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Non-homogeneous noise removal for side scan sonar images
using a structural sparsity based compressive sensing algorithm
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ABSTRACT: The quality of side scan sonar images is determined by the frequency of a sonar. A side scan sonar
with a low frequency creates low-quality images. One of the factors that lead to low quality is a high-level noise.
The noise is occurred by the underwater environment such as equipment noise, signal interference and so on. In
addition, in order to compensate for the transmission loss of sonar signals, the received signal is recovered by TVG
(Time-Varied Gain), and consequently the side scan sonar images contain non-homogeneous noise which is
opposite to optic images whose noise is assumed as homogeneous noise. In this paper, the SSCS (Structural
Sparsity based Compressive Sensing) is proposed for removing non-homogeneous noise. The algorithm
incorporates both local and non-local models in a structural feature domain so that it guarantees the sparsity and
enhances the property of non-local self-similarity. Moreover, the non-local model is corrected in consideration of
non-homogeneity of noises. Various experimental results show that the proposed algorithm is superior to existing
method.
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Fig. 2. Flow of proposed method.
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Table 1. Parameters used in the experiments.

Parameter Value

Patch size ps =TXT

Cluster # K=10
Search region size S, =51 X 51
Non local patch # B=16

t}. 2 o] A3 A] ule}u]E]=Table 13} Zro] AA 3o

~
A Q30 intensity, z,y U0 29| gradient, LBP
2 AA5}A ) 2o A18-e- 34 GHz(x8) CPU, 64 GB
RAME]| PC Z2hE0l| A4 1353l

4.1 QAL THE| 2

£ AR 22 WA 400 Y oS
o noisy Q12 JAMS Z|ukoR Saydich o7]A
VG uHg 3] SEgkek. Fig 32 24 7|uh 2

(b) Structural feature distance
(Frobenius norm)

(¢) Structural feature distance
(log-euclidean distance)

Fig. 3. Similar patches searched by (a) pixel intensity
distance (b) structural feature distance with
euclidean distance (c) structural feature distance
with log-euclidean distance.
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Fig. 4. The denoising result on an online image. The
red and green boxes indicate denoising results on
high-level noise region by CSR and SSCS.



Table 2. Results for online images using CSR and
SSCS.

PSNR (dB) Time (s)

Data
CSR SSCS CSR SSCS

29.31 29.94 53.06 35.09

27.69 28.12 51.41 34.93

29.13 30.36 54.63 3542

25.57 25.83 51.34 33.55

28.88 29.75 56.32 372

Average 28.12 28.80 5335 35.23

Noisyimage

Fig. 5. The denoising result on XTF data.
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Fig. 6. The denoising result on XTF data.
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