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Table 1 Information about SeaBAM database

s 2k By s P ] 16/ gk R

BBOPY2-93 D Siegel Sargasso Sea Monthly . 1992—1993 72 1
BBOP94-95 D- Siegel Sargasso Sea Monthly, 1994—1995 67 1
WOCE J. Marra 50°§—13°N, 88°—91°W March 1993 70 1

10°s—30°N, 18°—37°w April 1993
EQPAC C- Davis 0, 10°w March. Sept. 1992 126 1
NABE 1 C- Trees 46°—59°N, 17°—20°W May 1989 72 1
NABE 2 C- Davis 46°N, 19°W April 1989 40 1
CARDER K. Carder North Atlantic Aug- 1991 87 1

Pacific July 1992

Gulf Mexico April 1993

Arabian Sea Nov. 1994, June 1995
CALCOFI G- Mitchell California Current Aug- 1993-July 1996 303 1
MOCE 1 D- Clark Monterey Bay Sept - 1992 8 1
MOCE 2 D. Clark Gulf California April 1993 5 1
North Sea R. Doerffer 52°—55°N, 0°—8°E July 1994 10 2
Chesap- Bay L. Harding ~37°N, 75°W April, July 1995 9 2
Canadian Aretic G- Cota ~74.38°N, 95°W Aug- 1996 8 1
AMT G- Moore 50°N—50 Sept- 1995, April 1996 42 1
Total 919
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Fig- 1 The structure of a simple artificial neural network
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Table 2 Combinations of the remote sensing reflectances

RMSE = J

at different wavelengths
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Table 3 Cubic empirical algorithms
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Fig- 2 Variation of correlate coefficient with the structure

of ANN
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Fig- 3 Variation of RMSE with the structure of ANN
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Fig- 4 The output of training data set
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The output of testing data set
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Table 4 Part of remote sensing reflectances and their chlorophyll concentrations

R A12 R, 443 R, 490 R,510 R.555 Chi-m Chi-d
0.010401 0.0094035 0.0066653 0.0036668 0.0014600 0.080 0.076
0.007517 0.0073350 0.0062610 0.0041490 0.0019420 0.18 0.15
0.002533 0.0022031 0.0028697 0.0027699 0.0021766 1.18 1.54
0.002062 0.0015554 0.0017901 0.0023156 0.0020491 2.27 2.41
0.003573 0.0031470 0. 0030090 0.0026130 0.0016560 0.46 0.49
0.001829 0.0016011 0.0016352 0.0017081 0.0014386 1.28 1.46
0.002295 0.0022861 0. 0028650 0. 0026656 0.0023048 1.37 1.60
0.002120 0.0016059 0.0018571 0.0022833 0.0021097 2.93 2.92
0.014076 0.0113980 0.0070097 0.0033329 0.0013430 0.049 0.056
0.004799 0.0047020 0.0047627 0.0034997 0.0017405 0.29 0.25
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Table 5 Comparison of different algorithms

Bk CalCOFI Morel-3 0oc-2 0C-2B oc-4 POLDER PN 7S

RMSE 0.1677 0.1888 0.1829 0.1955 0.1640 0.3009 0.1349

R’ 0.9623 0.9534 0.9561 0.9526 0.9629 0.9536 0.9676
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Table 6 The influence of input noise on the derived errors

7S 0 +3% +5%
RMSE 0.1349 0.1416 0.1487
R 0.9676 0.9656 0.9618
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A Method to Retrieve the Oceanic Chlorophyll-a Concentrations
in Case I Water Based on Artificial Neural Network

ZHANG Ting-lu; HE Mingxia
( Ocean Remote Sensing Laboratory of Ministry of Education of China> Ocean Remote Sensing Institute, Ocean University of Qingdao
Qingdao 266003, China)

Abstract
Network (ANN) is presented- The ANN used in this paper is a three-layer feed forward back-propagation network which

A method to retrieve the oceanic chlorophyll concentrations in Casse I water based on Aritificial Neural

has 4 neurons in the input layer (corresponding to the ratios of the remote sensing reflectances at 4 wavelengths: 412 nm.
443 nm, 490 nm. 510 nm to the remote sensing reflectance at 95 nm). © neurons in the hidden layer and one neuron
for the output layer (Corresponding to chlorophyll concentration)- The training data set and testing data set of the ANN
come from SeaBAM data base- 70%0 of the 919 stations in SeaBAM was used for training data set, the other 3020 used
for testing data set- At the end. the retrieved results from ANN and from the empirical algorithms were compared. The
results show that the accuracy of the ANN is better than the cubic empirical algorithms used widely -

Key words: chlorophyll concentrations; retrieval ; artificial neural network



