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ABSTRACT

In this paper we introduce a new speckle suppression technique for medical ultrasound images that incorporates
morphological properties of speckle as well as tissue classifying parameters. Each individual speckles is located,
and, exploiting our prior knowledge on the tissue classification, it is determined whether this speckle is noise or
a medically relevant detail.

We apply the technique on images of neonatal brains affected by White Matter Damage (leukomalacia).
The results show that applying an active contour on a processed image, in order to segment the affected areas,
yields a segmentation much closer to that of an expert.
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1. INTRODUCTION

Ultrasound imaging is gaining more and more importance in medical practice nowadays. It is especially useful
in imaging soft tissue like liver, spleen, lungs, the heart, and the neonatal brain. Advantages of ultrasound
imaging are that it is quick, cheap, and the machinery is highly portable. An ultrasound image can be made
in a few seconds, while standing next to the bed of the patient. This is especially useful when the patient is in
need of intensive care, as is usually the case with prematurely born infants.

A common problem with the interpretation of ultrasound images though, is the presence of speckle noise.
Several techniques for suppressing speckle noise have been developed.1–6 They can be divided into two classes:

1. Techniques that are applied directly in the original image domain like the Lee1 and the Frost2 filters,

2. Techniques that are applied in the wavelet domain like the technique developed by Malfait and Roose,3

which is a universal filter, and the technique proposed by Sattar, Floreby, Salomonsson and Lövström,4

designed especially for speckle noise reduction.

None of these methods take into account any morphological properties of speckle; neither do they incorporate
any prior knowledge concerning the different speckle statistics in the different tissues. This second thing makes
them less suitable to enhance specific (desired) medical features in the image.

In this article we focus on ultrasound images of the neonatal brain, and in particular on the disease “White
Matter Damage” (leukomalacia). White Matter Damage (WMD) is found with 20% to 50% of all neonates of
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Figure 1: Flares and “accents”.

very low birth weight (i.e., less than 1500 g). It is visible in an ultrasound image of the brain as “white clouds”
(so-called “flares”, see the white arrows in figure 1).

Three features are most important in determining the gravity of the damage: the shape and the area of the
flares, and the presence (or absence) of “accents”, i.e., particularly bright speckles that are bigger than usual,
located within the flares (e.g. the ones pointed at by the long thin arrows in figure 1).7, 8

The basic idea behind the technique proposed in this paper is to segment all speckles separately, after
which we filter each speckle adaptively, dependent of the texture characteristics of its immediate vicinity. The
segmentation itself consists of a region growing procedure controlled by the grey-values of the pixels. In order to
steer this process with respect to the shape of the regions to be grown, we pre-process the image morphologically,
using an “ideal speckle” as structure element.

We conclude with segmenting the flares on the filtered images with the help of an active contour. Comparison
of the results with the manually drawn segmentations of an expert will reveal a considerable improvement of
the performance of the active contour over its performance on the unprocessed image as well as on the image,
processed with one of the classical techniques.

2. PREPARATORY WORK

In this section we introduce the two basic elements that form the heart of the proposed technique: the tissue
classifying parameters and the morphological structure element.

2.1. Tissue Classifying Parameters

As explained in the introduction, once we have segmented all speckles individually, we classify them by con-
sidering the texture characteristics of its immediate vicinity. To obtain those distinguishing parameters, we
performed the following experiment:

When making an ultrasound image of a neonatal brain the neonatologist can select various scanner settings,
like the power (the amplitude of the emitted waves), the gain (the overall amplification of the received signal),
the Time Gain Compensation (different levels of amplification for the received signals from different depths) etc.
Since we want to quantitatively compare images with respect to first and second order texture statistics, (which
are obviously influenced by these manual scanner settings), we have to construct “standard images” first, which



Figure 2: Left: The specific rectangle (simulation), Right: a small region.

are independent of those scanner settings. This problem has been studied extensively by Simaeys et al.,9 and a
compensation algorithm that constructs such standard image is described. In figure 2 the compensated version
of the image in figure 1 is shown.

We considered 48 images of neonates, all of which were classified by the neonatologist as certainly ill (i.e.,
suffering from leukomalacia) or certainly healthy. All of these images were processed by the compensation
algorithm first. In the resulting 48 compensated images we selected a rectangle of 30× 30 pixels at exactly the
same spot (from an anatomical viewpoint) as demonstrated in figure 2. According to the neonatologist, there
is certainly a flare present in that region, if the infant suffers from leukomalacia.

Within the rectangle we calculated several parameters including the mean grey-value and the contrast. This
“contrast” is defined as follows: let r be a region in the image like, for instance, the one shown in figure 2.
Denote by Akl the number of pairs of adjacent pixels within r with grey-values k and l respectively. (In our
example Akl = 3).

Now we define the contrast γr of r as:

γr =

∑255
k,l=0(k − l)2Akl
∑255

k,l=0 Akl

.

The contrast is a measure for how many grey-value transitions there are in the region under consideration; the
more adjacent pixels with a big difference in grey-value there are in r, the higher the contrast γr is. In practice,
the contrast is calculated by means of the cooccurrence matrix.10–12

The mean grey-value and the contrast turn out to be distinctive in determining whether the area under
consideration is ill or healthy. A scatter plot of the results is shown in figure 3. The separate cluster in the
bottom left corner indicates that a mean grey-value of less than 67, and a contrast of less than 35 means that
the tissue within the area is healthy, otherwise it is ill. Similar results, but for ultrasound images of the prostate,
were obtained in literature.10, 13, 14

2.2. Morphological Structure Element

The segmentation of the individual speckles is achieved by a region growing procedure based on the grey-values
of the pixels. In order to regulate the shapes of the regions grown, we pre-process the image with a sequence of
morphological operations, using a morphological structure element, which thereby serves as an “ideal speckle”
(see section 3 for a detailed explanation of those morphological operations).

Speckle is visible in ultrasound images as short, slightly “banana-shaped” white lines. This is a result of
the properties of the sound beam together with those of the imaging equipment. If we restrict ourselves to



Figure 3: Measured texture characteristics.

the focal zone of the sound field and furthermore assume that the number density of the scattering structures
is sufficiently high to yield so-called fully developed speckle, then there have been derived analytic formulas
for the axial and lateral size of the speckle by Wagner et al.15 According to their results the axial speckle
size (i.e., in the direction of the sound beam) is exclusively and inversely dependent on the bandwidth of the
employed transducer, i.e., proportional to the spatial pulse length. The lateral speckle size (i.e., perpendicular
to the sound beam), in creases proportional to the depth. If however we look outside the focal zone, or when
the number density of the scatterers is low, then the lateral and axial size of the speckle cannot be analytically
calculated.16

Since all images we investigated had been taken with the sane ultrasound scanner, and with the same central
frequency of 7.5 MHz the axial size of the speckles is the same in all images. Furthermore, the flares are located
at approximately the same place in all images, so also the lateral speckle size is the approximately the same in
our region of interest in all images.

Exploiting these facts we construct the structure element by selecting 6 speckles from an example image, and
extracting a mask from these by selecting a threshold, such that the required shape is obtained. The structure
element we use in the filter is the intersection of these 6 masks (see figure 4).

3. FILTER

The method proposed in this paper follows the new approach of first attempting to segment each individual
speckle, after which each speckle is classified as a “noise speckle” or as a medically important resolvable detail:

Using the structure element of section 2 we first construct the morphological “opening” of the image. As
is well known the opening of an image is obtained by first eroding the image with the structure element, after
which one performs a dilation on this eroded image with the same structure element. The result of this operation



Figure 4: Left:Morphological structure element, Right: “top-hat transform” of the image in figure 6.

is an image in which the bright spots smaller than the structuring element are removed, while the dark spots are
preserved. When we finally subtract this morphologically opened image from the original, we get the so-called
“top-hat transform”. This top-hat transform consists of the collection of foreground parts from the original
image that fit the structure element (i.e., our “ideal speckle”).

In the right-hand side of figure 4 we show an example of the result of applying the top-hat transform with
the proposed structure element on the image of the left-hand side of figure 4.

After these pre-processing steps, we start segmenting the individual speckles. We start with the following
datasets at our disposal: the top-hat transform of the original image, the compensated image (from the original
image as it is produced by the ultrasound scanner), and a separate array, in which we can keep track of the
speckles that are grown.

1) First we determine all local maxima in the original image above a prefixed lower threshold Λ, and put
those in an array M .

2) Let Γ be the highest of the grey-values of all elements in M . Choose one of those maxima (i, j) with
grey-value Γ. This pixel serves as a seed pixel for a region procedure, controlled by the grey-value of the pixels.

In short: a pixel (m, n) belongs to the region of a seed pixel (i, j), when the following criteria are satisfied:

- Pixel (m, n) is “connected” to pixel (i, j),

- α(m,n) > α(i,j) − T , where T is a prefixed threshold,

- Pixel (m, n) does not belong or is adjacent to a speckle which has already ben grown. In this way we
segment one single speckle Σ.

3) Next we determine the centre of gravity gΣ of Σ, and consider the same position as gΣ in the compensated
image. Take a square of 30 × 30 pixels around gΣ (in the compensated image), and calculate its mean grey-value
µΣ and its contrast γΣ.

4)If µΣ ≤ 67 and γΣ ≤ 35 then the pixel is located in healthy tissue, and hence is considered noise that
should be removed. We calculate the mean νΣ of the grey-values of all the pixels adjacent to Σ, and give all
pixel of Σ the value νΣ. In this way actually “cut off” the speckle.

5) If µΣ > 67 or γΣ > 35, we conclude that the speckle is located in an affected part of the brain tissue, and
hence the speckle Σ need not be removed.

6) All local maxima (from M) that belong to Σ, or are adjacent to Σ, are removed from M .



Figure 5: Classified speckles.

7) We repeat the whole process from step 2 until M is empty.

Both T and Λ are adjustable parameters of the filter, and are dependent on the exact qualities of the
ultrasound machine. By experiment, we obtained the best results with Λ = 63 and T = 17.

In figure 5 the speckles, as they are found by step 1), are indicated. The ones classified as “noise” (i.e.,
located in healthy tissue) are coloured white, the other ones are coloured grey.

4. EXPERIMENTAL RESULTS

We applied the proposed method on the image in figure 6 (left). The result is shown in figure 6 (right). In figure
7 we can find the manual delineation performed by an expert. We first notice that the speckle is suppressed
strongly in the healthy tissue, while details are kept, and the affected tissue together with its internal structure
is well-preserved. In figure 8 (left) we see the result of segmenting a flare on the original image with a so-called
GVF-snake,17, 18 starting from the position as depicted in figure 7. In figure 8 (right) the result is shown on the
filtered image, starting from the same position. In the figures 9, 10 and 11 the results of the same experiment
for a different image is exposed. Finally, in figure 12 we see the results of the same technique after the image
has been filtered with respectively the Lee and the Frost filter.

5. CONCLUSIONS

In this paper we introduced a new speckle suppression technique for medical ultrasound images, which takes
into account the morphological properties of speckle as well as quantitative, tissue characterizing, texture
parameters. In our examples we achieved good speckle suppression in the healthy areas, while at the same
we preserved important medical details. Visual inspection of the result shows clearly that the affected areas
are better distinguishable,in particular the shape, area, and inner texture, which could serve as an aid in the
diagnosis.

To validate our results, we segmented an affected area with a GVF-snake in the processed as well as the
unprocessed image, thus using the filter as a pre-processing step for segmentation. Comparison of the results
with the manual segmentation of an expert reveals a considerable improvement of the performance of the active
contour when the image is processed with the proposed method. In this respect the proposed technique even
outperforms the Lee filter and the Frost filter (two popular speckle suppression techniques).



Figure 6: Left: Original image, Right: Filtered image.

Figure 7: Left: Delineation by expert, Right: Initial position active contour.

Figure 8: Left: Final state active contour on original image, Right: Final state on filtered image.



Figure 9: Left: Original image, Right: Filtered image.

Figure 10: Left: Delineation by expert, Right: Initial position active contour.

Figure 11: Left: Final state active contour on original image, Right: Final state on filtered image.



Figure 12: Left: Final state if filtered with Frost, Right: Final state if filtered with Lee.
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