR E 158 22
R /N (Ceyhun and Yalcin, 2010). 4 3¢ A World-
View-02 528 0 B di J5 68 1 BP 1 RBF Wb 28 %)
27 R T AT 1R LR ST T B R
Jll SRR BE L BP 8 BT I M 2 T N B 17 4F

bR B4 ) o B 4 R /R Y sigmoid pR%R : tan-
sig,logsig PREL; RBF M 2% 185 1Y 1% B 1E H ok 8RR
HBAE T 55 0T RR R FH I 25 B ) A 28 I 4 A AR g i
I A K T BT 45 R R B A EE BP M 4%, RBF
W £ f phe 5E R BOHR R T 0.039 4, 3K 5] T 0.995;5F
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