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We propose estimation methods of tree species, growth and density in a forest from earth observation data by

sensors in artificial satellites and aircrafts, also known as remote sensing data.

Such estimated information is

essential for forest management. Recently-developed hyperspectral sensors and sensor fusion technology give us
rich information about forestry, whereas they cause a high dimensional and small sample size problem because of
the limitation of training data collected from field survey. We apply sparse regularization to solve such n < p
problems, where n and p mean sample size and number of dimensions. Experimental results show the validity of

our approach.
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