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Background reverberation can obscure useful features of the target echo response in broadband

low-frequency sonar images, adversely affecting detection and classification performance. This paper

describes a resolution and phase-preserving means of separating the target response from the

background reverberation noise using a coherence-based wavelet shrinkage method proposed recently

for de-noising magnetic resonance images. The algorithm weights the image wavelet coefficients in

proportion to their coherence between different looks under the assumption that the target response is

more coherent than the background. The algorithm is demonstrated successfully on experimental

synthetic aperture sonar data from a broadband low-frequency sonar developed for buried object

detection. VC 2014 Acoustical Society of America. [http://dx.doi.org/10.1121/1.4845255]

PACS number(s): 43.60.Lq, 43.60.Hj [PJL] Pages: 262–268

I. INTRODUCTION

Broadband low-frequency sonar is a promising technol-

ogy for the robust detection and classification of objects that

are proud of or buried beneath the seafloor. While conven-

tional high-frequency imaging sonar relies on geometrical

features (such as the highlights and shadows) to detect and

classify objects, broadband low-frequency sonar can be used

to exploit structural resonances of the objects.1,2 The classifi-

cation of contacts in broadband low-frequency sonar im-

agery thus depends on a capability to reliably extract the

resonant echo response. In practice, the echo response is cor-

rupted by background reverberation, which can adversely

affect this capability. This is a problem for low-frequency

sediment-penetrating sonars, e.g., the Netherlands

Organisation for Applied Scientific Research (TNO) MUD,3

SSAM,4 and BOSS5 systems, where the seafloor sediment

and/or multipath reverberation can be strong while useful

features of the echo response can be comparatively weak.

Synthetic aperture sonar (SAS) processing provides

increased image resolution by exploiting the inter-ping phase

coherence of the echo data. Furthermore, it enhances the sig-

nal-to-noise ratio for coherent targets relative to the incoherent

background reverberation.6 Use of a directional source and/or

receiver array can further mitigate the multipath reverberation

in shallow water.7 However, even with these mitigation meas-

ures in place, the residual reverberation can be problematic.

A target’s multi-aspect acoustic color and the echo

response from which it is derived are potentially useful rep-

resentations for classifying targets in broadband low-

frequency sonar data.8 The response of a target of interest

can be isolated from the background reverberation and other

nearby targets in the SAS image by applying a window fol-

lowed by a reversal of the SAS imaging procedure.8,9

However, there is a trade-off for the choice of window size,

which is driven primarily by the need to suppress the rever-

beration noise; a smaller window achieves greater suppres-

sion of the reverberation, but at the cost of reduced spatial

frequency resolution and a risk of losing important target

features. Furthermore, any reverberation remaining within

the window will contribute to a degraded target response.

Ideally, the target can be isolated from the background

reverberation without sacrificing resolution or losing target in-

formation. Recently, a novel coherence-based wavelet shrink-

age method was proposed for de-noising magnetic resonance

images that is capable of achieving this.10,11 Here, we adapt

this method for the purpose of separating coherent targets

from the incoherent background reverberation in broadband

low-frequency SAS images. By removing the reverberation in

this way, a window is only required to isolate the target of in-

terest from other targets and, thus, a much larger window can

be employed reducing the risk that important information is

lost. We demonstrate application of the method on experimen-

tal data from the TNO MUD sediment-penetrating sonar.

II. ALGORITHM DESCRIPTION

A variety of image de-noising algorithms has been

developed based on wavelet shrinkage using the magnitudes

of the wavelet coefficients; the SUREshrink algorithm12 is a

popular example. However, in sonar imagery the magnitude

of the echoes is not always the best criterion for separating

targets from the background reverberation noise (consider,

for example, a weakly scattering target on a highly reverber-

ant seafloor). A key characteristic that does distinguish tar-

gets from background reverberation is echo structure, and

this can be quantified by the coherence.

The proposed method uses a coherence metric to deter-

mine the similarity of wavelet coefficients between independ-

ent looks, i.e., different images of the same scene with

statistically independent noise realizations. The wavelet coef-

ficients that have high coherence between looks are assumed

to correspond to the reverberation-free measurements of the

targets (i.e., structured echoes), whereas the coefficients with
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low coherence are assumed to correspond to the reverberation.

Under these assumptions, the coefficients with low coherence

are attenuated to produce a de-noised image. The adaptation

of this method to the sonar application is described in Secs.

II A–II C and is summarized in Fig. 1.

A. Generation of complementary looks

In the context of target detection and classification for

broadband low-frequency sonar, the major source of interfer-

ence is from the seafloor sediment and multipath reverbera-

tion. Here, we assume that the reverberation cannot be

resolved by the system and, therefore, behaves as speckle,

i.e., it has low coherence over the spatial and temporal fre-

quencies.13 Comparatively, targets are assumed to be much

more coherent. These are the characteristics of the data that

are exploited to generate statistically independent looks.

A broadband low-frequency synthetic aperture sonar

collects samples over a wide range of temporal and spatial

frequencies due to the use of a broadband pulse and wide

beams, respectively. Therefore, the SAS echo data have

broad support in the wavenumber domain. Complementary

looks can thus be generated by partitioning this space into

two sets. The partitioning of wavenumber space must be

made so that this relationship is preserved in order to exploit

the assumed coherence of the target and relative incoherence

of the background. One means of achieving this is to apply a

two-dimensional (2-D) grid to the space and assign blocks to

either one or the other set; this is illustrated in Fig. 2 for a

regular assignment between sets. It is necessary to choose a

grid such that the speckle is correlated only on a scale that is

much smaller than the block size and the target is correlated

on a scale that is bigger. In this way, the targets are likely to

be persistent between the blocks whereas the speckle is not.

The derivation of an optimal grid will depend on the

assumed scattering properties of the targets and reverbera-

tion, and the system parameters; this is an interesting subject

for future research, but is not considered here.

Often in practice, the data are sampled at close to the

Nyquist rate, or perhaps even undersampled, and a regular

separation of blocks between sets (as illustrated in Fig. 2)

can result in undersampling and the introduction of artifacts.

In these cases, it is advantageous to partition the space using

a randomized assignment between sets, thus breaking the

regularity and spreading the energy of the undersampling

artifacts rather than concentrating them into localized grating

lobes. Here, we use a randomized partitioning scheme where

blocks are assigned to either of the two complementary sets

(looks) at random, i.e.,

Dpðk; kuÞ ¼ Dðk; kuÞwpðk; kuÞ; (1)

~Dpðk; kuÞ ¼ Dðk; kuÞ 1� wpðk; kuÞ
� �

; (2)

where D k; kuð Þ ¼ FT d t; uð Þ
� �

is the 2-D Fourier transform

of the echo data d t; uð Þ, t and u are time and the along-track

positions, respectively, and k and ku are their respective

wavenumbers;

wpðk; kuÞ ¼ ap round
k � k0

Dk

� �
; round

ku � ku;0

Dku

� �" #

(3)

is a window function that implements the random block

assignment over a grid with centers at the wavenumbers

ðkm; ku;nÞ ¼ ðk0 þ mDk; ku;0 þ nDkuÞ, where ap m; n½ � is a 2-D

pseudo-random noise sequence drawn from a binary distri-

bution, round(x) is the nearest integer to x, and the subscript

p denotes the pth sequence realization. The SAS images for

a pair of complementary looks, ip x; yð Þ and ~ip x; yð Þ, can then

be generated from the data, i.e.,

ipðx; yÞ � IMfFT�1 Dpðku; kÞ
� �

g; (4)

~ipðx; yÞ ¼ IM FT�1 ~Dpðku; kÞ
� �� �

; (5)

where IM �f g : t, u! x, y is the SAS imaging operator, and

x and y are the along-track and across-track image coordi-

nates, respectively.

B. Coherence of wavelet coefficients

The wavelet domain is good for yielding sparse image

representations, meaning that the important information

tends to be contained within only a few coefficients whereas

noise is distributed more evenly. It is, therefore, a good

FIG. 1. Overview of the wavelet shrinkage algorithm.

FIG. 2. (Color online) Generation of complementary looks by a regular par-

titioning of the wavenumber space where alternate blocks are assigned into

two sets. The hashed areas represent regions of the space corresponding to

target responses that are correlated over multiple blocks.
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domain for separating targets from noise and has been used

for resolution-preserving de-noising in imaging applications,

including sonar.14

The images for the complementary looks can be trans-

formed to the wavelet domain by the discrete wavelet trans-

form, i.e.,

Cpðx0; y0; sÞ ¼ WT ipðx; yÞ
� �

; (6)

~Cpðx0; y0; sÞ ¼WT ~ipðx; yÞ
� �

; (7)

where the operator WTf � g : x, y! x0, y0, s denotes the

wavelet transform and s ¼ ðsx; sy; sxyÞ is the wavelet scale.

A thorough investigation into the optimal wavelet type

was not conducted. However, a wavelet with symmetric/

anti-symmetric real and imaginary components should be

chosen to preserve the phase information in the image;15

this can be important for subsequent signal processing. The

coefficients corresponding to targets or noise are distin-

guished by considering a measure of their similarity

between the looks; coefficients that are similar are desig-

nated as belonging to a potential target, whereas those that

are dissimilar are designated as noise. The similarity is

quantified here using the coherence, but other metrics can

also be used.10,11 The coherence between looks can be esti-

mated using

qpðx0; y0; sÞ ¼

XðN�1Þ=2

m;n¼�ðN�1Þ=2

Cpðx0 þ mDx; y0 þ nDy; sÞ �C
�
pðx0 þ mDx; y0 þ nDy; sÞ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXðN�1Þ=2

m;n¼�ðN�1Þ=2

jCpðx0 þ mDx; y0 þ nDy; sÞj2
vuut

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXðN�1Þ=2

m;n¼�ðN�1Þ=2

j �C�pðx0 þ mDx; y0 þ nDy; sÞj2
vuut

(8)

for an N � N averaging window, where Dx, Dy are the pixel

dimensions. The variance of the coherence estimate can be

reduced by averaging over a larger window (i.e., larger N) at

the cost of reduced spatial resolution. The variance can also

be reduced by averaging over a number, P, of different look

realizations, i.e.,

qðx0; y0; sÞ � 1

P

XP

p¼1

qpðx0; y0; sÞ; (9)

where, for example, the different looks are obtained by

repartitioning the data with different realizations of the

pseudo-random noise sequence.

C. Shrinkage of wavelet coefficients

Having determined the coherence of the wavelet coeffi-

cients, a weighting scheme is chosen to attenuate those coef-

ficients that are deemed to be incoherent and, therefore,

designated as noise. The derivation of an optimal weighting

scheme will depend on the assumed properties of the targets,

background reverberation, and the system parameters; this is

an interesting subject for future research. However, to dem-

onstrate the principle we define here a simple ad hoc scheme

with a user-defined soft threshold, i.e., with weights

Aðx0; y0; sÞ ¼

1; qðx0; y0; sÞ > qmax

0; qðx0; y0; sÞ < qmin

qðx0; y0; sÞ � qmin

qmax � qmin

; otherwise;

8>><
>>:

(10)

where coefficients with coherence less than qmin are attenu-

ated completely and coefficients greater than qmax are

retained completely, with a linear graduation between these

thresholds.

Using these coherence-based weights, the wavelet coef-

ficients of the full image are adjusted and then inverse wave-

let transformed to yield the image containing only the

coherent targets, i.e.,

i0ðx; yÞ ¼WT�1fAðx0; y0; sÞWTfiðx; yÞgg; (11)

where

iðx; yÞ ¼ IMfFT�1fDðku; kÞgg (12)

is the full SAS image. Note that an image of the background

reverberation can be obtained by subtracting the coherent

target image from the original image, i.e., iðx; yÞ � i0ðx; yÞ.

III. RESULTS FROM THE MUD SONAR

The MUD system is a low-frequency broadband syn-

thetic aperture sonar developed by TNO for experimentation

on buried object detection.3 The system wet end is shown in

Fig. 3. It is comprised of an exchangeable acoustic projector,

two 16-element hydrophone arrays, and navigation sensors

(real-time kinematic global positioning system and a pho-

tonic inertial navigation system). These components are

mounted on a frame with an adjustable tilt angle that is

adapted for operation from diver support vessels of the

Royal Netherlands Navy.

Using a 4–9 kHz projector and a sidescan imaging ge-

ometry, the system is capable of detecting objects com-

pletely buried in mud at ranges up to 70 m in very shallow

water (approximately 10–15 m water depth and 0.5 m of
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mud). Figure 4(a) shows a SAS image acquired by the sys-

tem during a 2011 sea trial in the Haringvliet.8 A test garden

consisting of a variety of different objects was deployed for

the trial, including mine-like and non-mine-like objects,

unexploded ordinance (UXO), and calibration targets. These

objects were actively buried by divers six months prior to

the trial. A high-frequency sonar survey was conducted im-

mediately before the trial using a REMUS autonomous

underwater vehicle and this confirmed that the objects were

indeed buried (i.e., they were not detected during the

REMUS survey). The contacts corresponding to the

deployed objects were identified using ground-truth meas-

urements and these are indicated by arrows in the SAS image

of Fig. 4(a). This demonstrates the capability of the system

to detect the buried objects. However, in addition to the

objects of interest, the system also detects regions of dense

clutter, an example of which has been indicated within the

boxed area of Fig. 4(a). In some cases, the high clutter den-

sity prevents the confident matching of target contacts with

the ground-truth. It is clear from this example that robust

classification is required to discriminate between targets and

clutter in order to achieve an operational capacity.

Isolation of the contact responses from the background

reverberation is a crucial preprocessing step in the classifica-

tion procedure. The proposed wavelet shrinkage technique is

demonstrated here for this purpose. The technique was

applied to the SAS image of Fig. 4(a) using the following pa-

rameters: the data support in wavenumber space was parti-

tioned into a grid of 32� 32 blocks to generate the

complementary looks; a window of N¼ 5 pixels was used at

each wavelet scale to estimate the coherence (image pixel

size of Dx ¼ 0:2 m and Dy ¼ 0:1 m); the coherence was

averaged over P¼ 100 look realizations; a Morlet wavelet16

was used in the wavelet transform; and a soft threshold of

FIG. 3. (Color online) MUD low-frequency broadband synthetic aperture

sonar: (a) wet-end, (b) deployment.

FIG. 4. (Color online) Run 325 from

the MUD-2011 trials. (a) SAS image

with contacts of the deployed targets

indicated by arrows and an area of

dense clutter indicated within the

boxed region; for this run, the contacts

corresponding to deployed objects

could not be identified with confidence

in this region and the ground truth

locations are indicated by the question

marks; (b) coherent contacts; and (c)

background noise separated using the

wavelet shrinkage method.
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qmin ¼ 0:4 and qmax ¼ 0:5 was chosen to weight the wavelet

coefficients. The separated contacts and background are

shown in Figs. 4(b) and 4(c), respectively. Qualitatively, it

can be observed that the contacts have been well isolated

and the resolution has been preserved.

The procedure is shown in more detail in Fig. 5 for a

specific target: the EVA cylinder17 from NATO’s Centre for

Maritime Research and Experimentation (CMRE). A photo-

graph of the EVA cylinder is shown in Fig. 5(a). The cylin-

der is 1.5 m long and 0.5 m in diameter with hemispherical

end-caps, it is constructed from a thin shell of composite ma-

terial, and filled with water except for one end-cap which is

solid epoxy resin. Figure 5(b) shows the SAS image snippet.

A single realization of the randomly partitioned wavenumber

space used to generate a look is shown in Fig. 5(c), the

wavelet transform of the look image is shown in Fig. 5(d),

and its coherence with respect to the complementary look

image is shown in Fig. 5(e). The coherence of the wavelet

coefficients between the complementary looks is very noisy

for a single realization, but this is reduced significantly by

averaging the coherence over multiple complementary look

realizations, as shown in Fig. 5(f).

The SAS image snippet for the isolated response of the EVA

cylinder is shown in Fig. 6(a). The corresponding echo data

(obtained by reversal of the SAS imaging operator) are shown in

Fig. 6(c) and the multi-aspect acoustic color (i.e., the aspect-

frequency representation of the echo data) is shown in Fig. 6(e).

For comparison, Figs. 6(b), 6(d), and 6(f) show, respectively, the

SAS snippet, echo data, and multi-aspect acoustic color, where

the target isolation has been achieved by application of a window

of dimensions 2.5� 5 m with a 0.5 m transition border. In this

case, the window is too large and some of the background is

retained, thus corrupting the target response. Conversely, when

the window is too small important details can be lost.

A. Quantitative analysis

The procedure was repeated for a variety of targets over

different runs to gain a quantitative estimate of the average

improvement offered by the method. The targets considered

were: (i) the EVA cylinder, (ii) a 155 mm shell (UXO), (iii)

a boulder of approximately 40 cm diameter, and (iv)

SESAME, a pressurized container containing underwater

acoustic logging equipment. These targets are indicated in

FIG. 5. (Color online) Target/

background separation for the CMRE

EVA cylinder target: (a) photograph of

the EVA cylinder, (b) SAS image snip-

pet (the green square denotes the

ground-truth location), (c) wavenum-

ber spectrum of a random look realiza-

tion, (d) wavelet decomposition of the

look image, (e) wavelet coherence

between a pair of complementary

looks, and (f) average wavelet coher-

ence over 100 look realizations.
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the SAS image of Fig. 4 by the identifiers EVA, SHL2,

BOU2, and SES, respectively. The targets were observed

over several different runs at varying ranges and orientations

relative to the sonar, where the runs selected here are

denoted by the numbers 275, 311, 322, 323, and 325 (run

325 is shown in Fig. 4).

The improvement is quantified using an estimate of the

signal-to-reverberation ratio (SRR) given by

SRR ¼ maxðjiðx; yÞj2Þ=medianðjiðx; yÞj2Þ (13)

over an image snippet of dimensions 10� 10 m centered on

the target. The results are tabulated in Fig. 7 and show an av-

erage SRR improvement between 15 and 20 dB.

IV. CONCLUSIONS

A wavelet shrinkage algorithm has been presented for

the enhancement of the acoustic response of coherent targets

FIG. 6. (Color online) Acoustic signa-

tures of the EVA target obtained using:

(a),(c),(e) the wavelet shrinkage

method with a soft threshold for the

coherence between 0.4 and 0.5; and

(b),(d),(f) a spatial window of dimen-

sions 2.5� 5 m. (a),(b) shows the SAS

image snippet, (c),(d) the echo data,

and (e),(f) the multi-aspect acoustic

color.

FIG. 7. Comparison of estimated signal-to-reverberation ratio before and af-

ter target enhancement by incoherent wavelet shrinkage. The labels EVA,

SHL2, BOU2, and SES denote the cylinder, shell, boulder, and SESAME

targets, respectively, and the numbers in parentheses indicate the run in

which the target was observed.
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in low-frequency synthetic aperture sonar imagery. The

algorithm has been demonstrated on data from the TNO

MUD low-frequency sonar and shown to suppress the back-

ground seafloor reverberation effectively, achieving an aver-

age increase in SRR of between 15 and 20 dB while

preserving image resolution and phase. Further work is

required to investigate the optimal generation of comple-

mentary looks based on prior knowledge of the reverberation

and target coherence and optimal thresholding schemes.
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