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Abstract
Wavelet thresh holding with uniform threshold has shown some 
success in de-noising. For images, we propose that this can be 
improved by adjusting thresholds spatially, based on the rationale 
that detailed regions such as edges and textures tolerate some noise 
but not blurring, whereas smooth regions tolerate blurring but not 
noise and also proposes a wavelet-based method for compressing 
side scan sonar images. Wavelets are an adequate choice because 
their intrinsic properties suit side scan sonar images.
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I. Introduction
When filtering random noise from an image, the two main concerns 
are how much of the noise granularity has been removed, and 
how well the edges are preserved (without blurring). Typical de-
noising methods are based on smoothing and stems from the notion 
that for a large class of images, the signal energy are compacted 
into a few transform coefficients and that noise contribute to the 
high frequency and insignificant coefficients. For Fourier based 
methods, the standard one is the Wiener filter, which attenuates 
the high frequency part of the spectrum, but as a result, removes 
some of the image details as well. Alternatively, the technique 
of suppressing coefficients in the wavelet transform domain has 
shown promise, where the localized nature of the coefficients 
makes it more suitable for locally adaptive image processing. One 
method that has received considerable attention in recent years is 
wavelet thresh holding, an idea that noise is removed by killing 
coefficients that are insignificant relative to some threshold, and 
whose attractiveness is due to its simplicity and effectiveness. 
For image applications, it has shown success for various types 
of noise such as white random noise and compression artifacts. 
An extreme case of eliminating coefficients is the detection of 
multiscale edges, where all but the coefficients corresponding to 
edges are eliminated, a sensible idea when the noise power is so 
large as to render all the image details irrecoverable.
Side scan sonars give scientists the ability to perform large scale 
geological and biological surveys of the sea floor in  search 
for the most interesting areas of the seabed. During a typical 
mission, sending sonar images back to the surface ship, rather 
than simply storing them on the AUV, allows end-users to 
follow the progress of the survey and redirect the vehicle, if 
required. This gives rise to the question of efficiently sending 
data from the sonar, back to the surface ship, over a low 

Fig. 1: Noisy Signal

bandwidth (typically less than 10 Kbps) acoustic communication 
channel. In this scenario, compressing  side scan sonar images 
becomes an essential task. The system devised to tackle this 
problem is standard and consists of a transmission unit installed 
onboard the AUV and a reception unit onboard the support ship. 
The AUV unit starts by storing a certain number of sensor lines 
produced by the side scan sonar. These lines are then fed into the 
compression algorithm. The result is transmitted over an acoustic 
channel using a transport layer communication protocol. After 
receiving the compressed data, the support ship unit reconstructs 
the image and displays it.

Fig. 2: De-Noisy Signal

II. Denoising by Adaptive Threshold Technique
The de-noising algorithm is based on soft-thresh-holding the 
wavelet coefficients, with the thresholds adapting to the different 
spatial characteristics (edges, textures, or smooth area). For the 
region classification, first the edge regions are detected from the 
non-edges. Then the non-edge regions are further classified into 
a textured or a non-textured area.
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Fig. 3: Wavelet De-Noising Technique

A. Region Segmentation

1. Edges
With a certain class of wavelets, the non subsample wavelet 
decomposition essentially implement the discredited gradient of 
the image smoothed at different scales. From traditional edge 
detection, one knows that the points of sharp variations occur at 
local maxima (called modulus maxima) of the gradient norm in 
the direction of the gradient. An isolated singularity (i.e. point 
of sharp variation) induces modulus maxima which propagate 
across scales, and this evolution can be characterized by the local 
Lipschitz regularity. This property allows one to detect edge points 
by associating local maxima points across scales. To associate 
the chain of modulus maxima across scales which correspond 
to a singular point, the following ad hoc method is used for 
computational reasons. Since the first scale is very noisy, one 
starts the association from the second scale coefficients. 

2. Textures and Smooth Areas
After determining the edge regions, one needs to classify the 
remaining pixels to texture or smooth areas. Such a classification 
resembles image segmentation, and has more success in the space 
domain rather than the transform domain. The segmentation is 
done by calculating a variance image, and then thresh-holding it 
between certain amplitudes. Each pixel of the variance image is 
defined as where, f[I , j] is the intensity of the discredited image, 
and C is the neighborhood around pixel location [I , j]. 5 x 5 
window is used here). To determine the thresholds, note that the 
variance image is roughly an estimate of the local variance, and in 
a smooth region contaminated by noise, it should be approximately 
equal to the noise variance u2. 

Fig. 4: Region Segmentation

Such a simple segmentation of course is quite prone to error, and 
for example., among a patch of predominantly SMOOTH pixels, 
there are many holes with TEXTURE pixels, and vice versa. These 
holes can be closed by combinations of standard binary image 
operations called erosion and dilation which belong to a class of 
operations collectively described as morphological operations . 
The erosion operation turns OFF an ON pixel which has at least 
one OFF neighbor; dilation looks for an ON pixel and turns ON 
all of its immediate neighbors. Hence, small patches of OFF pixels 
can be closed by dilation followed by erosion (called closing) and 
small patches of ON pixels can be removed by erosion followed by 
dilation (called opening). One can also vary the number of layers 
(of immediate neighbors) to close bigger holes. The combination 
used in this work is closing with 3 layers and opening with 2 
layers, with TEXTURE being the OFF pixel and SMOOTH being 
the ON pixel.

3. Chromatic Dispersion
Chromatic dispersion refers to the wavelength-dependent pulse 
spreading that occurs as the optical signal propagates along the 
fiber. There are two contributing factors to chromatic dispersion. 
The first one is the dependence of the fiber material’s refractive 
index on the wavelength – referred to as material dispersion. The 
second factor is the waveguide dispersion, which occurs as a result 
of the dependency of the propagation constant on the wavelength. 
The end result is that different spectral components arrive at 
slightly different times, leading to wavelength-dependent pulse 
spreading, or dispersion. In many instances, material dispersion 
is the main contributor to chromatic dispersion. 

Fig. 5: Chromatic Dispersion

4. Coefficient Thresh-Holding
The actual de-noising is achieved by soft-thresh-holding the 
coefficients with thresholds that are spatially and scale-wise 
adaptive .For each scale, there are three different thresholds 
to be used for the different regions, and these values are found 
empirically. Assume that the noise power u2 is known or can be 
estimated (a reasonable estimate is from the sample variance of 
the h e s t scale of the wavelet transform). Since the 375 filters 
in the wavelet decomposition are known, we can calculate the 
noise power at scale –
s = Zk,
The thresholds are chosen to be scaled factors  are for the EDGE, 
TEXTURE, and SMOOTH region, respectively. A good set of 
values are (CE, CT, cs) = (0.4,1.4,1.8). Note that especially for 
large noise Cr, it is necessary to soft-threshold the EDGE pixels 
to avoid ringing.
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Fig. 6: Coefficient Thresh-Holding

Fig. 7: Noise Removal by Coefficient Thresh-Holding

III. Denoising by Discrete Transform Technique
Side scan sonars give scientists the ability to perform large scale 
geological and biological surveys of the sea floor in search for 
the most interesting areas of the seabed. During a typical mission, 
sending sonar images back to the surface ship, rather than simply 
storing them on the AUV, allows end-users to follow the progress 
of the survey and redirect the vehicle, if required. This gives 
rise to the question of efficiently sending data from the sonar, 
back to the surface ship, over a low bandwidth (typically less 
than 10 Kbps) acoustic communication channel. In this scenario, 
compressing side scan sonar images becomes an essential task. 
The system devised to tackle this problem is standard and consists 
of a transmission unit installed onboard the AUV and a reception 
unit onboard the support ship. The AUV unit starts by storing a 
certain number of sensor lines produced by the side scan sonar. 
These lines are then fed into the compression algorithm. The 
result is transmitted over an acoustic channel using a transport 
layer communication protocol. After receiving the compressed 
data, the support.
The nature of side scan images suggests wavelet-based compression 
as an appropriate choice. Referring to our description above, these 
images usually present large uniform areas (corresponding to the 

seabed) which is occasionally disrupted by rocks or other objects 
such as shipwrecks or pipelines. In addition, side scan images 
are inherently noisy. Given their multi resolution structure and 
ability to locally represent high-frequency variations wavelets deal 
with sonar images far better than other compression techniques. 
For example, JPEG, the widespread Fourier transform-based 
compression scheme, proved to be quite inadequate when 
compared with wavelets.The original side scan sonar image was 
compressed using PEG and using wavelets. Although compression 
ratios are very similar, image de-noising improves considerably 
with the wavelet-based compression.

 
                 (a)                                         (b)

                 (c )
Fig. 8: Sonar Images, (a). Noisy Picture, (b). Less Noise, (c). 
Noise Removed

A. Wavelet Decomposition
Wavelets underlie many recent advances in key areas of signal 
and image processing; namely, approximation (or representation), 
estimation, and compression. In these applications, two important 
properties of the discrete wavelet transform (DWT) of real-world 
signals and images are exploited: (a) it is sparse, meaning that 
a few large coefficients dominate the representation, and (b) the 
coefficients tend to be much less correlated than the original data. 
These properties, together with the existence of fast implemen-
tations, make the DWT an excellent tool for many signal image 
processing tasks. The basic approach to DWT-based signal image 
processing consists in manipulating the DWT coefficients, rather 
than the signal samples themselves. The DWT decomposes a signal 
(in this case, an image) into a linear combination of shifted and 
scaled versions of a so-called “mother-wavelet”.Consequently, 
the DWT has two adjustable attributes: wavelet decomposition 
base and number of levels of decomposition. Testing more than 
one decomposition base is a relevant issue because the wavelet 
shape plays a significant role on DWT’s ability to “approximate” 
original data. In this application, since we are working with noisy 
images, the wavelet should fit the ideal (unknown) noise-free 
image. We considered four wavelets, from the vast available set, 
to be tested as decomposition bases.
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Fig. 9: Wavelet Decomposition

B. Coefficient Thresholding and Encoding
The DWT of most real-world signals and images tend to be 
dominated by a few large coefficients. This is the so-called 
sparseness property which, in probabilistic terms, corresponds 
to a wavelet coefficient density function with a marked peak at 
zero and heavy tails; that is, a strongly super- Gaussian density. 

Fig. 10: Coefficient Encoding

A natural de-noising compression criterion then results from this 
statistical characterization of DWT coefficients: if the magnitude 
of an observed wavelet coefficient is large, its signal component 
is probably much  larger than the noise and it should be kept; 
conversely, if a coefficient has small absolute value, it is probably 
due to noise and it should be attenuated or even removed.

IV. Conclusions
This paper proposes methods for dramatically reducing the 
complexity by detecting the edges from the original image 
instead of detecting the multiscale edges in the wavelet domain, 
and this possibility will be explored in the future, as well as better 
segmentation methods. Another important issue concerns the values 
of the thresholds, which need to be derived more systematically 
and also for compression of underwater side scan sonar images. 
The problem is motivated by the need to transmit these images 
over an acoustic link from autonomous underwater vehicles.
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