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Shallow-water active sonar is degraded by multipath
propagation and wideband Doppler effects. This paper
proposes a signal-processing method that combines
wideband Doppler-scale compensation and sparse
multipath equalization. Doppler compensation,
OMP-based channel estimation, Sparse-MMSE
equalization, pulse compression, and CA-CFAR
detection were sequentially applied. Monte Carlo
simulations demonstrated stable detection over —30
to 0 dB SNR, with a gate false-alarm probability of
0.0118. ROC results also confirmed improved detection
performance at low false-alarm rates.
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Fig. 1. Coarse-fine wideband Doppler-scale estimation
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Fig. 2. Esimated sparse delay-Doppler channel taps
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Fig. 3. Pulse compression after sparse-MMSE equal-
ization
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