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Abstract

Breast tissue displacements estimation in static ultrasound elastography, is a medical imaging technique which
provides information on the local rigidity of tissues. Despite the fact that this technique has a major interest in
clinical diagnosis, it suffers from increased deterioration due to the presence of speckle noise, artifacts and poor
detail accuracy which appeared during the B-mode image acquisition process. Therefore, the application of Block
Matching (BM) technique will greatly amplify the speckle noise and deteriorate the image quality. In this perspective,
the implementation of an optimal technique is crucial for optimizing the quality of mammary displacements tissue. In
this paper, we propose a new method based on the BM model that is to improve the old BM (OBM) technique. In this
respect, an improvement of pre-processing step is satisfactory, in order to establish accurate tissue displacement
estimation. The research was validated on a database of 20 patients with breast malignant tumor. Biophysical
parameters has been adapted and used to eliminate artifacts and speckle noise, once the images are filtered; the
BM model is implemented after to estimate tissue displacements. Based on the clinical results, quantitative analysis
verifies that the tissue displacements estimated by our proposed strategy are more efficient than the OBM and
Bilinear Deformable Block Matching (BDBM) techniques, our proposed approach gives better values in term of
standard deviation (SD), higher contrast to noise ratio (CNR), greater peak signal-to-noise ratio (PSNR) and excellent
structural similarity (SSIM) than OBM and BDBM techniques. The results of the proposed model are encouraging,
allowing excellent estimates. The proposed model provides a new and appropriate solution for improving estimation
of mammary tissue displacements. The proposed new strategy could be a powerful diagnostic tool to be used in
clinical evaluation dedicated to breast ultrasound elastography.

suggesting that an association between the rigidity of mammary tissues
and the onset of mammary tumors is biologically plausible [4].

Keywords: Breast ultrasound elastography; Biophysical parameters;
Speckle noise; Displacement estimation

Images of tissue displacements can be created by comparing
ultrasound B-mode images obtained before and after slight tissue
compression. In this respect, after compression by ultrasonic probe, the
soft tissues deform more than the rigid tissues [5].

Abbreviations: BM: Block Matching; OBM: Old Block Matching;
BDBM: Bilinear Deformable Block Matching; SD: Standard Deviation;
CNR: Contrast to Noise Ratio; PSNR: Peak Signal-to-Noise Ratio;
SSIM: Structural Similarity; ROIL Region of Interest; CC: Correlation

Coefficient. However, the utility of ultrasonic elastography is degraded by the

presence of speckle noise in tissue displacements images. This type of
noise is an inherent property of ultrasound medical imaging. It leads to
decreasing the resolution and the contrast of the image which deteriorates
the image quality, affects the interpretation and the diagnostic tasks of
this imaging modality.

Introduction

Static ultrasound breast elastography has gradually developed over
the years to become a sophisticated tool for the diagnosis of breast lesions.
Thus, to distinguish the rigidity of mammary tumors, elastography is
used to give information about tumors elasticity. It provides additional
information on mammary lesions compared to conventional ultrasound
and mammography [1].

Therefore, speckle noise reduction is a crucial step in images pre-
processing, whenever ultrasound elastography is used for medical
imaging. So speckle noise suppression is a very important task and the
Numerous studies have indicated that they can increase the image must be filtered, without affecting the important characteristics
specificity of conventional B-mode ultrasound image in the evaluation, ~ [6].
characterization and differentiation of benign and malignant mammary
masses [2]. With this technique, the acoustic information concerning
the stiffness of the lesion is converted into a black and white or color

image which can also be superimposed over B-mode images.

In the literature, several methods have been developed for
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Mammary tumors are characterized by an increasing stiffness of
the mammary tissue, indeed; the pathological changes of the mammary
tissues are generally correlated with changes in the medium elasticity.
Therefore, the tumor tissue stiffness could be a good diagnostic criterion
useful for clinical evaluation [3].

On physical examination, it has long been recognized that
mammary tumors tend to feel tough compared to non-tumor tissues.
Breast elastography provides a non-invasive assessment of the stiffness
or hardness of the mammary mass. Many data have been published
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displacements estimation in ultrasonic elastography, those based on
the BM technique, in spite of their slow calculation time they are the
most common thanks to their availability in the ultrasound imaging
modalities and their dispersion in other imaging modalities [7]. The
in-depth analysis of the famous MB technique asserts that this method
suffers from the diffusion of shimmer noise in the image of tissue
displacements. Current advances in BM development technique require
the use of speckle noise reduction techniques and the minimization of
artifacts in the tissue displacement image [8].

In order to solve the problem of the appearance of noise and artifacts
in estimating tissue displacements, several filtering methods have been
proposed in the literature. These methods can be simply classified into
five categories, namely the local adaptive filter, the anisotropic scattering
filter, the multiscale filter, the non-local filter and the hybrid filter [9].

Since the above methods do not achieve an optimum balance
between noise removal and detail preservation, it is desirable to seek a
technique that improves the performance of a high filtering capacity and
better edges preservation.

In this paper we propose a new approach that improves the classical
BM technique that we call it here: OBM, the proposed new approach
exploits the impact of the biophysical parameters combined with the
BM model. The proposed method improves the OBM technique used in
Breast tissue displacements.

The results of in-vivo studies are presented to evaluate the
performance of the proposed method. We show that the proposed model
has improved the OBM technique; also it has improved the diagnosis of
malignant pathologies during the clinical evaluation.

The performance of our proposed method is compared with the
OBM and BDBM approaches; we show that our proposed method is
more accurate and more efficient. It gives better values in terms of SD,
higher CNR, greater PSNR, and excellent SSIM than other methods.

This paper is organized as follows: the adapted biophysical approach
and BM model theory of displacements estimation are resumed and
presented in “Methods” section.

“Results” section shows the results on in-vivo breast images, we
address also the comparison between the results obtained with our
proposed method and those obtained with OBM and BDBM techniques.
“Discussion” section shows the discussion of results. Concluding
remarks are left to “Conclusion” section.

Methods
Biophysical image processing

The ultrasonic image is very degraded by the dominance of
speckle noise, corresponding to multiple coherent reflections from the
environment around the target [10]. The existence of speckle noise and
artifacts induced by tissues displacements degrades the visual evaluation
in ultrasound imaging [11]. In this case, the treatment of B-mode images
becomes a crucial step in improving the quality of tissue displacements
estimation. In this context, we can act on the biophysical parameters
tools in order to reduce the speckle noise and artifacts with preservation
of signal containing diagnostic information. Once the images are
filtered, they will be injected into a displacement estimation algorithm.

Rejection: The rejection function parameter is a low pass spatial
filter, which passes only the spatial frequencies less than or equal to its
cut-off frequency integrated into the ultrasound device, it designed to
bring out or suppress the speckle noise in the images by relying on their

spatial frequencies. The spatial frequency is directly related to the texture
of tissues, corresponding to the frequency variation of echogenicity
in ultrasound image. Therefore, increasing the rejection parameter
meaning decreasing the cut-off frequency of filter. Consequently, the
parameterization of the cut-off frequency helps to reduce the noise and
to maintain softening details, making the image less flickering and easier
interpretation. As a result, the rejection function contributes to select
only the high autocorrelation signals having a high SNR. It retains only
the autocorrelation which has a high SNR corresponding to a noise-free
image with more details representing the diagnostic information. As a
result, low autocorrelation signals will be rejected since they contribute
to providing poor quality images [12,13].

The convolution product of the B-mode image f (i,j) with a filter
h(i,j) is given by:

£ )= (1)) =2, 2o f (i (o

h is a square mask with d is the odd size, so the expression becomes:

—im=j) (1)

£ )=(f )0

The transfer function H(u,v) of the low-pass filter is given by:

Z dlz dlfl] h(n—i,m—j) (2)

1 ifNu?+? <D,

H(M,V) = {Oif« uz+v2>DO (3)

Where D, is the cut-off frequency, this filter suppresses the frequency
components having a radial frequency /3> + > higher than D .

Persistence: The persistence parameter is a low pass spatial filter;
it has the same operating principle as rejection parameter, therefore,
increasing the persistence meaning decreasing the cut-off frequency of
filter. Consequently, the parameterization of the cut-off frequency helps
to reduce the noise and to maintain softening details, making the image
less flickering and easier interpretation. It is available in real time and in
frozen mode [14,15].

The convolution product of the B-mode image f (ij) with a
persistence filter g(i,j) is given by:
f"(t,j):(f"g)(t,j):Z g (n—i,m— ) (4)

/12 1|f’/

Where f” (i,j) is the result of applying persistence.

Smoothing: Smoothing parameter is a low pass spatial filter that
it used in ultrasonic imaging as a pre-treatment step, it has the same
operating principle as rejection function and persistence parameters, it
used in order to produce a more homogeneous and smooth image, added
to attenuate the speckle noise that is still present after the application
of rejection and persistence parameters. In this perspective, the central
pixel of the filter is replaced by the mean value of its neighborhood
pixels. As a result, this operation consists most often of applying to the
image a smoothing producing a soft B-mode image [16,17]. Increasing
the smoothness parameter value decrease the cut-off frequency value
and produces a smooth and filtered image which facilitates clinical
interpretation.
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The convolution product of the B-mode image f  (i,j) with a
smoothing filter k(i,j) is given by:
d-1

PN R0 =5 X7 o f G ik(n-im=j)  (3)

Where f” (i,j) is the result of applying smoothing.
BM technique

After having improved the quality of B-mode images by adjusting
the biophysical parameters, we injected them into a BM algorithm. The
basic of BM method is to cut the reference image into pixels blocks [18].

For each blocks, a search area is defined in the target image. A
resemblance criterion is used to find the best block candidate in a
search area. We give their expressions for a ROI size: L, x L..

Centered on the pixel with coordinates P=(P1, P2) in the reference
image. The displacement between a candidate block and the reference
ROl is denoted d=(d1, d2) and is bounded by the size fAthg earch area.
The position of the best candidate block is denoted, Edl,djj [19]. The
best candidate corresponds to the maximum of the inter-correlation
coefficient (CC).

L L
CC(P,d)=Y"" ;3% Li(B+x,P+x,)d(B+x+d,P+x,+d,)(6)
Ny Ty

With (aﬁ,ﬁzj:argmaxd(CC(P,d)) (7)

Results

The evaluations of tissues displacements estimation were performed
by three experienced breast radiologists. 20 B-mode images with breast
malignant tumors were performed, using high definition linear probe
(bandwidth, 15 MHz).

1

SNR : patient 1 0.85
SNR : patient 2 0.81
SNR : patient 3 0.28
SNR : patient 4 0.59
SNR : patient 5 0.49
SNR : patient 6 0.80
SNR : patient 7 0.81
SNR : patient 8 0.61
SNR : patient 9 0.85
SNR : patient 10 0.75
SNR : patient 11 0.47
SNR : patient 12 0.77
SNR : patient 13 0.71
SNR : patient 14 0.65
SNR : patient 15 0.82
SNR : patient 16 0.91
SNR : patient 17 0.68
SNR : patient 18 0.71
SNR : patient 19 0.64
SNR : patient 20 0.81

2
0.88
0.84
0.31
0.63
0.55
0.91
0.83
0.67
0.89
0.77
0.51
0.81
0.82
0.71
0.89
0.97
0.72
0.73
0.68
0.84

The process described in Section Methods is assessed here;
during the process of B-mode images acquisition, we have varied
each biophysical parameter value alone, keeping fixed values of the
other basic biophysical parameters, that to analyze the impact of each
parameter on the B-mode images quality. During the variation of
biophysical parameters, quantitative measurements including CNR and
SNR were performed.

We have presented the SNR results of the rejection parameter
impact in Table 1, for 20 breast B-mode images. CNR and SNR results
of the persistence parameter impact for 20 breast B-mode images were
presented respectively in Tables 2 and 3.

The CNR and SNR results of smoothing parameter impact for 20
breast B-mode images were presented respectively in Tables 4 and 5.

The radiologist applies a small compression of the breast, with
adjustment of the biophysical parameters, after that, the radiologist
selects two B-mode images (taken before and after compression),
in order to be integrated into the BM model and estimate locally the
displacements field. The results were validated by three radiologists.
We have presented below the results of the proposed method for
improvement of breast tissues displacements estimation (Figures 1-20).

In order to quantitatively compare the efficiency and robustness of
our proposed method. We compare it to OBM and BDBM methods,
using SD (in pixels) between estimated and B-mode post compression
images (as shown in Table 6), CNR comparison (as demonstrated
in Table 7), PSNR comparison (as presented in Table 8), and SSIM
comparison (as exposed in Table 9), were used to demonstrate the
contribution of our proposed method in the improvement of tissues
displacement estimation results, and to compare its effectiveness and
accuracy with OBM and BDBM approaches.

Rejection parameter values

3 4
0.90 0.90
0.87 0.87
0.34 0.34
0.67 0.67
0.57 0.57
0.97 0.97
0.86 0.86
0.71 0.71
0.99 0.99
0.81 0.81
0.59 0.59
0.88 0.88
0.89 0.89
0.77 0.77
0.92 0.92
1.01 1.01
0.72 0.72
0.76 0.76
0.69 0.69
0.87 0.87

Table 1: Impact of the rejection parameter on the SNR results for 20 patients.

J Tissue Sci Eng, an open access journal
ISSN: 2157-7552

Volume 10 + Issue 1+ 1000223



Citation: Slimi T, Tamali R, Mahjoubi H (2019) Enhancement of Displacement Estimation of Breast Tissue in Ultrasound Elastography. J Tissue Sci

Eng 9: 223. doi: 10.4172/2157-7552.1000223

Page 4 of 19
Persistence parameter values
1 2 3 4 5 6 7 8 9 10
CNR patient: 1 0.20 0.23 0.30 0.31 0.37 0.40 0.43 0.50 0.51 0.51
CNR patient: 2 0.18 0.19 0.20 0.21 0.24 0.25 0.26 0.28 0.30 0.30
CNR patient: 3 0.24 0.26 0.27 0.31 0.32 0.34 0.35 0.37 0.39 0.39
CNR patient: 4 0.17 0.19 0.21 0.24 0.25 0.26 0.28 0.29 0.33 0.34
CNR patient: 5 0.23 0.25 0.30 0.31 0.33 0.35 0.37 0.37 0.38 0.38
CNR patient: 6 0.19 0.22 0.23 0.27 0.28 0.33 0.34 0.35 0.37 0.37
CNR patient: 7 0.15 0.16 0.18 0.22 0.23 0.25 0.28 0.29 0.32 0.32
CNR patient: 8 0.22 0.24 0.25 0.26 0.27 0.29 0.31 0.32 0.34 0.34
CNR patient: 9 0.23 0.24 0.30 0.31 0.32 0.34 0.39 0.40 0.43 0.43
CNR patient: 10 0.16 0.20 0.21 0.23 0.24 0.27 0.29 0.30 0.35 0.35
CNR patient: 11 0.18 0.19 0.21 0.24 0.27 0.29 0.32 0.33 0.36 0.36
CNR patient: 12 0.23 0.24 0.25 0.27 0.33 0.34 0.37 0.38 0.39 0.39
CNR patient: 13 0.18 0.19 0.21 0.24 0.25 0.27 0.31 0.32 0.37 0.37
CNR patient: 14 0.16 0.18 0.19 0.22 0.29 0.31 0.32 0.33 0.36 0.36
CNR patient: 15 0.11 0.13 0.15 0.16 0.19 0.22 0.26 0.27 0.29 0.29
CNR patient: 16 0.14 0.17 0.18 0.19 0.22 0.23 0.25 0.26 0.32 0.32
CNR patient: 17 0.17 0.19 0.22 0.23 0.24 0.25 0.27 0.27 0.28 0.28
CNR patient: 18 0.22 0.23 0.24 0.26 0.27 0.31 0.32 0.33 0.35 0.35
CNR patient: 19 0.31 0.32 0.35 0.36 0.37 0.40 0.41 0.42 0.44 0.44
CNR patient: 20 0.24 0.27 0.28 0.29 0.31 0.33 0.38 0.39 0.41 0.41
Table 2: Impact of the persistence parameter on the CNR results for 20 patients.
Persistence parameter values
1 2 3 4 5 6 7 8 9 10
SNR patient: 1 0.90 0.91 0.94 0.99 1.10 1.20 1.40 1.69 1.70 1.70
SNR patient: 2 0.87 0.88 0.91 0.94 0.96 0.97 0.98 1.11 1.14 1.13
SNR patient: 3 0.34 0.36 0.37 0.39 0.42 0.44 0.45 0.50 0.51 0.50
SNR patient: 4 0.67 0.68 0.71 0.72 0.73 0.76 0.80 0.91 0.93 0.92
SNR patient: 5 0.57 0.58 0.60 0.61 0.64 0.67 0.68 0.73 0.77 0.76
SNR patient: 6 0.97 0.98 1 1.10 1.13 1.15 1.18 1.20 1.24 1.24
SNR patient: 7 0.86 0.87 0.89 0.91 0.92 0.96 0.97 1.13 1.19 1.15
SNR patient: 8 0.71 0.74 0.75 0.79 0.81 0.82 0.84 0.91 0.94 0.93
SNR patient: 9 0.99 1 1.13 117 1.18 1.19 1.23 1.27 1.31 1.31
SNR patient: 10 0.81 0.84 0.85 0.87 0.88 0.93 0.95 1.12 1.16 1.15
SNR patient: 11 0.59 0.61 0.62 0.65 0.69 0.76 0.78 0.85 0.88 0.86
SNR patient: 12 0.88 0.91 0.93 0.94 0.98 0.99 1 1.13 1.19 1.15
SNR patient: 13 0.89 0.93 0.94 0.99 1 1.14 1.17 1.32 1.35 1.33
SNR patient: 14 0.77 0.78 0.81 0.82 0.86 0.87 0.91 1.01 1.12 1.11
SNR patient: 15 0.92 0.95 0.98 0.99 1 1.13 1.17 1.31 1.34 1.34
SNR patient: 16 1.01 1.13 117 1.20 1.26 1.27 1.30 1.42 1.45 1.44
SNR patient: 17 0.72 0.73 0.74 0.77 0.78 0.81 0.84 0.89 1 0.91
SNR patient: 18 0.76 0.77 0.80 0.83 0.84 0.85 0.88 1.31 1.35 1.35
SNR patient: 19 0.69 0.73 0.74 0.77 0.79 0.81 0.82 1.14 117 1.16
SNR patient: 20 0.87 0.88 0.91 0.93 0.94 0.95 0.98 1.23 0.41 0.41

Table 3: Impact of the persistence parameter on the SNR results for 20 patients.

Discussion

In order to objectively compare the results presented in “In-vivo
breast images” section, we can evaluate the breast tissue displacement
estimation improvement based on the quantitative indicators. As
mentioned in the previous sections, we used an ultrasound B-mode
images database of breast organ corresponding to 20 patients with
malignant tumor, all results have been verified and validated by three
radiologists.

We simulate our proposed method on the ultrasound images, and
we compared it to both methods (OBM and BDBM methods), as it was

expected, the best accuracy of tissues displacements estimation was
obtained when the proposed approach is applied.

The proposed approach provides more accurate tissue displacements
estimation with good tumor detection and tissues localization than
OBM and BDBM techniques. The proposed method also provides a
greater reduction in noise and a higher resolution in pixels than that
obtained by the other two methods. The tissue displacements estimation
images, obtained with our proposed model, appears very clear resulting
in increased sharpness, the distinction between homogeneous region
pixels and those of an outline are well plotted, we notice also an
increased improvement in preservation of contours, with good clarity
in less contrasting areas.
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Smoothing parameter values
1 2 3 4 5
CNR patient: 1 0.51 0.53 0.55 0.58 0.58
CNR patient: 2 0.30 0.34 0.39 0.42 0.42
CNR patient: 3 0.39 0.44 0.45 0.47 0.47
CNR patient: 4 0.33 0.37 0.38 0.43 0.43
CNR patient: 5 0.38 0.39 0.41 0.47 0.47
CNR patient: 6 0.37 0.40 0.43 0.44 0.44
CNR patient: 7 0.32 0.37 0.38 0.49 0.49
CNR patient: 8 0.34 0.35 0.37 0.46 0.46
CNR patient: 9 0.43 0.44 0.45 0.53 0.53
CNR patient: 10 0.35 0.37 0.39 0.47 0.47
CNR patient: 11 0.36 0.39 0.42 0.56 0.56
CNR patient: 12 0.39 0.42 0.43 0.45 0.45
CNR patient: 13 0.37 0.39 0.42 0.47 0.47
CNR patient: 14 0.36 0.43 0.46 0.52 0.52
CNR patient: 15 0.29 0.35 0.39 0.49 0.49
CNR patient: 16 0.32 0.33 0.38 0.47 0.47
CNR patient: 17 0.28 0.33 0.36 0.48 0.48
CNR patient: 18 0.35 0.37 0.43 0.54 0.54
CNR patient: 19 0.44 0.46 0.47 0.50 0.50
CNR patient: 20 0.41 0.44 0.49 0.53 0.53
Table 4: Impact of the smoothing parameter on the CNR results for 20 patients.
Smoothing parameter values
1 2 3 4 5
SNR patient: 1 1.70 1.73 1.74 1.77 1.77
SNR patient: 2 1.14 1.15 1.19 1.32 1.32
SNR patient: 3 0.51 0.55 0.83 0.92 0.92
SNR patient: 4 0.93 1.12 1.19 1.26 1.26
SNR patient: 5 0.77 0.93 1.13 1.23 1.23
SNR patient: 6 1.24 1.43 1.49 1.64 1.64
SNR patient: 7 1.19 1.34 1.41 1.52 1.52
SNR patient: 8 0.94 1.26 1.30 1.49 1.49
SNR patient: 9 1.31 1.52 1.53 1.62 1.62
SNR patient: 10 1.16 1.19 1.23 1.34 1.34
SNR patient: 11 0.88 0.92 1.14 1.19 1.19
SNR patient: 12 1.19 1.23 1.27 1.37 1.37
SNR patient: 13 1.35 1.39 1.42 1.55 1.55
SNR patient: 14 1.12 1.17 1.18 1.32 1.32
SNR patient: 15 1.34 1.38 1.39 1.41 1.41
SNR patient: 16 1.45 1.46 1.51 1.55 1.55
SNR patient: 17 1 1.21 1.23 1.29 1.29
SNR patient: 18 1.35 1.37 1.39 1.46 1.46
SNR patient: 19 1.17 1.18 1.21 1.26 1.26
SNR patient: 20 0.41 0.44 0.49 0.53 0.53

Table 5: Impact of the smoothing parameter on the SNR results for 20 patients.

The proposed strategy that it used to improve the quality of tissue
displacements estimation images, acts by coupling the biophysical
parameters with the BM model, the results are surely improved.

Our proposed model consists of two parts: The first part, studies
the biophysical parameters improving the quality of B-mode images;
the second part, implements the improved B-mode images into a
displacement estimation algorithm: BM. In order to study the impact of
proposed biophysical approach, we calculated the quantitative criteria
(CNR and SNR) related to B-mode images.

It can be observed from Table 1, that the rejection function

parameter makes it possible to take only the data containing more
information than the other, a configuration of this parameter to a value
equal to 3, makes us to obtain a high SNR in B-mode images.

This is explained by the fact that the rejection filter, selects only the
noise-free autocorrelations or otherwise, it does not allow the passage
of the band frequency containing the parasitic noise. Each increase of
the rejection parameter indicates a decrease in the cut-off frequency of
the filter which selects signals that are free of noise.

A parameterization of the rejection function at value equal to 3,
parameterizes the filter to eliminate speckle noise deteriorating the
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OBM method BDBM method Proposed method
SD in pixels: Patient 1 7.12 6.41 5.23
SD in pixels: Patient 2 6.43 5.32 418
SD in pixels: Patient 3 5.20 4.91 3.72
SD in pixels: Patient 4 9.31 8.54 7.81
SD in pixels: Patient 5 8.1 6.71 5.67
SD in pixels: Patient 6 9.17 8.99 8.31
SD in pixels: Patient 7 6.11 4.56 4.39
SD in pixels: Patient 8 5.23 4.38 3.87
SD in pixels: Patient 9 7.20 5.72 413
SD in pixels: Patient 10 7.76 4.85 3.98
SD in pixels: Patient 11 8.91 6.72 5.14
SD in pixels: Patient 12 9.22 8.42 7.32
SD in pixels: Patient 13 9.76 7.81 6.71
SD in pixels: Patient 14 7.31 6.91 5.87
SD in pixels: Patient 15 5.71 4.51 3.88
SD in pixels: Patient 16 8.56 6.80 5.61
SD in pixels: Patient 17 7.19 5.79 4.94
SD in pixels: Patient 18 10.31 7.18 6.73
SD in pixels: Patient 19 9.81 8.43 7.18
SD in pixels: Patient 20 7.65 5.77 4.31

Table 6: /n vivo results comparison of SD in pixels for the proposed method with OBM and BDBM methods for 20 patients.

B-mode image OBM method BDBM method Proposed method
CNR : Patient 1 0.31 0.34 0.39 0.54
CNR : Patient 2 1.62 1.88 1.97 2.12
CNR : Patient 3 0.62 0.79 1.12 1.20
CNR : Patient 4 1.14 1.32 1.75 1.98
CNR : Patient 5 0.74 0.87 1.16 1.62
CNR : Patient 6 0.16 0.54 1.09 1.13
CNR : Patient 7 1.23 1.56 1.70 1.82
CNR : Patient 8 0.18 0.63 0.89 1.10
CNR : Patient 9 0.95 1.1 1.74 1.98
CNR : Patient 10 0.19 0.34 0.40 0.73
CNR : Patient 11 0.53 0.77 0.93 1.31
CNR : Patient 12 0.61 0.89 1.16 1.39
CNR : Patient 13 0.73 1.32 1.64 1.85
CNR : Patient 14 0.39 0.65 0.73 1.13
CNR : Patient 15 0.41 0.61 0.70 1.20
CNR : Patient 16 0.72 0.84 0.92 1.51
CNR : Patient 17 0.87 0.95 1.09 1.18
CNR : Patient 18 0.74 0.99 1.13 1.62
CNR : Patient 19 0.73 1.01 1.23 1.76
CNR : Patient 20 0.39 0.75 1.23 1.59

Table 7: Comparison of CNR for the proposed method with OBM and BDBM methods for 20 patients.

quality of images, a value greater than 3, has no effect. This stage is very
important, since it only passes signals of very high value in SNR.

It is seen from Tables 2 and 3, that the persistence has improved
the CNR and SNR results of B-mode images quality when the value is
set at 9; thanks to the use of spatial filtering applied by the persistence.
It has ensured a good reduction of the noise. A value greater than 9
has no effect on image quality, therefore a parameterization of the
filter in value equal to 9, improves significantly both CNR and SNR
and provides a good visualization of the mammary structures in the
variation scale of persistence parameter.

From Tables 4 and 5, the smoothing parameter showed a good
correction of the rapid transitions of the noise in image especially when

setting the filter value at 4, thanks to the use of the low pass filter which
has attenuated strongly the noise and artifacts in the image and has
improved the two quantitative parameters of CNR and SNR.

The configuration of the biophysical parameters to the mentioned
values allows optimizing the B-mode images quality by improving
their CNR and SNR Criteria. At this stage, the displacement estimation
algorithm is ready to be coupled.

The proposed method was compared with the BM and BDBM
methods, using quantitative and qualitative criteria, which aims to
validate the effectiveness of our strategy.

The tissue displacement estimation obtained by our proposed
strategy, BM and BDBM methods are presented in Figures 1-20. Our

J Tissue Sci Eng, an open access journal
ISSN: 2157-7552

Volume 10 + Issue 1+ 1000223



Citation: Slimi T, Tamali R, Mahjoubi H (2019) Enhancement of Displacement Estimation of Breast Tissue in Ultrasound Elastography. J Tissue Sci
Eng 9: 223. doi: 10.4172/2157-7552.1000223

Page 7 of 19

Axial distance (pixels)

Axial distance (pixels)

Lateral distance (pixels)

()
= = =
] ] =
= o -
& &1 ]
] = . > B
g g g
B 3 3
= = =
3 E E
Z = -
Lateral distance (pixels) Lateral distance {pixels) Lateral distance (pixels)

ich e} ie)

Figure 1: Estimating tissue displacements of breast malignant tumor for the patient. A Simulated pre compression B-mode image. B Simulated post compression
B-mode image. C tissues displacement obtained with OBM method. D tissues displacement obtained with BDBM method, and E tissues displacement obtained with
proposed method: Areas selected by a rectangle are used for mathematical computation.
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Figure 2: Estimating tissue displacements of breast malignant tumor for the patient. A Simulated pre compression B-mode image. B Simulated post compression
B-mode image. C tissues displacement obtained with OBM method. D tissues displacement obtained with BDBM method, and E tissues displacement obtained with
proposed method: Areas selected by a rectangle are used for mathematical computation.
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Figure 3: Estimating tissue displacements of breast malignant tumor for the patient. A Simulated pre compression B-mode image. B Simulated post compression
B-mode image. C tissues displacement obtained with OBM method. D tissues displacement obtained with BDBM method, and E tissues displacement obtained with
proposed method: Areas selected by a rectangle are used for mathematical computation.
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Figure 4: Estimating tissue displacements of breast malignant tumor for the patient. A Simulated pre compression B-mode image. B Simulated post compression
B-mode image. C tissues displacement obtained with OBM method. D tissues displacement obtained with BDBM method, and E tissues displacement obtained with
proposed method: Areas selected by a rectangle are used for mathematical computation.
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Figure 5: Estimating tissue displacements of breast malignant tumor for the patient. A Simulated pre compression B-mode image. B Simulated post compression
B-mode image. C tissues displacement obtained with OBM method. D tissues displacement obtained with BDBM method, and E tissues displacement obtained with
proposed method: Areas selected by a rectangle are used for mathematical computation.
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Figure 6: Estimating tissue displacements of breast malignant tumor for the patient. A Simulated pre compression B-mode image. B Simulated post compression
B-mode image. C tissues displacement obtained with OBM method. D tissues displacement obtained with BDBM method, and E tissues displacement obtained with
proposed method: Areas selected by a rectangle are used for mathematical computation.
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Figure 7: Estimating tissue displacements of breast malignant tumor for the patient. A Simulated pre compression B-mode image. B Simulated post compression
B-mode image. C tissues displacement obtained with OBM method. D tissues displacement obtained with BDBM method, and E tissues displacement obtained with
proposed method: Areas selected by a rectangle are used for mathematical computation.
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Figure 8: Estimating tissue displacements of breast malignant tumor for the patient. A Simulated pre compression B-mode image. B Simulated post compression
B-mode image. C tissues displacement obtained with OBM method. D tissues displacement obtained with BDBM method, and E tissues displacement obtained with
proposed method: Areas selected by a rectangle are used for mathematical computation.
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Figure 9: Estimating tissue displacements of breast malignant tumor for the patient. A Simulated pre compression B-mode image. B Simulated post compression
B-mode image. C tissues displacement obtained with OBM method. D tissues displacement obtained with BDBM method, and E tissues displacement obtained with
proposed method: Areas selected by a rectangle are used for mathematical computation.
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Figure 10: Estimating tissue displacements of breast malignant tumor for the patient. A Simulated pre compression B-mode image. B Simulated post compression
B-mode image. C tissues displacement obtained with OBM method. D tissues displacement obtained with BDBM method, and E tissues displacement obtained with
proposed method: Areas selected by a rectangle are used for mathematical computation.

J Tissue Sci Eng, an open access journal

ISSN: 2157-7552 Volume 10 + Issue 1+ 1000223



Citation: Slimi T, Tamali R, Mahjoubi H (2019) Enhancement of Displacement Estimation of Breast Tissue in Ultrasound Elastography. J Tissue Sci
Eng 9: 223. doi: 10.4172/2157-7552.1000223

Page 12 of 19

Axial distance (pixels)
Axial distance (pixels)

Acial distance (pixels)
Axial distance (pixels)

Lateral distance H.‘I:l‘ﬂ;hl Lateral distance {pixels) Lateral distance ||1|.\.|:I\:
el (1] ek

Figure 11: Estimating tissue displacements of breast malignant tumor for the patient. A Simulated pre compression B-mode image. B Simulated post compression
B-mode image. C tissues displacement obtained with OBM method. D tissues displacement obtained with BDBM method, and E tissues displacement obtained with
proposed method: Areas selected by a rectangle are used for mathematical computation.
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Figure 12: Estimating tissue displacements of breast malignant tumor for the patient. A Simulated pre compression B-mode image. B Simulated post compression
B-mode image. C tissues displacement obtained with OBM method. D tissues displacement obtained with BDBM method, and E tissues displacement obtained with
proposed method: Areas selected by a rectangle are used for mathematical computation.
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Figure 13: Estimating tissue displacements of breast malignant tumor for the patient. A Simulated pre compression B-mode image. B Simulated post compression
B-mode image. C tissues displacement obtained with OBM method. D tissues displacement obtained with BDBM method, and E tissues displacement obtained with
proposed method: Areas selected by a rectangle are used for mathematical computation.
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Figure 14: Estimating tissue displacements of breast malignant tumor for the patient. A Simulated pre compression B-mode image. B Simulated post compression
B-mode image. C tissues displacement obtained with OBM method. D tissues displacement obtained with BDBM method, and E tissues displacement obtained with
proposed method: Areas selected by a rectangle are used for mathematical computation.
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Figure 15: Estimating tissue displacements of breast malignant tumor for the patient. A Simulated pre compression B-mode image. B Simulated post compression
B-mode image. C tissues displacement obtained with OBM method. D tissues displacement obtained with BDBM method, and E tissues displacement obtained with
proposed method: Areas selected by a rectangle are used for mathematical computation.
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Figure 16: Estimating tissue displacements of breast malignant tumor for the patient. a Simulated pre compression B-mode image. b Simulated post compression
B-mode image. c tissues displacement obtained with OBM method. d tissues displacement obtained with BDBM method, and e tissues displacement obtained with
proposed method: Areas selected by a rectangle are used for mathematical computation.
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Figure 17: Estimating tissue displacements of breast malignant tumor for the patient. A Simulated pre compression B-mode image. B Simulated post compression
B-mode image. C tissues displacement obtained with OBM method. D tissues displacement obtained with BDBM method, and E tissues displacement obtained with
proposed method: Areas selected by a rectangle are used for mathematical computation.
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Figure 18: Estimating tissue displacements of breast malignant tumor for the patient. A Simulated pre compression B-mode image. B Simulated post compression
B-mode image. C tissues displacement obtained with OBM method. D tissues displacement obtained with BDBM method, and E tissues displacement obtained with
proposed method: Areas selected by a rectangle are used for mathematical computation.
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Figure 19: Estimating tissue displacements of breast malignant tumor for the patient. A Simulated pre compression B-mode image. B Simulated post compression
B-mode image. C tissues displacement obtained with OBM method. D tissues displacement obtained with BDBM method, and E tissues displacement obtained with
proposed method: Areas selected by a rectangle are used for mathematical computation.
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Figure 20: Estimating tissue displacements of breast malignant tumor for the patient. A Simulated pre compression B-mode image. B Simulated post compression
B-mode image. C tissues displacement obtained with OBM method. D tissues displacement obtained with BDBM method, and E tissues displacement obtained with
proposed method: Areas selected by a rectangle are used for mathematical computation.
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OBM method BDBM method Proposed method
PSNR : Patient 1 19.50 21.71 27.87
PSNR : Patient 2 10.72 13.81 15.31
PSNR : Patient 3 19.30 23.49 30.12
PSNR : Patient 4 11.23 15.43 18.73
PSNR : Patient 5 28.91 32.40 42.61
PSNR : Patient 6 10.51 13.10 15.42
PSNR : Patient 7 28.71 32.87 34.85
PSNR : Patient 8 23.55 27.65 31.53
PSNR : Patient 9 32.76 34.71 38.91
PSNR : Patient 10 25.81 28.11 32.65
PSNR : Patient 11 15.67 18.10 23.85
PSNR : Patient 12 26.78 30.04 35.61
PSNR : Patient 13 9.94 11.31 15.83
PSNR : Patient 14 30.83 34.71 39.17
PSNR : Patient 15 38.45 42.18 48.73
PSNR : Patient 16 19.73 22.91 27.82
PSNR : Patient 17 16.84 18.73 20.33
PSNR : Patient 18 19.93 21.61 29.35
PSNR : Patient 19 20.11 22.32 27.19
PSNR : Patient 20 28.71 30.21 34.91
Table 8: Comparison of PSNR for the proposed method with OBM and BDBM methods for 20 patients.
OBM method BDBM method Proposed method
SSIM : Patient 1 0.70 0.76 0.84
SSIM : Patient 2 0.56 0.72 0.81
SSIM : Patient 3 0.87 0.90 0.94
SSIM : Patient 4 0.45 0.64 0.70
SSIM : Patient 5 0.27 0.52 0.81
SSIM : Patient 6 0.68 0.71 0.80
SSIM : Patient 7 0.79 0.83 0.91
SSIM : Patient 8 0.65 0.70 0.74
SSIM : Patient 9 0.51 0.64 0.75
SSIM : Patient 10 0.60 0.71 0.87
SSIM : Patient 11 0.81 0.85 0.91
SSIM : Patient 12 0.69 0.72 0.80
SSIM : Patient 13 0.55 0.63 0.70
SSIM : Patient 14 0.61 0.69 0.78
SSIM : Patient 15 0.86 0.92 0.95
SSIM : Patient 16 0.52 0.66 0.71
SSIM : Patient 17 0.71 0.74 0.87
SSIM : Patient 18 0.41 0.56 0.67
SSIM : Patient 19 0.30 0.41 0.59
SSIM : Patient 20 0.79 0.82 0.91

Table 9: Comparison of SSIM for the proposed method with OBM and BDBM methods for 20 patients.

proposed approach offers a better estimation results and good tumor
localization with better visibility of the contours than that obtained by
BM and BDBM methods.

In order to numerically evaluate the results assessment, we
calculated the SD, CNR, PSNR, and SSIM for each method.

From Table 6, it can be seen that the proposed method gets the
lowest SD in pixels value: On one hand, the proposed method is an
improved model based on the biophysical optimization of B-mode
images coupled with BM model, and the tissue displacement estimation
results also show that the proposed strategy performs better than OBM
technique.

On the other, compared with BDBM technique, the proposed
method obtains a strong de-speckling ability, greater improvement of
displacement estimation and more satisfactory result.

The filtering of B-mode images is not accessible for the other
methods (OBM and BDBM techniques) since no filtering is applied,
which has induced a noisy displacements estimation images [20,21].
In this context, the error will be very great for OBM and BDBM
techniques. This explains the smaller SD value in the proposed model.

From Table 7, The CNRs values are calculated and presented for
each patient. The first CNR is calculated using the gray levels of the
B-mode images. The other three CNRs are calculated from the results
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of BM, BDBM and proposed methods. By analyzing these results, we
observe that although the CNR is good in BM and BDBM techniques,
our approach offers a better contrast between the healthy parts and
the tumor tissues. The CNR reports confirm that when we used our
proposed approach, the tumor is best discriminated on breast tissue
displacements. The improvement in CNR in our proposed method is
largely due to the removal of artifacts and speckle noise from neighboring
breast tissue. Therefore, the degree of contrast enhancement will be
related to the acquisition of B-mode images.

The contrast enhancement will be maximized when the two
B-mode images (pre and post compression) are better recorded in terms
of biophysical parameter adjustment. If the biophysical parameters are
not perfectly adjusted during B-mode image acquisition, speckle noise
cancellation will not be complete and residual artifacts from tissue
compression may persist.

From Table 8, it is shown that the PSNR of the BM technique is still
at a very low level due to its inability to filter image, since this approach
directly estimates the tissue displacements without taking into account
the presence of speckle noise. The BDBM technique also does not give
a good PSNR values, since in this method; no filter is present: neither
for image denoising nor for details conservation. While in the case of
our proposed method, the existence of biophysical approach in the
B-mode image processing step, has greatly improved the resolution of
displacement estimation image, and perfectly reduces the noise.

It is seen from Table 9, that the proposed method has surpassed
the other methods with the highest SSIM value. The BM technique
has the lowest SSIM value and this is very expected, since this method
suffers from the presence of speckle noise and does not preserve the
details of tissue displacements estimation. Also, the BDBM technique
has lower SSIM values than that obtained by our proposed model; this
is explained by the fact that the BDBM technique estimates the tissue
displacement without prior treatment of B-mode image.

With our strategy, we obtained more impressive results with a
strongly improved SSIM; the idea of image processing by biophysical
parameterization mentioned above has succeeded to improve the SSIM
criterion. The proposed method is the most reliable process algorithm
in majority suppression of noise by retaining the details in displacement
estimation images. The SSIM results confirm that our technique created
for the displacements estimation improvement is an appropriate
combination for ultrasound elastography compared to the OBM and
BDBM methods.

In this article, we have improved the OBM technique used in
quasi-static breast ultrasound elastography; we have exploited the
impact of biophysical parameters, coupled with BM model to ensure
a satisfactory optimization of tissue displacements estimation results.
We have set up a new technique that can efficiently enhance the breast
tissue displacement estimation performance.

The proposed technique will overcome the problems encountered
in elastography; it will solve several complications, related to the
deterioration and disappearance of details, in areas with low contrast.
The implementation of our new strategy will help doctors for accurate
diagnostic reports for the evaluation of breast malignant tumor
elasticity.

Conclusion

In this paper, a new strategy is proposed for the improvement of
breast tissue displacements estimation, the employed strategy has

perfected the OBM technique used in breast strain estimation in
ultrasound elastography. The new profit of our proposed concept helps
to improve the diagnosis of breast tumor.

A biophysical approach including rejection, persistence and
smoothing parameters were implemented during B-mode images
acquisition and combined with BM model, which aims to improve the
breast tissue displacement estimation.

This method is very efficient in strain estimation, it is not only has
a strong de-speckling ability, but also it estimates tissue displacement
with high accuracy.

In addition, the adaptation of biophysical parameters with BM
model constituting the purpose of our proposed method was discussed.
The accuracy of our new strategy was tested on In-vivo ultrasound
images using 20 patients with malignant tumors.

It has been shown that our proposed strategy performs better
compared to OBM and BDBM techniques, provided better SD, greater
CNR, higher PSNR and more suitable SSIM than OBM and BDBM
techniques. Therefore, the proposed method provides encouraging,
supportive, exciting results and it will be a significant support for
effective diagnosis of breast diseases.

Widely, the proposed optimization strategy is advantageous for
improving the tissue displacements estimation of Breast ultrasound
elastography, for better diagnosis of mammary pathologies.
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