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Quantitative Retrieval of Chlorophyll a Concentration in Taihu Lake Using Machine

Learning Methods
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Abstract: We evaluated the performance of two machine leaming methods, artificial neural net (ANN) and support vector machine (SVM) , for
estimation of chlowphyll ainTahu Lake from remote sensing data. The theoretical analysis has been done from basic theory and leaming target
of these two methods first. Then two empirical algorihms have been developed to relate reflectance of MODIS to in situ concentrations of
chlorophyll a. The performance of ANN and SVM is comparatively analyzed in terms of validation, stabiliy and robustness assessment and
chlorophyll a distrbution of Taihu Lake from two algorithms. The 1ot of mean square deviaton ( RMSE) and average relative emror (ARE) of
validaton data is only 5. 85 and 26. 5% of SVM retrieval model, however, RMSE and ARE of ANN model & 13. 04 and 46. 8% . Stability and
robustness assessment suggest that SVM provides the better peformance than ANN. And the refrieval results show that the chlowophyll a
distribution of the whole lake from two alorithms is similar, however, the chlorophyll a concentration in the eastem region and central region
of Taihu Lake is distarted by ANN model because of the limiations, such as learning target setting and over leaming in net construction.
Key words: artificial neural net (ANN) ; support vector machine (SVM) ; water quality retrievals; chlorophyll a; Taihu Lake
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Fig. 2 Location of sampling stations of Taihu Lake
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Table 1~ Stability analysis of ANN and SVM models

/
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