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ABSTRACT

A multi-grid tomographic inversion approach that uses variable grid sizes in both forward modeling and inverse
process is proposed and tested on breast phantom data and breast ultrasound data. In iterative tomographic inversion,
fine scale features are more sensitive to starting model than coarse scale features. The proposed multi-grid algorithm
starts from coarse grids for both forward modeling and inverse process and gradually proceeds to fine grids, which
can effectively suppress artifacts related to over iteration of fine scale features. Since the computational complexity
of inverse problems increases with number of grid points in both forward model and inverse model, the proposed
algorithm greatly reduces the computational cost in contrast to standard fixed-grid approaches. Both in vitro and in
vivo results indicate that the proposed multi-grid methods result in significant improvement in the inverted sound
speed and attenuation images compared to fixed-grid methods.

Keywords: Multi-grid tomography, breast ultrasound imaging.

1. INTRODUCTION

Recent studies have demonstrated the effectiveness of ultrasound tomography imaging in detecting breast cancer.
However, the standard fixed-grid methods suffer from artifacts related to over-iterated fine scale features because
fine scale features in breast images converge faster than coarse scale features. Another major barrier to the use of
inverse problem techniques has been the computational cost of the standard fixed-grid methods. These
computational challenges are only made more difficult by concurrent trends toward larger data sets and
correspondingly higher resolution images.

Multi-grid tomography techniques have been widely investigated as a method not only to reduce the computational
cost but the artifacts related to over iteration in the reconstructed images'”. The techniques have ranged from
simple coarse-to-fine approches'***?* which initialize fine-scale iteration with coarse-scale solutions, to more
sophisticated wavelet or multi-grid image model-based approaches, which have been applied to different aspects of
image reconstruction and image analysis™**'. The multi-grid methods were originally developed for fast partial

differential equation (PDE) solver’*’ and later were applied to inverse problem>*,

The multi-grid methods can greatly reduce computational complexity including both memory requirements and
temporal cost and achieve fast convergence because the non-uniform convergence rates for coarse scale features and
fine scale features have been taken into consideration. Additionally, images reconstructed using the multi-grid
methods are less prone to artifacts since coarse grid corrections remove low frequency error components more
effectively than fine-scale corrections®. In this study, the breast ultrasound dataset acquired with a ring array is large
and needs to be inverted in a short time window to satisfy clinical throughput. For fast computation, we explore the
application of the multi-grid methods to simultaneously reconstructing both sound speed and attenuation
distributions within the breast. To demonstrate the effectiveness of this methods, we have applied them to both in
vitro and in vivo data acquired by the ring array.

In this paper, we discuss the multi-grid tomography techniques and explain how we apply them simultaneously to
both breast sound speed and attenuation reconstructions. We demonstrate a few examples of inversion results and
the comparisons to the corresponding fixed-grid tomograms.
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2. METHODOLOGY

2.1 Data acquisition

Data was acquired using a clinical prototype located at Karmanos Cancer Institute (KCI) in Detroit, MI. The current
prototype employs a ring array with 256 evenly distributed ultrasound sensors. Array elements sequentially emit fan
beams of ultrasound signals towards the opposite side of the ring. The scattered (transmission) and backscattered
(reflection) ultrasound signals are subsequently recorded by all 256 elements at a sampling rate of 8.33 MHz. The
transmitted broadband ultrasound signal has a central frequency around 2 MHz. The ring array resides in a tank
filled with water for proper coupling of the ultrasound signal (Fig. 1).

In this study, we acquired ultrasound data for one breast-mimicking phantom and over 300 patients with the ring
array. These data are reconstructed using both the multi-grid methods and standard fixed-grid method. We will
show some examples and compare images resulting from both methods.
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Figure 1. A schematic representation of the ring transducer.

2.2 Multi-grid tomography methods

Multi-grid tomographic inversion is based on the fact that fine scale features in breasts need fewer iterations to
resolve and are more sensitive to starting model than coarse scale features. The tomographic inversion process starts
from coarse forward model and inverse model grids, and gradually proceeds to fine model grids to solve the original
finest-scale problem (Figure 2).
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Figure 2. A schematic plot of the grid models showing the progress form coarse grid level to fine grid level.
System equation

The system equation that describes the transformation process in inverse problems is usually represented as equation
(D).

Ax=0>b, (1)
where 4 is an m X n system matrix, which describe the system sensitivity, x is an # x 1 model parameter vector of the
inverted pixel value (either sound speed or attenuation in our case), and b is an m x 1 vector of the measured data
(either time-of-flight or integrated attenuation coefficient in the context of this paper).
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In our study the size of the system in equation (1) is large, and m and »n are in the order of tens of thousands. For a
finer grid model equation (1) is usually ill-posed, with a nonempty null space, and more sensitive to the closeness of
the starting model is to the true model. The Multi-grid tomography can tackle these problems in the following ways.

(1) The multi-grid methods start the tomographic process on a coarse grid model, which can greatly reduce the
computational complexity of system equation (1);

(i) System equation (1) discretized on coarse grid models will be better conditioned since there are more
measurements than unknowns. Furthermore, inversion on a coarse grid model will provide a better starting model
for later reconstruction on finer grids and reduce artifacts in the final images.

Forward modeling

Forward modeling of the multi-grid tomography generally follows that of the standard fixed-grid tomography
methods®. The major feature that differentiates the multi-grid tomography from the fixed-grid tomography is that
former starts the calculation of matrix 4 (ray tracing) on a very coarse grid model and gradually updates the grid
model to a finer and finer scale until the required grid level is reached, while the latter computes matrix 4 using a
fixed-grid model all through its iterations®”.

Inverse problem

Theories behind the inverse process are the same for both the fixed-grid tomography and the multi-grid
tomography™’. Both of them solve equation (1) for model parameters x using measurement data b. The differences
reside at the implementation level as described here. Unlike the fixed-grid tomography whose iterative
reconstructions are based on a fixed grid model, the multi-grid tomography methods start from a coarse inverse grid
model and update the model to a finer grid model after reaching the convergence on the coarse grid and restart the
iterative inverse process. This process is repeated until the required grid size has been reached.

2.3 Simultaneous reconstruction of sound speed and attenuation using the multi-grid tomography

In our study, we simultaneously invert sound speed and attenuation images using the multi-grid methods as we
explain below.

Multi-grid sound speed inversion

We reconstruct the sound speed images on three different grid levels, from coarse to finer, then to the required finest
level. At each grid level, we iteratively solve the inverse problem by tracing the ray paths®® on the corresponding
grid level followed by solving the inverse problem using non-linear conjugate gradient (NLCG) method with
restarting strategy’’. The following are the details on how we reconstruct sound speed using the multi-grid methods.

(1) Starting from the coarse grid level, we iteratively solve the inverse problem on the current grid model until
convergence is reached.

(2) We interpolate the sound speed image obtained from the final iteration at the current grid level onto the next grid
level.

(3) Taking the interpolated sound speed image in (2) as the starting model, we iteratively solve the inverse problem
at the next finer grid level until convergence is reached.

(4) Repeat (2) and (3) until the required grid level is reached.
Simultaneous multi-grid attenuation inversion

Attenuation images are inverted at the same time when we reconstruct the sound speed images. Unlike the non-
linear sound speed reconstruction, inverting attenuation is a linear problem. Therefore, we solve it using LSQR
method*' instead of NLCG method®. The procedures to solve the multi-grid attenuation problem are described as
follows.

(1) Starting from the very first coarse grid level, we reconstruct the attenuation using the final sound speed image at
the same grid level.

(2) We interpolate the attenuation image reconstructed at the current grid level onto the next grid level.
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(3) Taking the interpolated attenuation image in (2) as the starting model, we update the integrated attenuation
coefficients when we trace the ray paths, and we reconstruct the attenuation using the final sound speed image at
the current grid level.

(4) Repeat (2) - (4) until the required grid level is reached.

Figure 3 presents one example of sound speed reconstructions showing the progression of the multi-grid methods
from coarse grid to fine grid.

(a)

Figure 3. One example showing the progression of multi-grid methods from coarse grid to fine grid.

3. RESULTS

We apply the multi-grid tomography methods to both breast phantom data and patient breast data acquired with the
ring array. We compare the obtained sound speed and attenuation images with those from the standard fixed-grid
tomography. The results are present as follows.

3.1 Phantom study

4¢—20cm ——»
(a) Sound speed reconstruction with ~ (b) Sound speed reconstruction with (¢) X-ray CT scan
the multi-grid tomography the fixed-grid tomography

Figure 4. (a) Sound speed reconstruction with the multi-grid tomography for the breast phantom. (b) Sound speed
reconstruction with the fixed-grid tomography for the same cross section as in (a). (¢) X-ray CT scan.
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An initial phantom study was conducted to evaluate the performance of the multi-grid tomography methods. The
breast phantom was built by Dr. Ernest Madsen of the University of Wisconsin and provides tissue-equivalent
scanning characteristics of highly scattering, predominantly parenchymal breast tissue. A X-ray CT scan was taken
after the manufacture of the breast phantom (Fig. 4c) to benchmark its anatomical structure.

Comparisons of the multi-grid tomography result with that of the standard fixed-grid tomography are shown in
Figure 4 for sound speed. Structures in the multi-grid tomograms in Figure 4a and the fixed-grid tomograms in
Figure 4b are generally consistent with the X-ray CT image in Figure 4c. The ultrasound scanning position was not
exactly matching the position in Fig. 4c, which partially explains the size mismatch of the inclusions between our
tomograms and Figure 4c.

Compared to the fixed-grid sound speed image in Figure 4b, the multi-grid sound speed image in Figure 4a contains
fewer artifacts. The small inclusions are more visible in Figure 4a, while they are buried in noise in Figure 4b.
3.2 In vivo study

To date, over 350 patients have been imaged with our ring array for both sound speed and attenuation distributions
within the breast. Here we show two examples (Figure 5 and Figure 6).

< 20 cm >
(a) Sound speed reconstruction with (b) Sound speed reconstruction with
the multi-grid tomography the fixed-grid tomography

Figure 5. (a) Sound speed reconstruction with the multi-grid tomography for the breast phantom. (b) Sound speed
reconstruction with the fixed-grid tomography for the same cross section as in (a).

20 cm

(a) Attenuation reconstruction with (b) Attenuation reconstruction with
the multi-grid tomography the fixed-grid tomography

Figure 6. (a) Attenuation reconstruction with the multi-grid tomography for the breast phantom. (b) Attenuation
reconstruction with the fixed-grid tomography for the same cross section as in (a).

Proc. of SPIE Vol. 8320 83200R-5

Downloaded from SPIE Digital Library on 27 Feb 2012 to 107.0.94.30. Terms of Use: http://spiedl.org/terms



One example is presented in Figure 5 for sound speed reconstruction. The breast in Figure 6 shows has a 55 x 47 x
37 mm invasive ductal carcinoma at 12:00 to 1:00 o’clock. The multi-grid sound speed image in Figure 5a shows
less contamination from “ray” artifacts when compared the fixed-grid sound speed image in Figure 5b.

In both Figure 5, the edges of the mass at 1:00 to 1:00 o’clock are better delineated in the multi-grid tomograms
(Figure 5a) than those in the fixed-grid tomograms (Figure 5b).

Another in vivo example is demonstrated in Figure 6 for attenuation reconstruction. The breast composition is
extremely dense. There is a 45 x 46 x 70 mm simple cyst at the 2 o'clock position. The ultrasound characteristics of
simple cyst are very close to that of water. Whose ultrasound attenuation is very low when compared to dense breast
tissue. Therefore, both attenuation images in Figure 6 clearly show the cyst.

The multi-grid tomogram in Figure 6a exhibit less disturbing artifacts and better reconstructions when compared to
the fixed-grid tomograms in Figure 6b. The dense tissue distribution in Figure 6a is much better illustrated than that
in Figure 6b. The improvement in image quality by the multi-grid methods is obvious.

4. DISCUSSION AND CONCLUSIONS

In this paper we have explained the procedures of using the multi-grid methods to simultaneously reconstruct breast
ultrasound sound speed and attenuation images. We have shown some images reconstructed with the multi-grid
methods and compared them with the corresponding fixed-grid reconstructions. We need to point out that no
regularization has been applied to all the multi-grid tomograms in this paper. However, we did apply regularization
to the fixed-grid tomograms to constrain the roughness of the images.

One of the advantages of the multi-grid methods as we mentioned above is that it can effectively reduce the
computational cost. For an average patient with total 96 breast ultrasound slices of data, we have compared the
number of floating point operations (FLOPs) of the multi-grid method to that of the fixed-grid methods in Table 1.
For the comparison in Table 1, we have assumed that, for the multi-grid methods, the forward grid progresses from
128 x 128 to 256 x 256 to 512 x 512, the inverse grid changes from 64 x64 to 128 x 128 to 256 x 256, and there are
5 iterations for the first grid level, 3 iterations for the second grid level and 2 iterations for the final grid level. For
the fixed-grid methods, we have taken 512 x 512 as the forward grid and 256 x 256 as the inverse grid for a total of
6 iterations. From Table 1, we can see that the multi-grid methods are able to effectively mitigate the computational
burden carried by the fixed-grid methods.

Table 1: Comparison of the number of FLOPs of the multi-grid methods with that of the fixed-grid methods

Forward grid Inverse grid FLOPs for Multi-grid FLOPs for Fixed-grid
(Trillions) (Trillions)
128 x 128 64 x 64 195 (5 iterations) n/a
256 x 256 128 x 128 470 (3 iterations) n/a
512 x512 256 x 256 1253 (2 iterations) 3761 (6 iterations)
Total FLOPs 1918 3761

Another advantage of the multi-grid tomography methods, as the comparisons show, is that it can effectively limit
the presence of artifacts that is associated with over iteration of the fine scale features. As we discussed previously,
fine scale features in the breast pose a stricter requirement on the closeness of the starting model to the true model.
By starting the inverse process on a coarse grid, we have ignored the fine scale features in the first few iterations and
only reconstructed the coarse scale features. This strategy not only speeds up the computation but also provides
better starting models for later iterations when the fine scale features gradually kick in, in the inversion process. In
other words, the final sound speed and attenuation images reconstructed using the multi-grid methods are insensitive
to the initial conditions for the inversion®.

Another thing we have noted for the multi-grid tomography is that more inversion iterations are needed for the first
coarse grid level than later fine grid levels because more efforts are needed to bring the homogeneous starting model
closer to the true model.
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