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ABSTRACT

The comparison of left and right mammograms is a common technique used by radiologists for the detection and
diagnosis of masses. In mammography, computer-aided detection (CAD) schemes using bilateral subtraction
technique have been reported. However, in breast ultrasonography, there are no reports on CAD schemes using
comparison of left and right breasts. In this study, we propose a scheme of false positive reduction based on
bilateral subtraction technique in whole breast ultrasound images. Mass candidate regions are detected by using
the information of edge directions. Bilateral breast images are registered with reference to the nipple positions
and skin lines. A false positive region is detected based on a comparison of the average gray values of a mass
candidate region and a region with the same position and same size as the candidate region in the contralateral
breast. In evaluating the effectiveness of the false positive reduction method, three normal and three abnormal
bilateral pairs of whole breast images were employed. These abnormal breasts included six masses larger than
5 mm in diameter. The sensitivity was 83% (5/6) with 13.8 (165/12) false positives per breast before applying
the proposed reduction method. By applying the method, false positives were reduced to 4.5 (54/12) per breast
without removing a true positive region. This preliminary study indicates that the bilateral subtraction technique
is effective for improving the performance of a CAD scheme in whole breast ultrasound images.
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1. INTRODUCTION

Breast cancer has had the highest incident rate among all women’s cancer since 1996 in Japan. Therefore, the
detection and treatment of breast masses at an early stage of breast masses are important tasks for radiologists
and surgeons. Currently, mammography and ultrasonography are used as reliable methods for early detection
of masses in breast cancer screening. Screening using mammography has been established for women over 40
years of age with the recommendation of the government in Japan. However, it has been reported that screening
using mammography together with ultrasonography is effective in the detection of breast cancer.1–3 It response
to that finding, the Japanese government decided to investigate the effectiveness of the combination screening
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for a five years interval between 2007 and 2011. In other words, the importance of ultrasonography in screening
is gained.

Some ultrasound (US) scanners for breast cancer screening have been developed. ALOKA Co., Ltd., Japan
has developed a whole breast US scanner ASU-1004. This scanner is a water path system and scans the whole
breast in three overlapping runs. U-Systems, Inc. has developed automated breast US system SomoVu. This
system sweeps the breast with wide-aperture linear transducer.

US images are difficult for inexperienced radiologists to interpret because the quality of US images is poorer
than that of mammograms. In addition, fatigue from interpreting of a large volume of US images is another
cause of oversights of masses. Therefore, computer-aided detection (CAD) schemes in assisting radiologists in
detecting breast masses and providing ”second opinion” have been studied by several research groups. Giger
et al. have reported an automatic lesion detection technique using a radial gradient index filtering.4–6 They
have also investigated breast mass classification using a Bayesian neural network and computer-extracted lesion
features.4,5, 7 Chang et al. have proposed a method that finds suspicious frames among whole breast US images
using watershed segmentation.8 They have also reported a fully automatic screening system for detection of
tumor regions.9 This system detect regions by using thresholding measure based on gray-level slicing. Fukuoka
et al. have developed a CAD scheme based on active contour and balloon models in 2-D and 3-D spaces.10 We
have also reported a method for the detection of masses in whole breast US screening images.11–13 Although a
number of computerized methods for reduction of false positives were used in these reports, there are no reports
on schemes using comparison of left and right breast US images. Normal left and right breasts are roughly
anatomical symmetrical, radiologists use this knowledge in interpreting mammograms. In mammography, CAD
schemes using bilateral subtraction technique have been reported.14,15 In this study, we propose a scheme of false
positive reduction based on bilateral subtraction technique in whole breast US images. The proposed scheme
is used to improve the performance of our CAD system.11–13 Moreover, we developed automated registration
scheme to use bilateral subtraction technique.

2. MATERIALS

2.1. Data acquisition

We employed whole breast US images which were obtained by Prosound-II SSD-5500 with whole breast scanner
ASU-1004 developed by ALOKA Co., Ltd., Japan. Overview of the ASU-1004 is shown in Fig. 1. This scanner
has a 6cm linear transducer probe with frequency range of 6-10 MHz, and the probe moves mechanically in the
water. A special membrane for US is stretched on the water and subject set her breast in a prone posture on the
membrane. The probe scans an area of 16 × 16 cm2 automatically in three overlapping runs with an overlapping
area is 1 cm in width. The depth interval between two consecutive views is 0.125-2 mm.

Figure 1. The whole breast ultrasound scanner ASU-1004. A breast is automatically scanned in three overlapping runs
and the scanning area is 16 × 16 cm2
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(a) (b)

Figure 2. Generation of a slice view of a whole breast. (a) The original three separate images. (b) A whole breast slice
view generated by integrating the images in (a).

Figure 3. Definition of coordinate axis

A view is generated by integrating three separate images13 as shown in Fig. 2. A whole breast image consists
of a number of slice views as shown in Fig. 3. The coordinate system used in this manuscript is also indicated
in Fig. 3.

2.2. Database
In this study, we employed whole breast images which consist of 160 - 171 slice views per breast. The distance
of each slice view was 1 mm, and slice width and height was 550 - 678 pixels and 418 - 422 pixels with 256 gray-
levels. Our database consisted of three normal and three abnormal bilateral pairs of whole breast cases. These
abnormal breasts included six masses larger than 5 mm in diameter with one malignant mass, one fibroadenoma
and four cysts. All cases were diagnosed by an experienced radiologist.

3. METHODS

In this section, first we will describe our method for masses detection. Secondly, we will introduce our proposed
bilateral subtraction technique for the reduction of false positives.

3.1. Detection and segmentation of mass candidates
Mass candidates detection was previously reported.11 A modified approach was used in this study and is described
in the following.

US images are always noisy and the brightness of these images varies with the cause of different gain settings
on US device. The median filter and hyteresis smoothing algorithm are applied to reduce noise and gray scale
transformation is employed to normalize brightness.
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(a) (b) (c)

Figure 4. (a) A schematic drawing of tissue layers in breast US images. (b)A normal breast ultrasound image consisting
of mainly near-horizontal edges. (c) An abnormal image with a mass showing near-horizontal and near-vertical edges.

(a) (b)

Figure 5. The combination of two edges to identify the mass candidates. (a) Two near-vertical edges. (b) A near-vertical
edge and a near-horizontal edge.

The breast volumes are segmented from the background by using gray level value thresholding with a threshold
level of 40 followed by a largest component selection. Connected to the image boundary and having a value of 0
are identified as the background. The breast volume is defined as the complement of the background.

Mass candidates are identified using edge directions in each breast region. A normal breast US image consist
of five main kinds of tissue, skin, subcutaneous fat, mammary gland, retro-mammary fat, and pectorals, as shown
in a schematic drawing in Fig. 4(a). While a normal image shown in Fig. 4(b) consists of mainly near-horizontal
edges, an abnormal image shown in Fig. 4(c) includes not only near-horizontal edges but also near-vertical edges
around the border of a mass. Therefore, these near-vertical edges are used as a cue to identify mass candidates
and a location with two pair edges as shown in Fig. 5 is determined as a mass candidates. In order to detect
edges, we adopted the Canny edge detector16 which has a higher detection rate for the desired edges and a lower
false detection rate for features that mimic the edges.

Mass candidates are segmented from the parenchymal background using the watershed algorithm.17,18 The
algorithm is one of the seed-based region growing techniques using gradient magnitude for thresholding. The
largest output among the segmented regions is extracted as a mass candidate region. An example image of
segmentation result is shown in Fig. 6.

For initial false positives reduction, four image features were used, i.e., average density features (ADF),
difference density feature (DDF), density gradient feature (DGF), and position feature (PF). The ADF is an
average density of the lowest 10% of cumulative histogram in a mass candidate region. The DDF is the difference
in average densities between a core region and a periphery region in the candidate region. The DGF is a measure
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(a) (b)

Figure 6. Mass candidate segmentation. (a) Original image. (b) Computer result image with a contour line of detected
mass which is a malignant mass.

of convergence of density gradient vector in a margin region on the candidate region. The PF is the vertical
distance between the center of gravity (xg, yg) in the candidate region and the extreme bottom of the breast
region (xg, yb). A rule-based technique based on these four features was used for initial false positives reduction.

3.2. Reduction of false positives based on bilateral subtraction technique

3.2.1. Comparing bilateral breasts

Normal left and right breasts on same subject are architectural symmetry. The symmetrical feature is employed
by radiologists as a useful tool in interpreting mammograms. Even if there is such a region like a mass, the region
is classified normal tissue if same position in the other breast image has similar feature region. We employed
this feature to reduce false positives in US images. The overall computerized bilateral subtraction technique
involves: (1) image feature extraction; (2) registration of bilateral breasts; and (3) reduction of false positives.
Three-dimesional breast images are used in all of the above procedures.

3.2.2. Image feature extraction

In order to align the left and right breast images, landmarks are needed to establish the correspondence between
the bilateral breast images. Skin line in each of slice view and nipple positions are extracted as landmarks for
such correspondence.

Fig. 7 shows average gray value of tissue-classified in a whole breast slice view after preprocessing. Each
tissue region was segmented manually. Skin region is depicted as the highest gray value of all tissues in whole
breast images. Initial skin regions are segmented from other tissue and the background by using gray level value
thresholding with a threshold level of 200. The segmented region with largest volume is determined as a skin
region of all other segmented regions. However, skin region is not segmented accurately, because part of skin
regions could be depicted lower gray value than the threshold level due to the nipple and artifact. Therefore, skin
region is approximated as a 2-variable polynominal of degree 2 by least squares method and the polynominal is
defined as the skin line S(x, yS , z) which is used as the breast border. The y-coordinate, yS , the skin line on a
view is given by

yS =
3∑

k=1

k∑

m=1

a(k−1)k/2+mxk−mzm−1, (1)

where ai is coefficient value of the polynominal.

To locate the nipple position, profile of the local gray value along the skin line is used. Fig. 8 shows a breast
slice view containing the nipple. Acoustic shadow posterior to the nipple is evidence and will decrease the average
gray level value in the vicinity of the nipple. Details of the procedure are described in the following.
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Figure 7. Average gray value of tissue-classified in a whole breast slice view after preprocessing.

Figure 8. Example of acoustic shadow caused by nipple.

First a nipple slice zN is determined using average gray value in a volume of interest (VOI). A nipple position
is located near the point with maximum value of y-axis in a breast region. The pixel of the point with maximize
value of yS in each slice is defined as (x′, y′

S , k) ∈ S(x, yS , z), k = 1, 2, . . . , n. A profile is calculated along the
(x′, y′

S , k) in each slice k, where average gray value at (x′, y′
S , k) is obtained by averaging the gray values within

the VOI, 40 by 10 by 13 mm in size. Fig. 9 shows an example of a profile obtained with this method. The slice
with the lowest average gray value in the VOI is determined as a nipple slice zN .

Secondly, nipple position (xN , yS , zN ) is determined using average gray value in a VOI. A profile is calculated
along the (i, yS , zN ), i = 1, 2, . . . , m in nipple slice zN , where average gray value at (i, yS , zN ) is obtained by
averaging the gray values within the VOI, 13 by 10 by 13 mm in size. Fig. 10 shows an example of a profile
obtained with this method. The position with the lowest average gray value in the VOI is determined as a nipple
postion (xN , yS , zN ).

3.2.3. Registration of bilateral breasts

A right whole breast is defined as a reference breast and a left whole breast is defined as a target breast. The
left breast is transformed to align with the right breast. The target breast is shifted to align the nipple position
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Figure 9. An average profile calculated along the (x′, y′
S , k) in each slice view, where average gray value at (x′, y′

S , k) is
obtained by averaging the gray values within a volume of interest. The arrow indicates the nipple slice number.

Figure 10. An average profile calculated along the (i, yS , zN ) in nipple slice, where average gray value at (i, yS , zN ) is
obtained by averaging the gray values within a volume of interest. The arrow indicates the nipple position.

to the reference breast nipple position. The translation vector T is given by

T = NR − NL, (2)

where NR and NL are the right and left breast nipple positions. Moreover, the shifted target breast BL(i, j, k)
is transformed to B′

L(i, j + d, k) to align the skin line with the skin line of reference breast. The translational
interval d is given by

d = ySR − ySL, (3)

where ySR and ySL are the right and shifted left breast skin lines.

Example slices after implementation of the registration is shown in Fig. 11.

3.2.4. Reduction of false positives

An average gray value of a mass candidate region detected by the above mentioned method is denoted as Im,
and the value of a region with the same position and same size as the mass candidate region in the contralateral
breast is denoted as Ic. If the gray value difference D given by D = Ic − Im is lower than the threshold value,
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(a) (b)

Figure 11. Left and right breast fusion image. (a) Fusion image before registration (b) Fusion image after registration.

the mass candidate region is eliminated as a false positive. The threshold value was 30 which was selected
empirically.

4. RESULTS

The false positive reduction scheme based on bilateral subtraction technique described here was evaluated using
our database mentioned in Section 2. Table 1 shows the performance of our detection method without the
subtraction technique and with the technique. The true positive (TP) rate of mass was 83% (5/6) both with and
without the technique. In contrast, the number of false positives (FPs) per breast before applying the technique
and after applying the technique were 13.8 (165/12) and 4.5 (54/12) per breast, respectively.

Example images of accurately reduced regions as a false positive are shown in Fig. 12. Left breast image in
Fig. 12 is registered and row 1 shows original images with a rectangle of region of interest (ROI). Row 2 shows
closeup images of the ROI. Solid contours described in row 2 images indicate false positive regions. These regions
are correctly eliminated by our proposed false positives reduction method using bilateral subtraction technique.

5. DISCUSSION

It was found that a scheme of false positive reduction based on bilateral subtraction technique in whole breast
US image can effectively reduce false positives because 67.3 % false positives were eliminated without removing
a true positive region. However, many false positives in the regions posterior to nipples were not detected. This
was because acoustic shadows formed in these regions varied due to slight differences in the nipple sizes and
shapes. Consequently, shadow regions in bilateral breast images are not all the same and many false positives
were not detected.

Table 1. Performance of proposed mass detection scheme without the subtraction technique and with the technique.

TP FP/breast

without 83% (5/6) 13.8 (165/12)
with 83% (5/6) 4.5 (54/12)
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Right breast Left breast

Figure 12. Examples of false positives reduction. Row 1: An original right breast image and a registrated left breast
breast image with rectangular of region of interests (ROI) as marked; row 2: Closeup images of the ROI. Solid contour
described in row 2 image is a false positive region. This region is accurately eliminated as a false positive region by our
proposed false positive reduction method using bilateral subtraction technique.

6. CONCLUSION

We proposed a bilateral subtraction technique to reduce false positives in mass candidate regions detected by
our detection scheme for whole breast US images. By using the method, the performance of our CAD system
was improved. It was found that the bilateral subtraction technique could reduce false positives effectively. In
the future, it is necessary to develop a method to reduce false positive regions in posterior to the nipple and to
confirm experimentally the reliablity and accuracy of the bilateral subtraction technique by employing a larger
database.
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