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Abstract

Breast ultrasound elastography allows acquiring a displacements estimation images that reflects the tissue
elasticity of the area under ultrasound examination. The displacements analysis of the mammary tissues helps to
provide an accurate diagnosis related to tissue stiffness evaluation.

However; despite the fact that this imaging modality is promising and effective, it encounters a major problem,
B-mode images are altered by speckle noise which comes from the difference in echogenicity of the imaged tissues,
which deteriorates the diagnostic information, therefore, an application of displacements estimation methods on
contaminated B-mode images, amplifies indirectly the speckle noise, causing a reduction of clinical evaluation
capacity and prevention of rigorous clinical assessment.

In this perspective, the development of tools for treating this problem is crucial and indispensable for controlling
the appearance of speckle noise. In this paper, we propose a new strategy based on the bilinear deformable block
matching (BDBM) technique, in order to improve the old bilinear deformable block matching (OBDBM) technique by
improving the B-mode images pre-processing step, at this stage, the B-mode images processing before estimating
displacements is sufficient to have a good estimate. The proposed approach does not only filter the image against
noise, it also improves the estimation of tissue deformations, the developed approach is based on the coupling
between the reconstruction by filtered back projection (FBP) technique with shrinkage wavelets.

The proposed model was validated using in vivo database containing 20 B-mode images acquired before
and after compression. The FBP approach was used to reconstruct the tissue texture, consequently improves
the resolution and the contours erased by the noise, after that the shrinkage wavelets have been introduced to
completely filter the image against speckle noise.

By comparing our proposed method with OBDBM and monogenic techniques (displacement estimation method
based monogenic technique), we show that it is the most efficient in term of standard deviation calculation between
the pixels (SD), it is better also for calculating the contrast to noise ratio (CNR) and it provides an excellent structural

similarity (SSIM).

The results of the proposed technique are encouraging and it is ready to be used in mammary tissues
displacements enhancement images for ultrasound elastography.

Keywords: Ultrasound elastography; Displacements estimation;
Speckle noise

Introduction

Static ultrasound elastography is a promising medical imaging
technique, used to analyze the tissue displacements. The use of this
technique appears in medical imaging research in order to evaluate
the rigidity of cellular lesions with different types, as the example of
breast cancer; the analysis of mammary squirrhoeic breast carcinomas
appear more rigid and less elastic than the surrounding soft mammary
tissue [1]. In this context, the breast ultrasound elastography aim is
to provide to clinicians the displacements of breast tissue in order to
assess their rigidity; this technique supplies a quantification of tissue
elastic criteria [2].

On the historical scale, doctors have used this technique qualitatively
for a long time, by the principle of breast palpation. During palpation,
doctor can evaluate the tissues stiffness, which helps to evaluate the
tissues mechanical properties [3].

By this order of analogy between palpation and ultrasound
technology, researchers concentrated their efforts to image the elastic
tissues properties, by measuring tissue displacements estimation images

[4]. Clinically, imaging the breast surface with ultrasound probe, under
compression and analyzing the induced deformations [5].

In the literature, researchers have developed several methods
for estimating tissue displacements in ultrasound medical imaging;
however, this technique presents a major problem that is related to noise
and artifacts in the environment of the imaging system [6].

The use of any technique to estimate tissues displacements suffers
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from the presence of noise and artefacts deteriorating the tissues details
and texture which leading to loss the image contrast, thus decreasing
clinical evaluation capacity.

Therefore, the different methods of tissues displacements estimation
images should perform appropriate tools to ultrasound images in a
general manner and to ultrasound elastography images in a specific
manner [7].

In this paper, we proposed a new technique that improves the
OBDBM method. We have shown how the proposed approach improves
the estimation of mammary tissues displacements. The proposed
new approach is based on the FBP coupled to the shrinkage wavelets
combined with the BDBM model. This proposed strategy optimizes the
OBDBM method used in the displacement of the breast tissues.

We have also validated our method on 20 B-mode images
corresponding to 20 patients with mammary tumors. We showed that
the proposed displacements estimation method is more accurate than
both OBDBM and monogenic methods.

The performance of our proposed approach is also measured and
compared to the above cited method; we showed that our approach is
more efficient, we show that it is the most efficient in term of SD, it is
better also for calculating the CNR and it provides an excellent SSIM.

The following section presents our adapted filtering technique and
the BDBM theory of displacement estimation.

The third section shows the results of improvement of the images
of tissue displacements of the breast by the proposed model, we
also evaluated the quality of the images obtained qualitatively and
quantitatively, comparing them to the OBDBM and monogenic
techniques. In the fourth part, we analyzed and discussed the obtained
results.

The last part is left to the conclusion remarks.

Methods

Displacement estimation enhancement based on BDBM
method

Image filtering: Speckle noise is a common phenomenon in
ultrasonic imaging, its origin is attributed to the random interference,
between the coherent return, from the different diffusers, present in the
structure tissue of the breast [8].

Speckle noise is an undesirable effect, considering its characteristics
to alter the quality of the elastographic image. Therefore, speckle
reduction proves to be a pre-treatment step for a good clinical evaluation

[9].

The main idea to restore the lost details in image, like loss of
resolution and loss of clinical diagnosis information; is to reconstruct
the breast B-mode images, in order to improve sharpness and restore
tissue structure, after that, we implement a filtering step to reduce noise
and artefacts [10].

Filtered back projection: In the literature, researchers have
developed several techniques for lost information processing in
ultrasound elastography, among these powerful algorithms: we propose
the FBP technique, which has proved its effectiveness in the correct
tracing of the details that are altered by speckle noise and artefacts
[11]. The B-mode images are covered by a multiplicative distribution of
speckle noise which has greatly decreased the performance of ultrasonic

elastography. In this context, the FBP has potentially solved this problem
by projection and texture filtered back projection process of B-mode
images, whose purpose is to improve the sharpness and the visibility of
effaced contours.

Following the theory of Radon who claimed that to restore the
invisible details of an object we reconstruct it by a projection technique,
and then we apply the back projection. This theory is modelled
mathematically by the following expression [12]:

R [f(x,y)] =p(u,0) = ;’if(x,y)dv

The B-mode image is defined by f (x, y), placed in the plane (x, y).
The projections made are defined by “p”. The axis “v” is perpendicular to
the axis “u” constituting the base of summation of the projections on the

B-mode image. The projection angle is defined by 6.

We note that during the FBP step, there is a creation of the artefacts,
which depends on the projection numbers, causing a loss of the image
contrast. The cause of occurrence of these added artefacts during
projection step is related to the presence of the residuals projections in
areas where no signal exists in image, this slight problem is managed
by filtering the image in the Fourier transform domain. In this axis, we
propose the use of the Ramp filter followed by the Hamming filter, in
order to reduce the induced artefacts [13].

The filtering corresponding to the Ramp filter is defined by the
following equation

p'(u,0)= I P(q,9)|q|.eZi”q“dq

—0

Where p’ is a filtered sinogram (image obtained after projection)

« »

and “q is the filter response.

The Hamming filter is implemented then to be combined with the
Ramp filter, the filter window is defined by the following expression:

=0.54+0.46(cosz [/ f.)sif < f.
W(q){ (0 s f‘/ft) if </,
=0sif 2 f.
Where fc is the cut-off frequency and f is the texture frequency.

After filtering, the image is reconstructed by back-projection
process; the associated mathematical expression is defined by:
F(x,y)= j(u,@)d@
0
Where F (x, y) constitutes the filtered back projected B-mode image.

Shrinkage wavelets: After reconstructing the B-mode images and
improving their visualization, it is ready to be filtered from the speckle
noise. Several studies have been carried out to develop the efficiency
of shrinkage wavelets in the treatment of speckle noise for ultrasound
images, in this paper we adopt the use of this approach for the B-mode
images denoising, using a Bayesian maximum a posteriori estimate, for
more details concerning the use of this technique, we have detailed the
use of this technique suitable for ultrasound imaging [14].

&= k
62+ c4+26262
sign(f).max (‘f‘—%
\ cg

Where g is the image to be estimated, f is suspected in phase with
noise-free signal g. sign (f) Designate symbolic function.
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T is a threshold, k (1, 2, ..., K) are the decomposition layers of
wavelet transformation, K denotes the largest decomposition layers, on
denotes the standard deviation of noise in wavelet domain.

Image filtering BDBM model

After having filtered the two B-mode images, we integrated them
into a BDBM model for displacements estimation algorithm. This
technique estimates the displacements between the two acquired
B-mode images (Before and after tissues deformation); the two motion
components denoted u (x1, x2) and v (x1, x2), represent the dense
motion field, as shown in the following expression [15,16].

i, (x,,x,)=1, (x,+u(x,,x,), X,+v(x,,X,))

In each pixel to be estimated in the affected bilinear model, a search
block is selected in the target image. A simulation check criterion is
used to find the best block candidate in the search block. The search
block was defined by this expression with region of interest ROI size:
L xL,

Then we determine the position of the estimated block by calculating
the maximum value of the inter-correlation coeflicient (CC) [17].

L L
CC(p,d)= Z:,,gz A (E +x, P, +x2’)i2 (P1 +x.d P +x, +d2)
1775 Y

Centered on the pixel coordinates P=(P1, P2) in the original image.
The deformation between a condidat pixel and the ROI of the original
image is denoted d=(dl, d2) and is limited by the size ofA thg search
block. The position of the best candidate block is denoted (d,,d, ) [18].

Results

In this section, all results have been verified and validated by three
radiologist doctors.

The proposed method was implemented using Matlab software
(The MathWorks, Matlab software, Pentium 4, 3.2 GHz); the radiologist
set the frequency of 15 MHz. The proposed method for improving
the displacements estimation was tested on a database containing 20
breasts B-mode images.

In vivo breast images

The improvement strategy described in Section 2 is evaluated here;
we use the in vivo mammary B-mode images of 20 patients with breast
tumor, acquired with clinical ultrasound scanner (Logiq E9), with 15
MHz linear probe (GE Healthcare).

The breast B-mode images were taken by the radiologist applying
a small compression. We presented below the results of our proposed
method for the displacements estimation enhancement compared to
OBDBM and monogenic techniques (Figure 1) for one patient.

In order to confirm the occurrence and the effectiveness of
our proposed technique, we measured, analyzed and evaluated its
performance to OBDBM and monogenic techniques using quantitative
criteria such as SD (Table 1), CNR comparison (Table 2) and SSIM
index (Table 3).

Discussion

According to the experimental results presented in sections 3, we
can make a comparison between the previously mentioned methods
and analyze the breast tissue displacements images, in this perspective
we compared the results obtained by our proposed method with those
obtained By the OBDBM and monogenic techniques. Comparison of
results is based on the evaluation of qualitative and quantitative criteria
for 20 tissue displacements images with mammary tumors. We note
that all results have been verified and validated by three radiologists.
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(2)

Axial distance (pixels)
Axial distance (pixels)

Lateral distance (pixels)

Areas selected by a rectangle are used for mathematical computation.

Lateral distance (pixels)
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Figure 1: Estimating tissue displacements of breast tumor. A) Simulated pre compression B-mode image. b) Simulated post compression B-mode image. c) Tissues
displacement obtained with OBDBM method. d) Tissues displacement obtained with monogenic method, and e) Tissues displacement obtained with proposed method:
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method | method | method oBpBMmethod  MTCRC  od
SD in pixels: Patient 1 4.91 3.87 3.01 SSIM: Patient 1 0.90 0.94 1.09
SD in pixels: Patient 2 5.12 4.90 4.13 SSIM: Patient 2 0.45 0.61 0.72
SD in pixels: Patient 3 6.11 5.30 4,99 SSIM: Patient 3 0.76 0.79 0.83
SD in pixels: Patient 4 4.20 3.92 3.10 SSIM: Patient 4 0.91 1.12 1.21
SD in pixels: Patient 5 3.98 2.93 1.98 SSIM: Patient 5 0.16 0.31 0.52
SD in pixels: Patient 6 7.15 6.17 5.51 SSIM: Patient 6 0.75 0.83 0.93
SD in pixels: Patient 7 3.41 5.18 4.87 SSIM: Patient 7 0.74 0.91 1.19
SD in pixels: Patient 8 418 3.21 297 SSIM: Patient 8 0.83 0.93 1.21
SD in pixels: Patient 9 2.31 1.20 1.1 SSIM: Patient 9 1.51 1.61 1.78
SD in pixels: Patient 10 415 3.77 3.21 SSIM: Patient 10 0.64 0.75 0.86
SD in pixels: Patient 11 6.70 5.98 4.90 SSIM: Patient 11 0.63 0.73 0.97
SD in pixels: Patient 12 3.80 2.76 2.27 SSIM: Patient 12 1.12 117 1.31
SD in pixels: Patient 13 7.18 6.71 5.93 SSIM: Patient 13 1.76 1.80 1.94
SD in pixels: Patient 14 5.67 4.13 3.69 SSIM: Patient 14 0.84 0.95 0.98
SD in pixels: Patient 15 4.52 4.98 3.81 SSIM: Patient 15 1.74 1.85 1.95
SD in pixels: Patient 16 5.64 4.97 3.71 SSIM: Patient 16 0.53 0.74 0.83
SD in pixels: Patient 17 4.81 3.21 2.96 SSIM: Patient 17 0.69 0.79 0.81
SD in pixels: Patient 18 3.95 3.14 2.83 SSIM: Patient 18 1.16 1.21 1.33
SD in pixels: Patient 19 7.91 6.32 5.96 SSIM: Patient 19 0.79 0.86 0.91
SD in pixels: Patient 20 8.55 7.33 6.75 SSIM: Patient 20 0.42 0.53 0.59

Table 1: In vivo results comparison of SD in pixels for the proposed method with
OBDBM and monogenic methods for 20 patients.

B-mode OBDBM Monogenic = Proposed
image method method method
CNR: Patient 1 0.62 1.10 1.16 1.23
CNR: Patient 2 0.18 0.23 0.27 0.31
CNR: Patient 3 0.66 0.71 0.82 0.91
CNR: Patient 4 1.83 1.91 1.98 2.02
CNR: Patient 5 5.18 5.61 5.71 5.88
CNR: Patient 6 0.74 0.87 0.91 1.07
CNR: Patient 7 0.58 0.62 0.72 0.97
CNR: Patient 8 0.34 0.45 0.56 0.68
CNR: Patient 9 0.64 0.73 0.84 0.96
CNR: Patient 10 0.78 0.81 0.93 1.16
CNR: Patient 11 0.91 1.10 1.18 1.34
CNR: Patient 12 0.73 0.83 0.91 1.12
CNR: Patient 13 1.17 1.21 1.26 1.31
CNR: Patient 14 0.96 1.1 1.19 1.23
CNR: Patient 15 1.14 1.21 1.31 1.43
CNR: Patient 16 0.65 0.74 0.87 0.93
CNR: Patient 17 0.19 0.23 0.42 0.52
CNR: Patient 18 0.23 0.45 0.71 0.85
CNR: Patient 19 0.22 0.31 0.45 0.64
CNR: Patient 20 0.17 0.21 0.28 0.31

Table 2: Comparison of CNR for the proposed method with OBDBM and monogenic
methods for 20 patients.

The analysis of Figure 1 shows that displacements estimation images
in the case of our proposed approach seems very clear with a strong
reduction of speckle noise, tissue contours well traced and well cared
for good preservation of breast tissue texture. The proposed model also
shows the good remarkable localization of the tumor, the inclusions
are clearly visible, less artefacts and less noises compared to the results
obtained by the OBDBM and monogenic techniques.

For a quantitative results evaluation, the SD, CNR and SSIM are
calculated for each method.

Table 3: Comparison of SSIM for the proposed method with OBDBM and
monogenic methods for 20 patients.

It can be seen from Table 1, that the SD between the pixels of the
proposed method is the best compared to OBDBM and monogenic
techniques. Through the use of reconstruction and filtering technique,
the breast texture was reconstructed without loss of diagnostic
information with more precision. In addition, by integrating the
shrinkage wavelets, we opted to reduce speckle noise in the image with
good tissue preservation. This explains the smallest values found by the
proposed model.

Unlike the conventional OBDBM technique, which has no B-mode
images pre-processing step, the non-availability of filtering processes in
the OBDBM technique favors an induced speckle noise amplification
which deteriorates the images quality and decreases clinical evaluation
capacity.

Thus the monogenic technique marks an unsatisfactory SD value
compared to the proposed technique, this is explained by the insufficient
capacity of the difference of Gaussian (DoG) filter implemented in
this technique [19,20], the implemented filtering did not succeed in
totally eliminating the noise of the speckle, influenced the nature of the
estimate. Therefore the proposed method is the best one used for a good
estimate.

Thanks to the use of FBP and shrinkage wavelets algorithm which
eliminates artefacts, parasites and enhances the sharpness of the image,
coupled with the BDBM model which estimates the deformation with
preserving the information necessary for medical diagnosis.

Nor the OBDBM method that it has no filtering process, can
estimate accurately the sub pixel movement, neither can the monogenic
technique method provides accurate displacements estimation, ahead
of the proposed platform.

Another fundamental criterion has been studied: the CNR which
represents a criterion very involved in the evaluation of ultrasound
elastography modalities.

From Table 2, the tissue displacements estimation obtained by the
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proposed method shows a higher level of CNR than those obtained
with other methods, with perfect details preservation. This superiority
is explained by the fact that the CNR is improved by two steps in the
developed model; the first step is related to the presence of the FBP
which improve the contrast, by tracing the structures and reinforcing
the areas of low contrast which is destroyed by the noise. The second
step is related to the presence of the shrinkage wavelets which has
reduced the still existing noise. Coupled with the BDBM model, we
were able to improve both CNR and tissue texture accuracy.

In contrast, the OBDBM technique does not participate by any
filter, which means that the estimate comes with a lower CNR because
of the large distribution of the noise that affects the CNR criterion.

Also, the monogenic technique has provided a low CNR in front
of our proposed method; this is because of the implemented DoG
filter having not succeeded in reducing the noise present in the high
frequency component [21].

According to Table 3, the OBDBM method achieves the lowest
SSIM measurement value; therefore this technique provides a less
similar structure image. This is very logical since this technique does not
contain a filter to correct the details deterioration caused by the noise.
The monogenic technique has somewhat higher SSIM values than the
OBDBM method; however it does not work well when it is compared
to the proposed technique. This is explained by the DoG filtering of
the monogenic technique, which did not filter the noise properly. The
higher SSIM values are obtained for the proposed method, and the
results are encouraging. We can easily notice that the coupling between
the FBP and the shrinkage wavelets combined with BDBM model has
improved the image quality and has provided a good results in SSIM
values than other techniques.

The proposed approach has a more similar structure of the tissue
displacement estimation images; it is the most effective and the most
efficient.

The implementation of the adopted strategy in clinical evaluation
of mammary pathologies, allows improving the results of the OBDBM
model used in estimating the breast tissue deformation, the strategy
of image reconstruction coupled to shrinkage wavelets and combined
with BDBM model makes it possible to optimize the clinical diagnosis.

Considering all this, the proposed method can be a very powerful
tool for the improvement of breast tissue displacements images, against
details deterioration and loss of the contrast caused by speckle noise.
The implementation of the proposed approach will help to ensure a
reliable and accurate diagnosis in static ultrasound elastography.

Conclusion

A new method of breast tissue displacements estimation analysis
has been proposed in this paper. The proposed strategy optimized the
OBDBM technique used to estimate the displacements estimation in
ultrasound breast elastography. Our adopted approach is based on the
coupling of FBP and shrinkage wavelets combined with the BDBM
model in order to improve the diagnosis of breast pathology.

Implementation of our proposed method is discussed, using 20
B-mode images corresponding to 20 patients having breast tumors and it
has been found that the proposed technique reduces perfectly the noise and
enhances image detail, giving better SD, higher CNR and more appropriate
SSIM when compared to the OBDBM and monogenic techniques.

Consequently, the proposed method gives good results and its

implantation in the elastography imaging systems will definitely improve
the clinical evaluation and the diagnosis of pathological breast tissues.
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