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Non-uniform Norm Constraint Estimation Algorithm for
Underwater Acoustic Channels at the Presence of Varying Sparsity

WU Feiyun' ZHOU Yue-hai' TONG Feng' FANG Shidiang’
(1. College of Ocean & Earth Sciences Xiamen University Xiamen 361005 Fujian China;
2. School of Information Science and Engineering Southeast University Nanjing 210018 Jiangsu China)

Abstract: For the typical underwater acoustic channels with time-frequency double extension characteris—
tics the channel estimation performance can be improved by introducing a norm constraint into the chan—
nel estimation algorithm based on the sparse distribution feature of the channels. However at the pres—
ence of varying multipath structure caused by change of depth or velocity gradient the classic [, or [,
norm constraint methods are subject to performance degradation due to lack of adaptability to sparsity. A
previously derived non-uniform norm constraint LMS ( NNCLMS) algorithm is introduced and then a
convergence analysis is made on it. In the form of non-uniform norm the NNCLMS algorithm is used to
accommodate the different sparsities caused by different multipath structures. Numerical simulation and
sea experimental results show that the estimation performance of the proposed method is superior to that of
the classic [, or [, norm constraint algorithm.
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Fig.2 BELLHOP model-based multipath time

delay channels at 3 receiving depths
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Tab.2 Parameters of different algorithms in simulation
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Fig.5 The output SNRs of channel estimation-based
LMMSE equalizer
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