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ABSTRACT

In this paper, we propose an adaptive digital predistortion linearization based on a new VSS(Valuable step-size)

NLMS(Normalized Least Mean Square) algorithm. This new proposed algorithm is derived based on the

Quasi-Newton family. And this algorithm is used DFP(Davidon-Fletcher-Powell) update recursion, Simulation

results are presented to compare the convergence of proposed algorithm with LMS algorithm and RLS algorithm.

From the compared results, the new VSS-NLMS algorithm has advantage of more efficient computational

complexity than the other algorithm and also the convergence speed of this algorithm is faster than others. The

VSS based DPD has achieved -74 dBc (offset £5SMHz) ACLR at power amplifier for WCDMA 1FA test signal.
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Fig. 2. Adaptive filter block diagram
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