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Following the great potential of optical remote sensing
and its increased application in quality assessment of
inland waters, we have developed time dependent
vegetation abundance prediction models based on its
statistical relationship with the concentrations of total P Resuits
suspended matter (TSM) and phytoplankton
chlorophyll (Chl-a) water quality (WQ) parameters in e
the lake as well as the amount of rainfall in its drainage estimation
basin. Availability of clean fresh water is one of the greatest
environmental challenges worldwide. Lakes require regular
2l monitoring in order to assess the quality of their water.
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optimal response period for each precursor.

established and prediction models developed in the ecology of aquatic systems.
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E; « is reflectance of endmember i at wavelength k, a; is
the abundance of endmember i, n is the number of
endmembers, and ¢, is the error at wavelength k.
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Conclusion
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ey It seems the proliferation of aquatic vegetation is enhanced by the presence of TSM and Chl-a in water, which are introduced

into the lake by the rainfall in its drainage basin. Regression results revealed that vegetation proliferation responds optimally
to the variations in the conditions of TSM, Chl-a and rainfall after a delay period of about two to three months with
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srendance correlation coefficients R = 0.46, R = 0.57 and R = 0.67 respectively. Early vegetation predictive models are developed based
- | Rl Loos on these statistical relationships.
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