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Seawater temperature model from Argo data by LM-BP neural network
in Northwest Pacific Ocean
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Abstract: Using the LM-BP neural network and choosing the sea surface temperature longitude latitude and depth obtained from Ar—
go data in 2007 as input parameters the seawater temperature model of the Northwest Pacific Ocean was built. Using the root-mean—
square error( RMSE) and the Pearson’ s correlation coefficient ( R) as test indices the model was evaluated by the data in the period
2008 ~ 2009. The results were that the RMSE was 0.714 0 °C and R was 0.996 8 in 2008. The RMSE was 0.761 5 °C and R was

0.996 5 in 2009. It shown this seawater temperature model was.
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Tab. 1 Results of simulation

2007 2007 2008 2008 2009 2009

RMSE/°C R RMSE/C R RMSE/C R
1 0.369 3 0.998 9 0.581 5 0.997 6 0.512 7 0.998 4
2 0.365 7 0.998 9 0.616 7 0.997 2 0.5711 0.997 5
3 0.3739 0.998 9 0.658 2 0.996 1 0.561 2 0.997 5
4 0.3752 0.999 0 0.893 7 0.995 2 0.5255 0.998 0
5 0.424 5 0.998 8 0.784 17 0.9959 0.7957 0.996 3
6 0.5319 0.998 3 0.698 4 0.997 2 0.940 4 0.994 3
7 0.558 0 0.998 2 0.8205 0.996 2 0.8922 0.9959
8 0.464 0 0.998 8 0.932 4 0.996 2 0.872 8 0.996 0
9 0.481 1 0.998 7 0.793 3 0.996 6 0.8380 0.996 7
10 0.469 5 0.998 7 0.639 6 0.997 7 0.8355 0.996 7
11 0.507 6 0.998 3 0.604 5 0.997 7 0.929 5 0.9950
12 0.508 1 0.998 2 0.544 8 0.997 9 0.863 3 0.995 1

0.452 4 0.998 6 0.714 0 0.996 8 0.761 5 0.996 5
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Fig. 6 Comparison of simulation and measured data in Apr. 2008 (left) /2009 ( right)
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Fig. 9 Comparison of simulation and measured data at single station
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