An Improvement for Tomographic Density Imaging
using Integration of DBIM and Interpolation
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Abstract— Inverse scattering is considered to be one of
the most powerful and accurate ultrasound imaging.
Most ultrasound tomography methods often focus to the
speed of sound and ignore the change of density in
tomographic imaging. Convergence speed of density
imaging is also higher than that of sound contrast
imaging. Thus, in this paper, we proposed to speed up
the reconstructed time of tomographic density imaging
by integrating the distorted Born iterative method
(DBIM) and interpolation scheme. The result is
improved both the reconstructed quality and the
reconstructed time.
Keywords—density, tomography, DBIM

. INTRODUCTION

Ultrasound imaging is now widely used for medical
applications [1]. In current ultrasound machines, however, it
is difficult to reconstruct structures smaller than the
wavelength. Tomographic ultrasound exploits the inverse
scattering technique can do this [2]. We can recognize
strange tumors because when the ultrasound signal passes
through it, the sound contrast will change. Distorted Born
Iterative Method (DBIM) method is preferred in
tomographic ultrasound because it allows the linear
relationship between the ultrasound signal to be measured
with the sound contrast when ultrasound passes through the
tumor [3-7]. Most of previous work only focusses to sound
contrast imaging [3-7, 11-16]. In [8], DBIM is also applied
to tomographic density imaging, and obtain very nice
results. However, the authors need to collect multiple
datasets at multiple frequencies that lead to increase the
acquisition time. In [11-12], the authors concerned to apply
deterministic compressive sampling (CS) for high-quality
image reconstruction of ultrasound tomography. However,
the reconstruction time in CS scheme is always large. In this
paper, we integrate DBIM with interpolation technique in
order to improve both the reconstructed quality and the
reconstructed time. The reconstruction is divided into two
steps. In the first step, DBIM is applied to estimate the
object function with a low mesh. The interpolation is then
applied to acquire a new object function with a dense mesh.
In the second step, DBIM continue to work with this new
object function to provide a final tomographic density
image.
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Il.  METHOD PROPOSAL

A. Obiject function for density imaging

A measurement system is shown in Fig. 1 in order to
acquire the scattered signal. As can we see, one transmitter
and one receiver are executed to obtain a measured signal.
After that, DBIM is used to reconstruct the object function
for density imaging.

@

Fig 1. Measurement system

In detail, the wave equation of the measurement system is

p(F)=p"(F)+ p*(F) (1)

where p(F), p™™(F), and p*(F) are the total pressure,
incident pressure and scattered pressure fields, respectively.
p*°(F) can be shown in more detail as

# (1)=[[o(r)p(r)cs(f-ripr @

where Go(.) is the homogenous Green function, and O(F)

is the object function need to be reconstructed. If there is an
object whose a constant density and a wave number k(r) in

this medium, the object function O(F) is
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where ¢ is the sound speed in the infinite space containing
homogeneous medium, and c(r) is the sound speed travels
through the object. In this paper, we also concern the role of

the density, thus the object function O(F) is
2 2
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Figure 2(a)(b) illustrates the differences between sound
contrast imaging and density imaging. The ripples appear on
the border of the object and the medium. We also can see
that the reconstruction of the object function for density
imaging is more difficult than one of sound contrast
imaging. The scattered data is processed using DBIM as
shown in the literature [9, 13-16].

Fig 2. The difference between the object function for density imaging and
sound contrast imaging.

B. Density imaging using integration of DBIM and
interpolation

The proposed method consists of three steps. In the first
step, the object function is reconstructed with the resolution
of N1xNj. The convergence is expected to approach because
N; is small enough. In the second step, the object function
with low resolution is put into the interpolation to obtain a
new object function with the size of NoxN,. In the last step,
this new object function is continued with DBIM to
complete the reconstruction. The interpolation used in this
paper is nearest neighbor because it is simple and fast [10].
In this paper, we propose a flow chart to summarize the
reconstructed process:

Algorithm 1.
Interpolation

Density imaging using DBIM and
) . = (0) —(0) _— inc
1: Choose an initial value of Oy, and p* " = Py,

2: While (n < Nmax) or (RREn: < £y ) do

{
3: Compute two matrices By, and Cn, ; p and p*°

correspond to O, ™.
—SC
4: Compute the vector Ap

5: Compute RRE correspond to AOy, ™

6: Compute a new Oy, ™Y

7:n=n+1; }

8: Interpolate O, ™to obtain Oy,

9: set p

10: While (n < Nmaxz) or (RREnz < ¢y, ) do
{

11: Compute two matrices By, and Cn, ; p and p*

_ _pNZinc, n=0

correspond to (_)NZ(”)using equation (3) and (4).
12: Compute the vector A_pSC

13: Compute RRE correspond to AOn, ™

14: Compute a new On, ™

15: n=n+1;

where Nmaxi and Nmaxe are the maximum numbers of
iterations, én, and &y, are stopping errors determined by

noise floor, RREn: and RREn; are relative residual errors.
The definition of RRE is

_vN wN  0i=0 ®)
RRE =¥y Xjer—5—
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I1l.  RESULTS AND DISCUSSIONS

In order to verify our proposed method, a simulation
scenario is established as shown in Table 1.

TABLE 1. Simulation scenario

Frequency of ultrasound signal | 0.64MHz
Diamter of scatter area 1lmm
Number of pixels Ni = 14,
N, =27
Number of transmitters N, 21
Number of receivers N, 11
Speed of sound contrast Ac 2%
Nmax 8

Figures 3-10 show the comparison between our proposed
and conventional DBIM methods in 8 iterations. Figs. 3-
10(b) shows the reconstructed results of the object function
using conventional DBIM with the resolution of 27 x 27.
After eight iterations, the object function is reconstructed
with a lower quality. For our proposed methods, Figs. 3-6(a)
show the object function is well reconstructed a low
resolution 14 x 14 after 4 iterations (Nmaxa=4). The
convergence is achieved easily with this resolution. After
that, the object function with low resolution 14 x 14 is put
into the interpolation to obtain a new object function with
the size of 27 x 27. Figs. 7-10(a) show the object function is
well reconstructed a higher resolution 27 x 27.



a) 14 x 14 — proposed b) 27 x 27 — conventional

Fig. 3. Reconstruction of the object function after the first iteration (N; =
14, N, = 27)

a) 14 x14 — proposed b) 27 x 27 — conventional

Fig. 4. Reconstruction of the object function after two iterations (N, = 14,
Nz = 27)

a) 14 x 14 — proposed b) 27 x 27 — conventional

Fig. 5. Reconstruction of the object function after three iterations (N; = 14,
Nz = 27)

a) 14 x 14 — proposed b) 27 x 27 — conventional

Fig. 6. Reconstruction of the object function after four iterations (N; = 14,
Nz = 27)

a) 27 x 27 — proposed b) 27x27 — conventional

Fig. 7. Reconstruction of the object function after five iterations

a) 27 x 27 — proposed b) 27 x 27 — conventional

Fig. 8. Reconstruction of the object function after six iterations

a) 27 x 27 — proposed b) 27 x 27 — conventional

Fig. 9. Reconstruction of the object function after seven iterations

b) 27 x 27 — conventional

a) 27 x 27 — proposed
Fig. 10. Reconstruction of the object function after eight iterations

Comparisons:

- Error in reconstruction: It can be seen that our proposed
method offer a better reconstruction quality compared to
conventional one (see Fig. 10); thus, provide a smaller error.
- Reconstruction time: Both methods need 8 iterations, but
our proposed methods offer a lower reconstruction time
because from the 1%t to 4" iteration, it works with a low
resolution.

IV. CONCLUSION

In this paper, we applied DBIM and interpolation
technique in order to speed up the density imaging. A
simulation scenario has been used to prove the effectiveness
of our proposed method. The results that we can both
improve the reconstruction time and reconstructed quality.
Interpolation technique is helpful to support the
convergence of other tomographic density imaging
algorithms. Our method can be further developed by 3D
reconstruction and experiment.
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