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Abstract:  To estimate the parameters in complex noise situation effectively, a new robusiness algorithm for adaptive signal

process is presented named adaptive recwsive M-estimation ( ARME). And its properties of convergence, asymptotic wmbiasedness

and robudness are analyzed from theory and Monte Carlo simulations. Results and simulations show that the ARME algorithm obr

tains the advantages of the recursive least square (RLS) in Gaussian white noise ( WGN) . More importantly, n the no G aussian

noise siuation such as WGN with high interference, they show that the ARM E algorithm has a better convergence rate and a less es
timation deviation than those of the RLS. Besides that, the ARME is more robustness compared with the RLS.
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