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A progressive processing method for breast cancer detection via
UWB based on an MRI-derived model*
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Ultra-wideband (UWB) microwave imaging is a promising method for breast cancer detection based on the large
contrast of electric parameters between the malignant tumor and its surrounded normal breast organisms. In the case of
multiple tumors being present, the conventional imaging approaches may be ineffective to detect all the tumors clearly. In
this paper, a progressive processing method is proposed for detecting more than one tumor. The method is divided into
three stages: primary detection, refocusing and image optimization. To test the feasibility of the approach, a numerical
breast model is developed based on the realistic magnetic resonance image (MRI). Two tumors are assumed embedded
in different positions. Successful detection of a 3.6 mm-diameter tumor at a depth of 42 mm is achieved. The correct
information of both tumors is shown in the reconstructed image, suggesting that the progressive processing method is

promising for multi-tumor detection.
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1. Introduction

Breast cancer is one of the malignant cancers for women.
Early detection can help improve the patient’s survival and
comfort. At present, X-ray mammography is the most com-
monly used technique for breast cancer detection. However,
this technique has a number of limitations including expo-
sure to ionizing radiation, relatively high missed- and false-
detection rates, and involves uncomfortable compression of
the breast.!1?]

Recently, the ultra-wide band (UWB) microwave imag-
ing technique has become very attractive for early breast can-
cer detection, which relies on the high dielectric contrast
between the malignant tumors and the surrounding normal
breast tissues.[>* This technique has many obvious advan-
tages, such as being safe, accurate, inexpensive, highly sen-
sitive and painless. By using the UWB signals, both the nec-
essary imaging resolution and an adequate penetration depth
can be ensured.! During detection, the microwave radiated
by the antenna illuminates the breast and there is a significant
reflection from the tumor. The reflected signals are captured
by the receiving antennas for reconstructing the breast image
to show if there are tumors embedded in the breast. Some be-
nign tumors may also have a high dielectric permittivity and
could produce a backscatter response similar to that generated
by malignant tumors. These benign tumors can be detected
by this approach as well. Currently, distinguishing between
malignant and benign tumors is principally based on the bio-
logical properties of the tumors.[®-8] There are also research
groups engaging in studying the electromagnetic properties of
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the tumors, [*>1% expecting that the backscatter responses from
malignant and benign tumors can be differentiated with a mi-
crowave detection technology.

In most clinical cases, breast cancer is unifocal,[! ] which
is considered as one tumor being present. Here we consider
the case of two tumors. In this case, conventional imaging
methods may fail to clearly identify the two tumors simulta-
neously. In this paper, a progressive processing method is pro-
posed which can effectively detect all embedded tumors. In
order to test the feasibility of the method, we use a numeri-
cal breast model extracted from the magnetic resonance image
(MRI) as the simulation model. This model includes various
breast tissues with two tumors inserted. A compact UWB an-
tenna is employed to transmit and receive UWB signals. Both
the conventional and the proposed methods are applied to the
image reconstruction and their performances are demonstrated
and compared.

This paper is organized as follows. Section 2 describes
the MRI-derived breast model and the imaging setup. Sec-
tion 3 presents the progressive processing method. Section
4 demonstrates the corresponding results. The feasibility is
confirmed by the successful detection of small tumors in dif-
ferent locations. Finally, the conclusions are summarized in
Section 5.

2. Breast model and imaging setup
2.1. MRI-derived breast model

Before clinical application, the UWB breast cancer de-

tection technique requires rigorous testing. Thus, rather
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than the square or ellipse model used in many research

s,117141 more realistic breast models in terms of

literature:
shape, size and electrical properties are highly desired. MRI
images are commonly employed to create models of this kind.
Figure 1(a) shows a breast tissue MRI image. Since the MRI
images are usually saved in grayscale, a breast model can be
extracted based on the grey value of each pixel. Figure 1(b)
shows the model we derived from the MRI image in Fig. 1(a).
This model is applied in our UWB breast cancer detection.
The MRI images are segmented to identify the interior of
the breast and are filled with fatty tissues. The skin layer
placed around the breast model has a varying thickness (be-
tween 2 mm and 3 mm). The glandular tissue and the chest
wall are selected by setting thresholds for the pixel intensi-
ties of the MRI images. Two tumor simulants are assumed
to be embedded in the breast.

of 3.6 mm is located at position (80 mm, 65 mm) in the x—

One tumor with a diameter

y plane and at the depth of 42 mm. The other one with a
diameter of 4 mm is located at position (100 mm, 56 mm)
and at the depth of 35 mm. The electrical properties extracted
from Ref. [15] are assigned to the tissues. The convolution
perfectly matched layer (CPML) is employed as the absorbing

boundary, which is very effective to prevent reflections from
16]

the breast model. !
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Fig. 1. (color online) MRI-derived breast model: (a) a magnetic res-
onance image, (b) geometry configuration of the breast model derived
from the MRI scan.

2.2. UWB antenna

The antenna design is the key part for UWB imaging. To
gather sufficient information for improving the image quality,
the antennas must be able to operate over a wide band of fre-
quencies and also be as small as possible so that enough anten-
nas can be arranged in the array. In this paper, a slot on-body
UWB antenna is chosen. This antenna has a very compact
size with overall dimensions of 11 mmx13 mm. The band-
width and the center frequency of the antenna are 12.5 GHz
and 6 GHz, respectively. A description of the detailed design
of the antenna was reported in Ref. [17].

2.3. Simulation process

In a UWB microwave imaging system, the resolution is
determined by the bandwidth. However, losses in tissues in-
crease with the frequency. The Gaussian monocycle pulse
given in Eq. (1) with the center frequency of 5 GHz is em-
ployed in this study, which allows the signals to propagate a
depth of a few centimeters into the breast without excessive
attenuation, providing an adequate breast examination.!'$:1%]
The excitation signal is of the form

v<r>=—¢é(zf) (r—mxexp(—;(zntf)z), 0

where 7; is the time shift factor, and 7 is the impulse width.
The bandwidth of the impulse is 9 GHz. This bandwidth rep-
resents a trade-off between the resolution and the tissue pene-

tration, which guarantees both good imaging quality and ade-
quate detection depth.
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Fig. 2. (color online) Array configuration consisting of 12 antennas.

As shown in Fig. 2, a 12-element antenna array (from Al
to A12) is formed around the surface of the breast. A matching
medium vaseline, which has a dielectric constant of 2.2, is ap-
plied to the skin for improving the performance of the antenna.
During the detection, the GMP is emitted from one antenna
alternately and the backscattered signals are collected by the
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other antennas. This step is repeated for all the antennas. The
recorded signals include direct waves, skin backscatter signals,
tumor backscatter signals and clutter signals due to the hetero-
geneity of the breast tissue. The tumor response can be ex-
tracted by subtracting the reference signals for the tumor-free
case from the recorded signals. These post-processed signals
will be employed for image reconstruction.

3. Progressive processing method

Two distinct methods are commonly employed for UWB
microwave imaging, called the confocal microwave imaging
(CMI) 2% and the robust capon beaming (RCB). (21]

The CMI method involves time-shifting and summing the
signals to create a synthetic focus. If a tumor exists at the fo-
cal point, the waveforms will add coherently. The clutter sig-
nals will add incoherently. Therefore, the tumor backscatter
signals are enhanced while the clutter signals are suppressed.
The RCB method exhibits higher resolution and better noise
suppression than the CMI. The principle of RCB is to find the
best weight vector to reduce the noise power.??!

Both the aforementioned methods are effective when only
one tumor exists. However, in the case of multiple tumors, it
may be difficult to clearly identify all tumors from the recon-
structed image simultaneously. The main reasons for this are
shown as follows.

1) It is more difficult to capture the tumor response from a
deeper embedded tumor as the attenuation of the signal is very
large in human tissue.

2) The distances between the tumors and the antennas are
different. The tumor that is embedded more closely to the an-
tenna array is expected to be more easily identified.

3) The contrast between a tumor and the surrounding
tissues differs in diverse regions since the realistic breast is
heterogeneous and the attenuation coefficients vary for differ-
ent surrounding tissues. The tumor which has larger contrast
and lower attenuation surrounding reflects the signal more
strongly.

Therefore, the response intensities from different tumors
are dissimilar. Tumors with relatively strong response can be
detected, while tumors with relatively weak response may be
treated as the clutter.

In order to solve this problem, we propose a progressive
processing method. The main idea of this method is that em-
ploying partial antennas to focus on one certain tumor so that
the tumors in different places can be detected respectively.
This method consists of three stages: primary diagnosis, re-
focusing and image optimization.

In the primary diagnosis stage, the antennas are posi-
tioned on the skin covering the breast. All recorded signals
are used to reconstruct the breast image by using the CMI
algorithm. Based on the reconstructed image, the suspected

tumor regions can be recognized as the primary diagnosis re-
sults. However, these regions cannot be confirmed to be tu-
mors or noise. The next stage is to confirm the suspected tu-
mor region.

In the refocusing stage, a limited number of antennas are
employed as an array pointing toward one certain region where
the tumor is suspected to exist. In this stage, the following
steps are taken.

1) Pick out the pixels whose intensities are greater than
70% of the maximum value. These pixels will form some iso-
lated pixel groups.

2) For each group in step 1), find Xmin, Xmax> Ymin> Ymin
of the pixels. The central point of this pixel group is defined
as P(xp,yp), where xp = (Xmin + Xmax)/2 and yp = (Ymin +
Ymax)/2. Assume there are M central points.

3) For P, which is the m-th central point, calculate the
distances between the antennas and the central point as fol-
lows:

Da,p, = \/ (xa, =xp,)* + (Va, = YB,), )

where A, is the n-th antenna. Find the minimum Day,p,, the
corresponding antenna is defined as A .

4) Select enough antennas surrounding Ap;, to form an
array. These antennas in the array must satisfy the following
condition: the angle, whose vertex is P,, formed by P, and
any two antennas is less than 90°. It can be expressed as

(xa, —xp,) - (xa, —xp,) + (ya, = ¥p,) - (A, —YP,)
DAme : DAqu
< 90°. (3)

arccos

5) Signals received by the selected array are employed to
create a breast image using the CMI algorithm. According to
the reconstructed image, if the intensity in this region is very
strong, a tumor is confirmed to exist in this region. If there is
no significantly strong intensity, no tumor exists.

6) Repeat step 3) to step 5) for all the central points in
turn. The reconstructed images are employed to confirm the
presence of tumors in the corresponding positions.

In the image optimization stage, the RCB algorithm is
applied to the case in which the tumor has been identified in
order to improve the clarity of the reconstructed image.

4. Results

In this section, the performance of the proposed progres-
sive processing method is demonstrated by comparing with
the CMI and the RCB algorithms. Figure 3 shows the images
obtained via the CMI and the RCB algorithms. In Fig. 3(a), tu-
mor 1 can be clearly identified from the reconstructed image.
However, tumor 2 cannot be confirmed since its response is
not strong enough. There is a possibility that this information
is treated as noisy when comparing with the response of tumor
1. In Fig. 3(b), it is obvious that the clutter signals are better
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suppressed when compared with those in Fig. 3(a). Neverthe-
less, only tumor 1 can be recognized, while it fails to detect
the other tumor.

150
120

90§

y/mm

60

30

0 30 60 90 120 150
z/mm
150 g

120 f

90

y/mm

60

30

0 30 60 90 120 150
z/mm

Fig. 3. (color online) Images reconstructed by employing signals ob-
tained from all antennas: (a) CMI algorithm, (b) RCB algorithm.

In the progressive processed method, figure 3(a) is con-
sidered as the primary diagnosis image. In the second stage,
the 12 antennas are divided into two groups. Group 1 is formed
by antenna 1 to antenna 6 pointing towards the region where
tumor 1 is suspected to exist. Group 2 is formed by antenna
7 to antenna 12 pointing towards the region where tumor 2 is
suspected to exist. Figure 4 displays the reconstructed images
using antenna group 1 and antenna group 2 respectively, in
which both tumors can be confirmed. In the third stage, for
obtaining high-quality images, the RCB algorithm is applied
to suppress noise. The reconstructed image is shown in Fig. 5.
Both tumors can be clearly observed. Define the position of
the maximum pixel value as the tumor location. Then the esti-
mated positions of tumor 1 and tumor 2 are (79 mm, 64.5 mm)
and (101 mm, 51 mm) in the x—y plane, respectively, which
show good agreement with their true locations.

The imaging results show that both CMI and RCB are
ineffective to detect all the tumors, while the progressive pro-
cessing method is proved to have the capability of detecting
multiple tumors.
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Fig. 4. (color online) Image reconstruction by CMI algorithm employ-

ing a partial antenna array: (a) for the case with antenna group 1 (from

Al to A6), (b) for the case with antenna group 2 (from A7 to A12).
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Fig. 5. (color online) Image reconstruction by RCB algorithm employ-
ing a partial antenna array: (a) for the case with antenna group 1 (from
Al to A6), (b) for the case with antenna group 2 (from A7 to A12).
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5. Conclusion

In this paper, breast cancer detection is performed with
an MRI-derived numerical model. A progressive process-
ing method for detecting multiple tumors is proposed and de-
scribed in detail. The imaging results obtained with the simu-
lation demonstrate the successful detection of a tumor as small
as 3.6 mm in diameter at a depth of 42 mm under the skin’s
surface. The correct locations of both tumors are found, sug-
gesting that the presented method is a promising approach
for multiple-tumor detection. Future work will involve using
more complex realistic breast models both in 2D and 3D to
optimize this method for accurate and rapid tumor detection;
and experimental studies using tissue phantoms will be carried
out to test the efficacy of the method.
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