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ABSTRACT

In this paper a threshold based method for speckle reduction
and image compression of medical ultrasound images was
presented. First, two ultrasound medical image despeckling
methods were compared: wavelet-based and contourlet-besd,
to find the best. Different measures were used for
performance comparison and these methods were
implemented both on synthesized data and real ultrasound
images. It is found that, performance of the both techniques
vary with the level of the speckle noise, and in the case of
preserving image details and edges which is very important
for medical image processing, contourlet-based method shows
better performance over wavelet-based speckle reduction
specially in high levels of noise. Then, a new contourlet-based
lossy image compression method was presented for medical
ultrasound images. In this algorithm, contourlet transform was
used for image decomposition. Then, a new thresholding
process was applied on the coefficients before quantization.
The compression threshold was elected due to coefficients
occurrence in the contourlet domain. This algorithm has the
ability of simultaneous speckle reduction using another
thresholding. Due to this time saving ability, the algorithm
can be used in online image transmission systems. The
proposed method was implemented on a real ultrasound
images and ultrasound phantom image. Results proved that
our proposed method has acceptable and good performance
over common compression methods such as wavelet-based
SPIHT in the case of PSNR.
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1. INTRODUCTION

Among different imaging modalities, ultrasound imaging due
to being non-invasive, harmless and cost effective is a popular
imaging method. However, ultrasound images suffer from low
image quality that is the result of some physical and natural
factors such as speckle noise. Despite advantages of digital
image technology, digital images are large in size and need
large number of bits for storage. The other limitation of these
large images is bandwidth that is needed for transmission. So,
compression of images was introduced as a solution to
overcome these limitations. As a result, in past few decades
considerable efforts in the field of medical ultrasound image
processing have been directed at development of speckle
reduction techniques and image compression methods.
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Speckle noise is a phenomenon that accompanies all coherent
imaging modalities in which images are produced by
interfering echoes of a transmitted waveform that emanate
from heterogeneities of the studied objects. The superposition
of acoustic echoes coming with random phases and
amplitudes tends to produce an intricate interface pattern,
known as speckle. Speckle noise obscures and masks
diagnostically important details, thereby distracting the
diagnosis.

The statistics of the speckle, which generally depend on the
microstructure of tissue parenchyma, can be useful for
differentiating between either different tissue compositions or
types [1]. But there is no consensus on a unified way to
interpret and use this useful information.

Due to the importance of the enhancing the quality of
ultrasound images, lots of despeckling methods were
proposed in order to reduce the speckle noise. Speckle
reducing filters originated from the synthetic aperture radar
(SAR) community [3]. These filters have been applied to
ultrasound images. Filters used in both SAR and ultrasound
imaging include: Lee [4], Kuan [5] and Frost [6]. Other
methods include Wiener filtering [7], Median filtering [8],
Gamma filters [9], anisotropic diffusion [10], wavelet
denoising [11], [12], [13], [14]. According to the results,
wavelet noise reduction method has acceptable performance
[13], [14]. A new image representation was proposed by Minh
N. Do is contourlet transform. Contourlet is powerful tool for
representing 2D signals and images with soft contours and
used for denoising the images [15], [16].

Image compression is a part of data compression which its
aim is to reduce the data required to represent the image
information. Data is different from information as data are
means by which information is transformed. So various
amount of data can be used to represent the same amount of
information [18].

Data compression is typically characterized into two groups of
algorithms: lossless compression and lossy compression. In
lossless compression the original image can be reconstructed
exactly without any loss, hence it is a reversible process. Run-
Length Encoding (RLE) is example of lossless compression.
Lossless methods suffer from low compression ratios. In
lossy techniques, there is some information loss. Lossy
compression algorithms have high compression ratios with
some errors. These algorithms try to remove unimportant
information from images. This information usually is not
detectable by human visual system. In the case of medical
images lossless methods are preferable but because of storage
limitations lossy techniques are used. Due to the importance
of image compression and image quality, different standards
are introduced in this field. JPEG, JPEG 2000 and DICOM
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are examples of image compression standards. DICOM is a
comprehensive set of standards for handling, storing and
transmitting information in medical imaging systems such as
PACS (Picture Archiving and Communication Systems).

Different image compression methods are presented in
literature. Transform based image compression algorithms are
very popular in medical community. Discrete Cosine
Transform (DCT) and Discrete Wavelet Transform (DWT)
are used broadly in this field. DCT based JPEG standard,
divides the input image into blocks, DCT is performed on
each block then the resulting coefficients are quantized and
coded. The main problem of this compression method is
blocking artifact [19]. After the introduction of wavelet
transform, it has gained broad popularity due to its unique de-
correlation property. The most important advantage of DWT
based image compression techniques is lack of blocking
artifact [20]. After the introduction of DWT, many
compression algorithms were proposed to code wavelet
coefficient. Among these algorithms, Embedded Zero trees
Wavelet (EZW) [22], Set Partitioning in Hierarchical Trees
(SPIHT) [5], Embedded Block Coding with Optimized
Truncation (EBCOT) [23] are the most popular procedures.
Fractal compression algorithm is another compression
technique which involves pixel to pixel comparison between
the image blocks [24].

This paper is organized as follow. After a brief introduction
on image compression and ultrasound despeckling, we
describe speckle noise model. In section 3 lossy compression
methods is introduced and then, the contourlet transform as a
new processing tool is described. In section 5 the proposed
method is explained and in part 6 the results are presented and
in the last section conclusion on the results and comparison
are presented.

2. SPECKLE NOISE MODEL

The most important part of recovering a noisy signal is
defining its noisy model. In ultrasound imaging there is a
general model for speckled images used for filtering and
processing goals. This model proposed in [17] is as below:

g(n,m) = f (n,m)u(n,m) +&(n,m) (€h)

where g, f, u and & stand for the observed envelope image,
original image, multiplicative and additive components of the
speckle noise, respectively. Here the indices n and m denote
the axial and lateral indices of the image samples. Moreover
evidence exists that the additive component is negligible and
we can change (1) into:

g(n,m)df (n,m)u(n,m) 2

If we apply logarithmic transform to both parts of (2), the
multiplicative noise is converted to additive noise as follows:

g, (n,m)=f, (n,m)+u, (n,m) 3

At this stage, the problem of despeckling is reduced to the
problem of rejecting the additive noise, and different noise
reduction methods could be applied. In this case, the
despeckling methods assume the noise to be WGN.

3. LOSSY COMPRESSION

In lossy image compression methods, image is decomposed
using different kinds of transforms. Wavelet and Discrete
Cosine Transform are used for transform images. The goal of
transformation is to represent the original image in a more
effective way. The second process is quantization which is the
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key issue for lossy methods and it is the difference between
lossless and lossy methods. Quantization reduces the symbols
used to represent the image. Two types of quantization are
used in lossy compression methods: scalar quantization and
vector quantization. In scalar quantization each symbol
quantized separately but in vector quantization some number
of successive symbols form a vector and that vector is
quantized. Last part of lossy compression process is entropy
encoding. Quantized symbols are encoded using different
entropy coding algorithms, like Huffman encoding. Huffman
coding is an entropy encoding algorithm used for lossless data
compression. In this coding a variable-length code table is
used for encoding a source symbol where the variable-length
code table has been derived in a particular way based on the
estimated probability of occurrence for each possible value of
the source symbol. The output of this process is a compressed
image bit stream [18]. Fig.1 shows lossy image compression
process.

Transformation

Quantization

Entropy Coding

Fig 1: Lossy image compression schematic

4. CONTOURLET TRANSFORM

The contourlet transform is a directional transform, capable of
capturing contours and fine details in images. The contourlet
expansion is composed of basis function oriented at various
directions in multiple scales, with flexible aspect ratios. Using
this rich set of basic functions, the contourlet transform
effectively capture the smooth contours that are dominant
feature in images [15]. Contourlets not only possess the main
features of wavelets (i.e. multi-scale and time-frequency
localization), but also offer a high degree of directionality and
anisotropy.

Similar to wavelet, contourlet can decompose the image into
different scales. But unlike the wavelet which can only
decompose each scale into two directions, contourlet can
decompose each scale into any arbitrarily power of two's
number of directions and different scales can be decomposed
into different number of directions. So, the contourlet uses a
double filter-bank structure, namely pyramidal directional
filter banks (PDFB) which is composed of Laplacian Pyramid
(LP) and Directional Filter Banks (DFB). LP implements
multiresolution  decomposition to generate multiscale
representation of the image. PDFB uses DFB to process
subband images from LP and reveal directional details in each
scale level. This two stage filter bank is illustrated in figure 2
[15].

Efficiency of contourlet representation of image has been
shown for different image processing tasks such as image
denoising and compression. Using directional filterbank make
it possible to capture important details of the image. In this
paper we use contorlet transform as the main tool for image
compression.
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Fig 2: contourlet filter banks

5. PROPOSED METHOD

In this section the proposed method for compression and
speckle reduction of medical ultrasound images using
contourlet transform is presented. First, speckle reduction
using contourlet transform was described. Then, the proposed
method was described.

DFB ——

) 4

5.1 Speckle Reduction Using Contourlet

Transform

Efficiency of contourlet representation of image has been
shown for different image processing tasks such as image
denoising and compression. In image denoising, random noise
will generate significant wavelet coefficients just like true
edges, but is less likely to generate significant contourlet
coefficients. So, simple thresholding is efficient in rejecting
the speckle noise and separating noise from the texture of the
image [16].

The threshold for contourlet denoising is calculated with
respect to the variance of speckle noise, as follow:

ﬂy:CO'2 (6)

where c is predefined value and o is variance of the speckle
noise.

Please use a 9-point Times Roman font, or other Roman font
with serifs, as close as possible in appearance to Times

5.2 Contourlet-based Compression and
Speckle Reduction

A new contourlet based image compression method was
presented. Contourlet transform used to decompose the image
into coefficients. After decomposition, a threshold was
selected from contourlet coefficients. Then, a thresholding
process was applied on the coefficients and then, a routine
quantization process was implemented. In this algorithm
choosing the threshold plays a significant role. So, in order to
minimize the important information loss, the most frequently
occurring contourlet coefficient of the image was selected as
the threshold. After thresholding the coefficients is quantized.
Huffman coding is applied on quantized coefficients and the
coded bit-stream is generated. Block diagram of this
algorithm is shown in fig. 3. This threshold based process
reduces the number of coefficients necessary to reconstruct
the image. Scalar quantization is selected due to its simplicity
and performance. The coded bit-stream includes coefficients
and contourlet filter information.
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Fig 3: Proposed compression method block diagram

Two thresholds can be used in thresholding stage, one for
compression and another for speckle reduction as illustrated in
section 5.1. Ultrasound images suffer from the presence of
speckle noise. Other methods need another pre-processing
step to reduce speckle noise of the image, but our method can
reduce speckle during compression process. This property
makes this algorithm suitable to use in online medical image
transmission systems.

6. RESULTS
This paper aims to introduce a contourlet-based technique for
image compression and speckle reduction of medical
ultrasound images..

6.1 Performance evaluation of despeckling

methods

In this paper, two speckle reduction methods was
implemented and their performance was compared using three
important metrics. First, a synthesized ultrasound image
having different levels of added speckle noise was used. The
aim of this process is to determine the relationship between
noise level and method performance. The results of this
process are presented in table 1 and figure 4 and 6, and we
notice some changes in measures as the sigma (standard
deviation of the speckle noise) grow.

Then, a sample real speckled fetal ultrasound image was used
to compare the methods performance on a real data and the
results are presented in table 2 and figure 5. In contourlet
denoising we use threshold=3 due to results obtained in [16].
For speckle reduction using wavelet, the soft-thresholding
function was used for applying to wavelet coefficient and we
use the standard deviation of the HH subband for determining
the threshold value. Measures that were used in evaluating the
performance of despeckling techniques are PSNR, SNR and
FOM that are defined next.

First measure that was used for measuring methods ability in
preserving edges and sharp details is Figure of Merit (FOM)
which is calculated as follow:
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In which <a,b> denotes the standard inner product of a and b,
Al

FOM =E

Al _ S
* and — *' are the approximation of the original image
and denoised image with Laplacian, respectively. The best
value of FOM for edge preserving is 1.

Peak Signal to Noise Ratio (PSNR) is an assessment
parameter to measure the performance of the speckle noise
removal method. The formula is:

PSNR =10log,, (255" 2/ MSE) ®
where MSE is the Mean Square Error and is used to obtain the
total amount of difference between two images. It indicates
the average difference of the pixels throughout the image with
speckle noise. A lower MSE indicates a smaller difference
between the original image and de-noised image. MSE is
defined as below:

MSE = (D 1(x,y)-DI(x,y))"2/(m*n) ©)

In which | is original image with speckle and DI is the
denoised image.

Signal to Noise Ratio (SNR) is the last measure used to
quantify how much the image is corrupted by noise. Its
formula is as follow:

(10)

Where | is the image and O is the standard deviation of the
image and max(l) and min(l) are the maximum and minimum
pixel value in the image, respectively.
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Fig 5: (a) Original synthesized image (b)

Speckled image (sigma=0.1) (c) Despeckled image
with contourlet (d) Despeckled image with wavelet
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Table 1. Results of implementing on synthed image
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(o} SNR SNRw SNRc PSNRw PSNRc FOMc FOMw
0.02 16.3008 17.2864 17.5948 80.0777 79.4523 0.6378 0.6198
0.04 16.0706 17.8604 18.4071 74.52 74.1366 0.8713 0.8315
0.06 15.8035 18.163 18.6285 71.7584 71.3608 0.9759 0.9322
0.08 15.5586 18.6415 19.0096 69.8971 69.5531 0.9983 0.9407
0.1 15.3819 19.161 19.3919 68.5116 68.2912 0.9605 0.9270
0.12 15.1717 19.495 19.7172 67.4421 67.2461 0.9099 0.8539
0.14 15.0123 19.8566 19.5963 66.5479 66.3829 0.8291 0.7428
0.16 14.841 20.439 20.1808 65.8115 65.7193 0.7685 0.6193
0.18 14.662 20.5728 19.9319 65.1824 65.1334 0.7266 0.5333
0.2 14.5226 21.3212 19.8752 64.6145 64.7278 0.7318 0.4050
0.22 14.3688 21.0057 19.7785 64.1648 64.2841 0.7154 0.3149
0.24 14.1882 21.0081 19.4151 63.7433 63.8665 0.6002 0.2261

6.2 Compression and speckle reduction

results

To evaluate the performance of the proposed method two
common metrics were used for performance assessment of
image compression methods. The proposed method was
applied on several ultrasound images and the performance of
method with was compared with other compression methods.
Set partitioning in hierarchical trees (SPIHT) is an image
compression algorithm that exploits the inherent similarities
across the sub-bands in a wavelet decomposition of an image.
This algorithm codes the most important wavelet transform
coefficients first, and transmits the bits so that an increasingly
refined copy of the original image can be obtained
progressively [22]. As SPIHT is one of the accepted
compression methods, the results were compared with SPIHT.
In order to evaluate the performance of the proposed method
it was applied on real ultrasound images and its compression
ability and its results are shown in table 3 and figure 7.

Peak Signal to Noise Ratio (PSNR) is one of the quantitative
measures for image quality evaluation.

Compression Ratio (CR) is defined as follow:
CR= Original file size/ Compressed file size  (9)

In the case of ultrasound phantom image [26] and for the
same compression ratios we compare the PSNR. The results
are presented in figure 4 and table 1. Then we used a speckled
fetal ultrasound image [27] to evaluate the speckle reduction
and image

Table 2. compression results of ultrasound phantom image

7. CONCLUSION

In this paper, a new threshold-based method for compression
and speckle reduction of medical ultrasound images was
presented. In this method, contourlet transform was used and
a new algorithm for coding contourlet coefficients was
presented. In this procedure, after applying contourlet
transform a threshold was selected due to coefficients set. The
threshold value is the most frequent contourlet coefficient. So,
it is not a predefined value and is defined due to the
information content of the image. In this process we can use
another threshold for speckle reduction this threshold is
chosen due to the variance of the noise. So, our method has
the ability of despeckling and compression simultaneously.
After thresholding, the coefficients are quantized. Then,
Huffman coding is applied on the quantized coefficients. This
threshold based lossy compression process reduces the
number of coefficients necessary to reconstruct the original
image. We compare our method with SPIHT, wavelet based
compression method, and the result shows that in the same
compression ratio, our method has a better performance in the
case of PSNR. The contribution of this paper is selecting
threshold value due to information content and simultaneous
compression and despeckling. This method can be used in
PACS systems and other telemedicine systems due to its god
performance and speed. However, it can be developed to
reach better performances.

Table 3. compression results of fetal ultrasound image

Method PSNR(db) CR
SPIHT 25.51 4.0313
Proposed method 79.2566 4.1890

Method PSNR(db) CR
SPIHT 73.32 8.223
Proposed method 79.1702 6.692
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¢ c
Fig 6: Ultrasound phantom image (a) original image Fig 7: (a) original image (b) compressed image
(b) compressed image by SPIHT (c) compressed with proposed method (c) compressed image
image with proposed method by SPIHT
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