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A B S T R A C T

Supersonic shear-wave elastography (SWE) has emerged as a useful imaging modality for breast lesion assess-
ment. Regions of interest (ROIs) were required to be specified for extracting features that characterize malignancy
of lesions. Although analyses have been performed in small rectangular ROIs identified manually by expert ob-
servers, the results were subject to observer variability and the analysis of small ROIs would potentially miss out
important features available in other parts of the lesion. Recent investigations extracted features from the entire
lesion segmented by B-mode ultrasound images either manually or semi-automatically, but lesion delineation
using existing techniques is time-consuming and prone to variability as intensive user interactions are required. In
addition, rich diagnostic features were available along the rim surrounding the lesion. The width of the rim
analyzed was subjectively and empirically determined by expert observers in previous studies after intensive
visual study on the images, which is time-consuming and susceptible to observer variability. This paper describes
an analysis pipeline to segment and classify lesions efficiently. The lesion boundary was first initialized and then
deformed based on energy fields generated by the dyadic wavelet transform. Features of the SWE images were
extracted from inside and outside of a lesion for different widths of the surrounding rim. Then, feature selection
was performed followed by the Support Vector Machine (SVM) classification. This strategy obviates the empirical
and time-consuming selection of the surrounding rim width before the analysis. The pipeline was evaluated on
137 lesions. Feature selection was performed 20 times using different sets of 14 lesions (7 malignant, 7 benign).
Leave-one-out SVM classification was performed in each of the 20 experiments with a mean sensitivity, specificity
and accuracy of 95.1%, 94.6% and 94.8% respectively. The pipeline took an average of 20 s to process a lesion.
The fact that this efficient pipeline generated classification accuracy superior to that of existing algorithms
suggests that improved efficiency did not compromise classification accuracy. The ability to streamline the
quantitative assessment of SWE images will potentially accelerate the adoption of the combined use of ultrasound
and elastography in clinical practice.
1. Introduction

As the most frequently diagnosed cancer in women, breast cancer is
also the second leading cause of cancer death among females in the
United States, with an estimated 41,070 breast cancer deaths in 2017 [1].
In Hong Kong, breast cancer is the most common cancer in female and the
number of cases diagnosed has tripled from 1993 to 2014 [2]. Accurate
detection and characterization of breast lesions can increase the chance
of survival significantly. Tissue elastic properties have important medical
applications in the field of breast lesion detection and treatment [3–5].
ember 2017; Accepted 12 December
Utilizing the fact that cancer tissue is generally stiffer than the soft
normal lesions, elasticity could help to differentiate benign from malig-
nant breast lesions [6,7].

Ultrasound elastography is an established modality for measuring
tissue elasticity [8] and is a valuable tool for breast lesion characteriza-
tion [9–11]. Two major types of ultrasound-based elasticity imaging
methods have been developed based on the physical quantity measured
[12]: Strain and shear-wave imaging. In strain imaging, a manual
compression is applied to the tissue to generate a displacement profile.
Strain can then be computed by taking the spatial gradient of the
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Fig. 1. B-mode ultrasound images of example benign (left column) and malignant (right
column) lesions with different conditions identified in biopsies.
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displacement profile [8]. However, strain depends on the stress applied,
which is difficult to reproduce when scanning different patients or the
same patient at different scanning sessions for serial monitoring.
Shear-wave imaging, or shear-wave elastography (SWE), involves
measuring shear-wave speed induced by an acoustic radiation force im-
pulse, which can be converted to Young's modulus, a direct quantifica-
tion of stiffness [8]. Radiation force impulses focused at different depth
are applied along an acoustic line to induce laterally traveling waves. The
speeds of these waves can be measured by ultrafast scanners [13–15]. An
image of Young's modulus can be generated by repeating this process for
a number of acoustic lines. Since Young's modulus is estimated directly
from SWE measurements without the knowledge of the force applied,
breast lesion features extracted from SWE were shown to be much more
reproducible than strain imaging [16].

Although previous studies have been performed to identify malignant
lesions from SWE breast images [15,17], existing methods are subject to
a number of major limitations. First, a region of interest (ROI) is required
to be identified before features can be extracted for lesion classification.
A predominant number of previous studies used a 2 � 2-mm square ROI
[18–24], which was translated by an observer to measure elasticities in
the stiffness portion of the lesion, and in the breast fatty tissue to allow
the calculation of the ratio of the elasticities between the lesion and the
fat [18–23]. The choice of the size of 2� 2 mm is arbitrary although this
size was used in a predominant number of SWE studies. Region-based
measurements, such as the mean and standard deviation of the elastic
modulus [17,18,24,25], vary with the size and the location of the ROI.
Also, the 2x2-mm square ROI covers only a small part of the lesion, and
therefore, the analysis in this ROI may miss important features exhibited
in other parts of the lesion. Although manual segmentation of the lesion
is an option for extracting the entire lesion for analysis, it is prone to
observer variability and is much more time-consuming than the square
ROI identification. In our previous experience [26], manual segmenta-
tion of a single lesion required on average 200s. This timing requirement
posed a major challenge in large-scale studies. Although semi-automatic
segmentation based on a level-set framework was used in Refs. [15,26],
boundary initialization required intensive user interactions that can take
up to 2.5 min, and time was not significantly saved as compared to
manual segmentation.

Although breast lesion segmentation algorithms have been proposed,
some do not provide a sufficient accuracy for accurate textural feature
extraction. Drukker et al. [27] applied the radial gradient index (RGI)
filtering technique to identify seed points for subsequent region growing.
This work focused on the detection of all lesions encompassing the
benign and malignant types, and the segmentation accuracy requirement
was lower than in our application that focused on benign and malignant
classification. Less than 20% of the lesions were segmented with an area
overlap of 80%, which is lower than the average area overlap of 82–90%
attainable by the algorithm proposed in the current paper. Yap et al. [28]
applied a histogram equalization–hybrid filtering–multifractal analysis
pipeline to pre-process the ultrasound image, and then applied region
growing with a range of threshold values used to control the growth of
each partition. The partition with the highest RGI was selected to be the
lesion boundary. Segmentation results of only 5 lesions were presented
visually without any quantitative performance evaluation in this pilot
study. In a later study, Yap et al. [29] reported 86% of lesions were
segmented with an area overlap larger than 40%, which were considered
“accurate”. Although this criterion for defining an “accurate” segmen-
tation was suitable in the lesion identification application, more accurate
boundaries were needed for textural feature extraction. The average area
overlap was not reported in Ref. [29], which did not allow for a more
stringent assessment of the segmentation accuracy. Shan et al. [30]
developed a method in which a rectangular ROI was automatically
identified; each pixel inside the ROI was classified as belonging to the
lesion or the background based on intensity, textural and distance fea-
tures of each pixel. The segmentation accuracy was much higher than the
previous two methods with an area overlap of 83%. A limitation of this
32
approach (or in general pixel-by-pixel classification approaches) is that
the lesion boundary smoothness was not considered. Ultrasound is a
directional modality; edges appear clearly if the lesion boundary is
perpendicular to the direction of ultrasound propagation (top and bottom
of the lesions), whereas “gaps” potentially appear on the left and right
sides of the lesions because the lesion interface is parallel to the direction
of propagation [31,32]. This effect was manifested in most cases in Fig. 1,
Fig. 4 (a) and Fig. 5(a, c). Shadowing would also lead to gaps in the lesion
boundaries, such as in the failure case described in Ref. [30] and Fig. 7(a,
k). The level-set deformation model that takes the boundary smoothness
into consideration would provide more accurate segmentation results for
these images, and therefore, was chosen in the current study.

In addition to measuring stiffness inside the lesion, there is a growing
interest in measuring stiffness along the surrounding rim of the lesion as
malignant tumors are characterized by desmoplastic reactions in the
surrounding tissue due to the infiltration of cancer cells into the inter-
stitial tissues or into the intraductal components [33]. Many recent
studies reported that malignant tumors were characterized by a “stiff
rim” with a low elastic modulus measured inside the tumor [23,34,35].
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This “black-hole” phenomenon as called in Ref. [34] is attributable to the
fact that shear-wave velocity cannot be reliably measured if the tumor is
too hard [34–36]. Although a previous quantitative study has tried to
characterize the elasticity features in the stiff rim to improve the accuracy
in malignancy classification [26], the width of the rim investigated was
subjectively and empirically selected (as 35 pixels in Ref. [26]), thereby
leading to variability in various elasticity measurements made within the
rim.

Although most studies described above extracted quantitative fea-
tures inside their chosen ROI [18–24], subjective categorical features
were extracted in a number of studies, limiting the inter-observer
reproducibility of the results. For example, a visually observed six-
point colour score was used to quantify maximum elasticity and three
categories were assigned to lesions to describe elasticity homogeneity in
Refs. [20,37]. Refs. [34,38,39] used four visual patterns to describe the
overall distribution of elastic modulus with in the entire SWE image.

Another source of variability arose from the dependence of some
useful stiffness features on user-specified parameters, and the determi-
nation of which is typically time-consuming. A notable example is the
“hardness degree” extracted in Ref. [26]. This metric quantified the
percent of pixels that were considered “hard”within an ROI and denoted
by %HardArea hereafter, and is dependent on the threshold used to
separate “hard” from “soft” pixels. In Ref. [26], the 50 kPa threshold was
determined after a 6 h study on 32 healthy volunteer images.

Zhang et al. [40] is a notable study that is not associated with the
above limitations. The intensity of the entire SWE image was used as the
input of a deep learning framework. For this reason, no ROI was required
to be identified. However, this algorithm required an average training
time of 4200 s although SWE images have already been downsampled by
ten-fold. This timing requirement is prohibitively long for multicentre
large-scale studies required for a thorough validation of the algorithm in
which data are associated with variability introduced by heterogeneous
imaging hardware and device settings. The long training time may also
make clinicians reluctant to incorporate the algorithm in the clinical
workflow.

This study focuses on the development of an analysis framework that
addresses the above issues. The framework consists of two major com-
ponents. First, a segmentation method was developed to delineate lesions
from B-mode ultrasound images. Segments in the automatically gener-
ated boundary that are likely to be inaccurate are flagged using a pre-
viously published technique [41] and revealed to the user; the user can
then decide whether editing is required to improve segmentation accu-
racy. The entire segmentation process requires approximately 20 s
including the time required for potential contour editing and 15 s if
editing time was excluded. Since 25% of the total time was spent in
contour editing, we performed statistical analysis to evaluate whether
manual contour editing benefits lesion classification. The second
component involves feature extraction from inside and the surrounding
rim of the lesion, feature selection and lesion classification based on
selected features. Features were extracted for different width settings of
the surrounding rim and %HardArea was computed using different
thresholds described above. Feature subsets were then selected to opti-
mize classification accuracy using a previously described feature selec-
tion technique [42,43]. The development of this framework obviates the
need to choose a specific width of the surrounding rim and a hardness
threshold empirically for feature extraction, thereby improving the
reproducibility of the results and saving the time required to determine
these user-specified parameters.

2. Materials and methods

2.1. Study subjects and image acquisition

187 patients (mean age 41 � 14 years; age range, 16–77 years) were
recruited by Third Affiliated Hospital of Sun Yat-Sen University,
Guangzhou, China. These patients underwent B-mode ultrasound and
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SWE imaging from June 2012 to April 2013. This study was approved by
institutional review board. Signed informed consent for the scientific
analysis of ultrasound images and histopathologic records was obtained
from all patients involved. Visible breast lesions were detected on routine
B-mode scans for these patients. Biopsies were subsequently performed
for these patients to either confirm or rule out malignancy. Two pa-
thologists with more than 10 years of experience performed core biopsy
or fine-needle aspiration cytology and confirmed that 113 lesions were
benign and 74 were malignant. The benign group consisted of lesions
with five conditions identified in biopsies including fibroadenoma (FA),
fibrocystic change (FCC), benign phyllodes tumour (BPT), papilloma (PL)
and inflammation (IF). The malignant group consisted of lesions with five
conditions including invasive ductal carcinoma (IDC), ductal carcinoma
in situ (DCIS), invasive lobular carcinoma (ILC), invasive papillary car-
cinoma (IPC) and mucinous carcinoma (MC). Fig. 1 shows an example B-
mode ultrasound image for each condition. B-mode ultrasound and SWE
images were acquired with an Aixplorer scanner (SuperSonic Imagine,
Aix en Provence, France). A 4- to 15-MHz linear array probe was kept still
for 10–20 s per scan by one of the three radiologists involved in this study
with at least 6 years of experience in breast ultrasound and 4 months of
training in breast SWE. In SWE image acquisition, the radiologist was
required to specify the imaging area or region of interest (ROI) with a box
displayed as shown in Fig. 2. The top image in Fig. 2 shows a grayscale
ultrasound image with the SWE image colour-coded and superimposed,
and the bottom image shows the ultrasound image alone. The size of this
ROI is 240 � 178 pixels with pixel size of 0.125mm � 0.125mm. The
total time for acquiring the ultrasound and SWE images was 10–15min
with SWE imaging taking about 5–10min.

2.2. Elasticity data decoding

The Airplorer scanner did not open the function to extract raw data
from the image when this study was performed. For this reason, the
radiologist did not have direct access to the raw elasticity data [26]. The
elasticity data acquired in Sec. 2.1 was only available in the form of the
SWE image displayed in Fig. 2. For this reason, there was a need for
decoding the SWE image based on the colour bar shown in the right-hand
corner of Fig. 2. The decoding method was described previously [26] and
is summarized below. Briefly, the ultrasound image shown in the bottom
of Fig. 2 was subtracted from the top image, resulting in the colour-coded
SWE image. The rainbow colour map represents a range of Young's
modulus from 0 to the maximum value in the SWE image by 2200 colours
from blue to red. The colour of each pixel in the SWE image was
compared with the 2200 colours in the colour map in order to map out
the Young's modulus at the pixel of interest. Upon completion of this
colour decoding process, the SWE image was available as a 2D matrix of
elastic modulus.

2.3. Lesion segmentation

Fig. 3 shows a flowchart illustrating operations involved in the pro-
posed segmentation algorithm. The algorithm can be fully automatic, but
allows optional user interaction at two places in the workflow to control
the segmentation accuracy. First, the boundary initialization algorithm
involves the detection of the lesion centroid, which has to be inside the
lesion for generation of an initial boundary that can be subsequently
optimized. Although the proposed automatic centroid estimation algo-
rithm could achieve that most of the time, the estimated centroid was
outside the lesion for cases in which too many false edges were detected
by the radial bas-relief algorithm. In such a case, the user was required to
relocate the centroid. Although methods were previously proposed to
initialize lesions, the outputs of the previous initialization procedures
were in the form of a seed [44] or a rectangular ROI [29]. A closed
contour was required in this study for level-set deformation, which
necessitated the development of our initialization technique. Second,
after the initial lesion boundary was optimized by the level-set algorithm,



Fig. 2. Elastography and B-mode ultrasound image display. The top image shows the B-mode ultrasound image with the SWE image colour-coded and superimposed. The bottom image
shows the B-mode ultrasound image alone. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

Fig. 3. Flowchart of the proposed breast lesion segmentation framework. (a) shows the overall block diagram and (b) illustrates steps involved in generating the initial contour.
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a previously described algorithm [41] was applied to assess the local
accuracy of the contour based on the image contrast in the vicinity of the
boundary, and highlight inaccurate locations in the boundary deter-
mined by the algorithm. Operators can choose whether to edit the
highlighted segment of the contour.

2.3.1. Lesion boundary initialization
First, the radial the radial bas-relief (RBR) method [45] was applied

to generate an edge map for the 2D B-mode ultrasound image. The
essence of this algorithm has been previously described and applied in
segmenting prostate boundary from transrectal ultrasound images [41].
Briefly, the gray-level of the B-mode ultrasound image was first adjusted
by subtracting the minimum intensity over the whole image, denoted by
Imin, thereby producing an image N:
34
Nði; jÞ ¼ Iði; jÞ � Imin (1)

Then, Nwas inverted and enlarged about the image center by a factor
k ð> 1Þ. The resulting image was summed with the N, producing a new
image f:

f ði; jÞ ¼ Nði; jÞ þ 255� Nðki; kjÞ (2)

f is the difference between N and its enlarged version with an offset of
255. We observed in our studies that the boundaries of both malignant
and benign lesions are echogenic and brighter than neighbouring struc-
tures due to ultrasound reflection. This observation holds true even in
lesions with localized echogenic structures such as the DCIS and IPC
examples shown in Fig. 1. A number of previous studies reported a
similar finding [46–48], which also indicated that both malignant and



Fig. 4. (a) An example B-mode breast lesion ultrasound image and (b) its corresponding
RBR edge map. The red asterisk represents the estimated seed point and the blue arrows
point to edge features that do not belong to the lesion boundary. (For interpretation of the
references to colour in this figure legend, the reader is referred to the Web version of
this article.)
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benign lesions are darker than glandular tissues or fat. Thus, Nði; jÞ >
Nðki; kjÞ at the boundary of the lesion in Eq. (2). k was chosen to be 1.09
Fig. 5. Two example breast lesion images demonstrating that false edges cannot be removed by
are shown in the first column (i.e., a, c). The edge maps corresponding to (a) and (c) are shown
The value superimposed on each of the connected regions shows its size in terms of the numb
interpretation of the references to colour in this figure legend, the reader is referred to the We
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to account for the width of the boundary. The boundaries were extracted
by binarizing the processed image using a threshold of 255. To remove
non-boundary edge features generated by noise and small structures in
the image, the binarized image was smoothed by morphological closing
operation (dilation followed by erosion) with a structuring element of
size 3� 4 pixels. This operation also had an effect of filling small holes in
large edge structures. Regions with an area larger than 1% of the image
area were retained as edge features. The centroid of the edge feature was
used as the seed point for subsequently segmentation steps.

An example B-mode breast lesion ultrasound image is shown in
Fig. 4(a), and the RBR edge map generated for this image and the esti-
mated seed point are shown in Fig. 4(b). Unavoidably, edge features not
belonging to the lesion boundary were detected by the RBR algorithm
(blue arrows in Fig. 4(b)). As the seed point was estimated as the centroid
of all edge features, there was a possibility that the estimated seed point
was outside the lesion or lying on an edge. The occurrence of these events
has an adverse impact on subsequent steps. One possible strategy would
be to select the largest connected region in the edge map before identi-
fying the centroid. We experimented with this approach but found that it
is not feasible. Fig. 5 showed two examples, in each of which the largest
connected regions are non-boundary edges. In the segmentation work-
flow of this algorithm, an observer was allowed to inspect the estimated
seed point and then determine whether the seed point was required to be
relocated. Out of the 187 images investigated in this study, 21 lesions
required the relocation of seed points by an expert observer as shown in
Fig. 7. This accuracy is comparable to the 85% accuracy achieved by
Ref. [44].

To remove non-boundary edge features, the highlighted edge features
in the RBR image were first grouped into multiple connected regions,
with each connected region colour coded in the same colour as shown in
Fig. 6(a). In such a colour-coded map, a line was drawn from the seed
point to each pixel inside each connected region Ci. If the line intersected
another connected region before reaching the pixel, the connected region
Ci would be regarded as a non-boundary edge and removed from the
binarized RBR image. For example, since the line cast from the seed point
to a pixel inside the connected region C2 intersects connected region C6,
C2 was discarded from the RBR image. The refined RBR edge map is
extracting the largest connected region in the edge maps. The B-mode ultrasound images
in (b) and (d) respectively, in which connected regions are highlighted in different colours.
er of pixels. The black contours in (b) and (d) are manually segmented boundaries. (For
b version of this article.)



Fig. 6. Edge maps of an example lesion illustrating the non-boundary edge removal
operation. (a) Edge maps generated by the radial bas-relief (RBR) algorithm, with con-
nected edge components highlighted in different colours. (b) Refined RBR edge map after
the non-boundary removal operation. (For interpretation of the references to colour in this
figure legend, the reader is referred to the Web version of this article.)

Fig. 7. Six example lesions in which manual relocation of seed points was required. The
left column shows the ultrasound images and the right column shows the radial bas-relief
(RBR) edge maps. The red boundaries represent the manually segmented boundaries and
the blue crosses on the right column represents the automatically identified seed points
that required manual editing. (For interpretation of the references to colour in this figure
legend, the reader is referred to the Web version of this article.)
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shown in Fig. 6(b).
Since the boundary shown in the refined RBR edge map was thick

(Fig. 8(a)), there was a need to extract a closed boundary from the edge
map. To achieve this, we sampled the inner and outer boundaries uni-
formly with 20 radial angles about the estimated seed point, which are
represented in green and blue respectively in Fig. 8(a). With this sam-
pling rate, we found in our experiment that line segments connecting
adjacent sampling points are able to converge to an accurate edge
through level-set deformation. The first estimation of the initial bound-
ary, represented in red in Fig. 8 and denoted by B1 hereafter, was ob-
tained by establishing and averaging corresponding points in the inner
and outer boundaries. As shown in Fig. 8(b), B1 enclosed the lesion as
well as the bright region outside of the lesion on the near side of the
transducer (top of Fig. 8(b)). Therefore, there was a need to refine B1 to
exclude this region. To achieve this, the region enclosed by B1 was
smoothed by an isotropic diffusion operation guided by Gabor filters as
described in Ref. [49]. This operation has been shown to reduce speckle
noise and preserve edge information. The smoothed image for an
example lesion is shown in Fig. 9. K-means clustering was then applied to
extract the bright region outside the lesion, and the extracted region is
shown in white in Fig. 9(b). The refined lesion area was obtained by
subtracting the region enclosed by B1 (i.e., Fig. 8(c)) by the extracted
region shown in Fig. 9(b). The resulting region shown in Fig. 9(c) was
extracted by sampling the boundary of the largest connected region in
Fig. 9(c), resulting in the red contour in Fig. 9(c) and (d), denoted by B2

hereafter. B2 was used in initializing the subsequent level-set deforma-
tion described in the next sub-section.

2.3.2. Level-set deformation
Due to the low signal-to-noise ratio and the abundance non-boundary

edge features in breast ultrasound images, conventional edge-based en-
ergy field may not be sufficient to drive the active contour to the lesion
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boundary. In this paper, we applied both the edge-based and region-
based energy fields together to drive a level-set deformation model.
The dyadic wavelet transform (DWT) algorithm used to generate both
energy fields has been described previously [41] and is briefly summa-
rized here. In the iterative decomposition framework used for DWT, the
original image is considered as the level-0 approximate coefficients. At
the jth decomposition, level- ðj� 1Þ approximate coefficients was
decomposed into one set of level-j approximate coefficients and two sets
of level-j wavelet coefficients. The approximate coefficients represent a
smoothed version of the original image obtained at scale j, which gets
coarser with the increase of j. The two sets of wavelet coefficients



Fig. 8. The first estimation of the lesion boundary, denoted by B1, is shown as a red
contour in (a) the refined RBR edge map and (b) the B-mode ultrasound image. B1 is the
centerline of the inner and outer boundaries extracted from (a). The inner and outer
boundaries are shown in green and blue respectively in (a) and (b). (c) shows the region
enclosed by B1. (For interpretation of the references to colour in this figure legend, the
reader is referred to the Web version of this article.)
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represent the vertical and horizontal components of the gradient of the
smoothed image obtained at scale j� 1. For the level-set deformable
model used in this work, the approximate coefficient was used to define
the region-based energy field, while the modulus of the two sets wavelet
coefficients was used to define the edge-based energy field. The scale j in
which the approximate andwavelet coefficients were obtained was tuned
as described in the latter part of this section. The approximate coefficient
and modulus of the two sets of wavelet coefficients obtained for the
example lesion shown in Fig. 4(a) at the 5th decomposition are shown in
Fig. 10.

We applied the level set framework described in Ref. [50] to deform
B2 shown in Fig. 9. This framework updated the level set function ϕ
within a narrow band close to the zero level set to reduce computational
time required for boundary optimization. Let Ω⊂R2 be the image domain
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and C be the contour to be deformed. In the level set framework, C is
represented implicitly by a zero level set of a function ϕ(i.e.,
C ¼ fðx; yÞ 2 Ωjϕðx; yÞ ¼ 0g). ϕðx; yÞ was initialized as the signed dis-
tance from B2 with ϕðx; yÞ < 0 inside B2 and ϕðx; yÞ > 0 outside B2. The
function ϕ evolved according to the following equation:

∂ϕðxÞ
∂t þrE

����rϕðxÞ
���� ¼ 0; (3)

where E is the weighted sum of the edge-based and region-based energy
fields, denoted by Eedge and Eregion respectively:

E ¼ ωsEedge þ ωrEregion; (4)

where ωs and ωr are constants quantifying weights assigned to the two
energy terms. The curve evolution stops when the area changes in two
iterations smaller than 1/500 or a maximum of 200 iterations is reached.

Eedge is a function of (i) the modulus of the two sets of wavelet co-
efficients, denoted by M, (ii) the distance from the initial contour B2 and
(iii) the smoothness of the contour as defined below:

Eedge ¼ ∫
C
fgMðx; yÞδε½ϕðx; yÞ � þ βd½ðx; yÞ;B2 � gjC0ðx; yÞjdxdy; (5)

where gMðx; yÞ ¼ maxðu;vÞ2ΩMðu; vÞ �Mðx; yÞ, δε is the regularized Dirac
function:

δε ¼
8<
:

0 jxj > ε

1
2ε

�
1þ cos

ðπxÞ
ε

�
jxj � ε

(6)

with the small constant ε chosen to be 5 pixels in this study. d [ðx; yÞ, B2]
is the absolute distance between a point ðx; yÞ to the initial contour B2,
and C0 denotes the first derivative of the contour. The first term drives the
contour towards edge features, and the second term prevents leakage at
segments of the boundary where the edge is not strong enough by
penalizing the distance from the initial contour. The weight of the second
term β must be properly selected so that while imposing a constraint on
the deviation from B2, Eedge also allows flexibility for the contour to
converge to the edge. The two terms were multiplied by the magnitude of
the derivative of the curve to maintain a degree of smoothness.

Eregion is a region-based energy field aiming to minimize the image
intensity variances in regions interior and exterior of the lesion as pre-
viously described [41] and defined as:

Eregion ¼ ∫ interiorðCÞ½Aðx; yÞ � Uinðx; yÞ�2dxdy
þ∫ exteriorðCÞ½Aðx; yÞ � Uoutðx; yÞ�2dxdy;

(7)

where C is the contour being deformed, A is the smoothed image ob-
tained using DWT approximate coefficient shown as Fig. 10(a).

Since the B-mode ultrasound images are highly inhomogeneous in-
side and outside the breast lesion, instead of using the unweighted av-
erages to calculate Eregion as in Chan and Vese [51], Uin and Uout were
defined as locally weighted averages of A inside and outside the contour
respectively. For each pixel ðx; yÞ, this weight was assigned by a Gaussian
kernel centred at ðx; yÞ with a standard deviation of r:

Gðx;y;rÞðu; vÞ ¼ exp
�
� u2 þ v2

2r2

�
(8)

Uinðx; yÞ and Uoutðx; yÞ are given by:

Uinðx; yÞ ¼
∫ insideðCÞGðx;y;rÞðu; vÞAðu; vÞ ¼ dudv

∫ insideðCÞGðx;y;rÞðu; vÞdudv ; (9)



Fig. 9. Illustration of the steps involved in extracting B2, the lesion boundary used as the initial contour of subsequent level-set deformation. (a) shows a smoothed image of the lesion. The
region in the B-mode ultrasound image enclosed by B1, the first estimation of the lesion boundary shown in Fig. 8, was smoothed using an isotropic diffusion. (b) The white area represents
bright regions in the B-mode ultrasound image to be excluded from the refined lesion area as determined by K-means clustering of the image shown in (a). (c) The refined lesion area and
(d) the B-mode ultrasound image with B2 superimposed.

Fig. 10. Result of dyadic wavelet transform of an example lesion. (a) Approximate co-
efficient for region-based energy field. (b) Wavelet coefficient for edge-based energy field.

Fig. 11. Manual intervention scheme. (a) Algorithm segmentation result with suspicious
segments on its boundary labeled in yellow. (b) Segmentation result after manual inter-
vention was shown in blue. The red contour represents the manually segmented contour.
(For interpretation of the references to colour in this figure legend, the reader is referred to
the Web version of this article.)

Y. Yu et al. Computers in Biology and Medicine 93 (2018) 31–46

38



Y. Yu et al. Computers in Biology and Medicine 93 (2018) 31–46
Uoutðx; yÞ ¼
∫ outsideðCÞGðx;y;rÞðu; vÞAðu; vÞdudv

: (10)
Fig. 12. (a) Peri-tumoral margins with different widths for feature extraction. (b) ROIs

encompassing the lesion and peri-tumoral margin are denoted by fWTig5i¼1 with WT0

denoting the lesion alone. (b) ROIs covering only the margins are denoted by fNTig5i¼1.
∫ outsideðCÞGðx;y;rÞðu; vÞdudv

Notably, this model has a number of parameters including the weight
of the energy terms (i.e., ωe, ωr , β), the standard deviation of the Gaussian
kernel (i.e., r) and the scale parameter j for DWT. These parameters were
initialized empirically and sequentially optimized by changing a single
parameter while keeping other parameters unchanged. The parameter
generating the minimummean absolute difference (MAD defined later in
Eq. (11)) was chosen as optimum. As this is sequential optimization
technique, the optimized parameters are not guaranteed to be the global
optimum.

2.3.3. Identification of local inaccuracy in lesion boundary
Fig. 11(a) shows the B-mode ultrasound image with the contour

optimized by level-set deformation described in Sec. 2.3.2. A previously
described error detection mechanism was applied to automatically label
the points that are suspected to be inaccurate on the lesion boundary
[41]. Briefly, the segmented contour was sampled uniformly with a
0.25mm interval. Inside the circular neighbourhood with radius r
centered at each sample point ðx; yÞ as shown in Fig. 11(a), the green
region is inside the lesion and the red region is outside. Since the lesion is
expected to be darker than its surrounding, the average gray level in the
red region, denoted by Iinðx; yÞ, is expected to be lower than that in the
green region, denoted by Ioutðx; yÞ. A point ðx; yÞ on the lesion boundary
was classified as a potential inaccurate point if Iinðx; yÞ > Ioutðx; yÞ. A
segment on the boundary connecting two points was highlighted in
yellow if at least one point was identified as a potential inaccurate point
as shown in Fig. 11(a). A user would then choose whether to edit the
suspicious segment. The blue contour in Fig. 11(b) is the lesion boundary
after editing was performed and the red contour is the manually
segmented boundary.

2.3.4. Segmentation evaluation
An expert radiologist manually segmented all lesions and the manual

contours served as gold standard in evaluation. Distance-based (a, b, c
below) and area-based metrics (d, e, f below) were used to quantify the
difference between the manually outlined contour and the computer-
generated contour: (a) MAD, mean absolute distance; (b) MAXD,
maximum absolute distance; (c) PC, percentage of points with difference
less than 10 pixels; (d) AO, area overlap; (e) AD, area difference; (f) DSC,
Dice similarity coefficient. These metrics are defined as follows:

MAD ¼
XK
i¼1

dðci;MÞ; (11)

MAXD ¼ max
i2½1;K�

dðci;MÞ; (12)

PC ¼ no: of vertices in C with dðci;MÞ < 10 pixels
K

; (13)

AO ¼ jΩS \ ΩM j
jΩS [ ΩM j � 100%; (14)

AD ¼ jΩS � ΩM j
jΩM j � 100%; (15)

DSC ¼ 2jΩS \ ΩM j
jΩM j þ jΩSj � 100%; (16)

where K is the total number of vertices of the contour C, which is a set of
vertices, denoted by fci : k ¼ 1:::ng, produced by uniformly sampling the
level-set contour. dðci;MÞ is the minimum distance from the vertex ci to
manually outlined contour. ΩC and ΩM denote the regions inside the
computer-generated contour C and manually outlined contour M
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respectively. j⋅j denotes the area of the region specified in the operand.

2.4. Feature extraction and classification

A major contribution of the proposed algorithm is that it allows
flexible and automatic selection of two major parameters to optimize
classification results: (a) The width of the margin or rim surrounding the
lesion in which features were extracted and (b) the threshold of Young's
modulus above which a pixel in the SWE image is characterized as
“hard”. This threshold is required to compute %HardArea, the percent
area inside an ROI considered as “hard”, which was an important
parameter in discriminating malignant and benign lesions [26], but de-
pends on the threshold. Specifically, the approach involved extracting
features with different margin widths and thresholds. A feature selection
algorithm was trained to pick out the most useful features for optimizing
classification accuracy. Finally, a trained support vector machine (SVM)
model was applied to perform the final classification.

2.4.1. Generation of peri-tumoral margins
We applied the morphologic dilation operation to generate margins
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with widths 0, 11, 22, 33, 44, 55 pixels (corresponding to physical sizes
of 0–5mm) along the boundary of the segmented tumor. The peri-
tumoral margins with different widths are shown in Fig. 12(a). The
area within the green line is the tumor area segmented either manually or
using the algorithm described in Sec. 2.3. Here, we denote the union of
peri-tumoral margins and the tumor area by fWTig5i¼1 (Fig. 12(b)) and

the surrounding rim alone without the tumor by fNTig5i¼1 (Fig. 12(c)). In
addition,WT0 refers to the tumor area alone without the rim (Fig. 12(b)).
The complement of a region was expressed by adding an upper bar to the
symbol denoting the region (e.g.,WT1) as shown in Fig. 12(b) and (c). In
summary, features were extracted from a total of 11 regions described
above (i.e., fWTig5i¼0 and fNTig5i¼1).

2.4.2. Feature extraction
For each of the 11 regions described above, a total of 26 features were

extracted that include:

(a) 4 first-order textural features described in Sec. 2.4.3.
(b) 16 second-order textural features derived from the gray-level co-

occurrence matrix (GLCM) described in Sec. 2.4.4.
(c) 6 measures of percent of “hard” pixels inside the region, %Har-

dArea, computed based on 6 different thresholds described in Sec.
2.4.5.

Feature groups (a) and (c) were previously shown to be important
features for breast lesion classification in Ref. [26], although %HardArea
was obtained using the threshold of 50 kPa only. The current study
attempted to combine the %HardArea features obtained at different
thresholds to improve the classification accuracy. Since the scale of the
textural features are shown to be important in distinguishing benign and
malignant lesions in Ref. [15], the GLCM feature groups described in
Item (b) were used to capture textural features of different scales.

2.4.3. First-order features
The mean, maximum and standard deviation of the elasticity were

denoted by Mean, Max and STD as defined below. For each region, the
ratio between the mean elasticity inside and outside of the region was
extracted as a feature and denoted by ER. In the following definition,
EðpiÞ denotes the Young's modulus at the pixel pi, j⋅j denotes the area of
the region specified by the operand. The subscript R in the following
definitions represents the region in which the feature was extracted, and
R represents the complement of the region.

MeanR ¼
P

pi2REðpiÞ
jRj (17)

MaxR ¼ max
pi2R

EðpiÞ (18)

STDR ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1
jRj � 1

X
pi2R

ðEðpiÞ �MeanRÞ2
s

(19)

ERR ¼ MeanR
MeanR

(20)

Mean and Max reflect the stiffness of the tissue within different re-
gions, STD reflects the degree of heterogeneity, and ER is a stiffness
measurement normalized across images.

2.4.4. Gray-level co-occurrence matrix measures (GLCM)
GLCM pioneered by Haralick et al. [52] is a two-dimensional histo-

gram with the co-occurrence element Cθ
dði; jÞ specifying the number of

pixel pairs with gray levels i and j with the pixel with gray level j located
at a distance d and direction θ from the pixel with gray level i. In this
work, co-occurrence was computed for d ¼ 1; 5; 10; 20 pixels and 4
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orientations, including 0�, 45�, 90�, 135�, for 180 intensity bins, and
Pdði; jÞ in the following definitions is the summation of all Cθ

dði; jÞ with
θ¼ 0∘, 90∘, 135∘ or 180∘ for each of the four d settings. Four measures
were computed for each region and in each of the four d settings to obtain
textural features of different scales: Contrast (C), correlation (Corr), en-
ergy and homogeneity (Homo) as defined below:

CR ¼
X
i;j

ji� jjPdði; jÞ; (21)

EnergyR ¼
X
i;j

Pdði; jÞ2; (22)

CorrR ¼
X
i;j

ði� μiÞ
�
j� μj

�
Pdði; jÞ

σiσj
; (23)

HomoR ¼
X
i;j

Pdði; jÞ
1þ ji� jj; (24)

where the averages and standard deviations used in Eq. (23) are defined
as follows: μi ¼

P
i;j
iPdði; jÞ, μj ¼

P
i;j
jPdði; jÞ, σi ¼

P
i;j
ði� μiÞ2Pdði; jÞ,

σj ¼
P
i;j
ðj� μjÞ2Pdði; jÞ.

2.4.5. Percent of “hard” pixels (%HardArea)
The percentage of pixels that were “hard” within each region was

quantified using 6 different thresholds, 20–70 kPa with a 10 kPa incre-
ment, denoted by k in the following equation:

%HardAreaR ¼ jfpijEðpiÞ � kg \ Rj
jRj � 100% (25)

2.4.6. Feature selection
A total of 286 features (11 regions � 26 features/region) were

extracted as described in Sec. 2.4.2. Features important for classification
was chosen by a mutual-information-based feature selection algorithm
previously described [42,43] and briefly summarized here. This is a
sequential forward searching algorithm that selects a feature in each
iteration based on a set of training data. The selected feature set, denoted
by S, was initialized to be an empty set. At each iteration, the algorithm
selects a feature fm from the set of unselected features that maximizes
IðSþ fm; LÞ, the quadratic mutual information (QMI) between the feature
set Sþ fm and the binary label L indicating whether lesions are malignant
or benign. Mutual information is a metric used to quantify the depen-
dence of two variables and Shannon's MI is by no means the only metric
available for this purpose [53]. A major disadvantage of Shannon's MI is
that it is computationally intensive due to the need for integrating
probability density functions. QMI does not have this requirement and
was introduced to alleviate the computational burden. The conditional
and marginal pdfs required for computing QMI were estimated by the
Parzen window estimator as described in Refs. [42,54]. High IðSþ fm; LÞ
indicates that the knowledge of the feature subset Sþ fm has removed
much uncertainty in determining whether a tumor is malignant or not,
and therefore, adding fm to S benefits subsequent classification. In
addition to its correlation with the label (i.e., L), a selected feature should
provide new information that has not been represented in the subset of
features already been selected (i.e., S). In this work, the feature similarity
criterion (FSC) introduced in Ref. [42] was used to quantify the similarity
between a candidate feature fm and S:

FSCðfmÞ ¼ argmax
fi2S

Iðfm; fiÞ
HðfiÞ : (26)

FSCðfmÞ � 1 and a large FSC indicates that fm provide similar information
to S, and thus, can be considered a redundant feature. We define a



Fig. 13. Workflow of the feature selection and classification evaluation.
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redundant feature as those having FSCðfmÞ � 0:9 as in Ref. [42]. In this
study, we exhaustively loop through the whole group of 286 features,
each time selecting a feature fm with the highest IðSþ fm; LÞ among un-
selected features. FSCðfmÞwas then evaluated and fm was only added to S
if FSCðfmÞ < 0:9.

2.4.7. Classification
After feature selection, the selected features are input to the SVM

classifier implemented in MATLAB. The linear kernel was used to map
the training data into kernel space by separating the data with a hyper-
plane. The penalty parameter was tuned according to Sec. 3. Testing data
were then classified based on the trained hyperplane model.

3. Experimental methods

Parameters used in the level-set deformation and wavelet decompo-
sition were tuned using 50 images with 25 benign and 25 malignant le-
sions. The remaining 137 images were used to evaluate the performance
of the segmentation algorithm based on the metrics described in Sec.
2.3.4. As described in Sec. 2.3.1, after the first initialization, B1, had been
obtained, a diffusion filter was used to remove bright regions inside the
initial contours, resulting in the second initialization, B2, which were
optimized by level-set deformation. To evaluate the effect of the intro-
duction of this bright region removal step, the level-set deformation al-
gorithm was executed twice, once initialized by B1 and once initialized
by B2. These two experimental settings are referred to as B1 and B2 ini-
tializations hereafter for easy reference. Themost time-consuming part of
our segmentation algorithm is on the manual editing of potentially
inaccurate point identified by the automatic detection scheme described
in Sec. 2.3.3. For this reason, it is important to assess the impact of this
step. We made this assessment in two perspectives. First, the boundary
generated by the B2 initialization setting was manually edited according
to Sec. 2.3.3. The accuracy of the boundaries segmented with and
without manual editing was compared in terms of the metrics detailed in
Sec. 2.3.4. Second, the impact of manual editing was assessed by
comparing the sensitivities, specificities, accuracies, positive and nega-
tive predictive values (PPV and NPV respectively) and the Youden's index
of lesion malignancy classification obtained based on the lesion bound-
aries generated with and without editing. Youden's index is a summary
statistic of classification performance that takes into account false posi-
tives and negatives, and is computed by sensitivity þ specificity - 1.

In addition to the effect of manual editing, the impact of extracting
features from the algorithm generated ROI in lieu of the manual ROI on
lesion classification accuracy was evaluated. In this study, lesion classi-
fications were performed based on three sets of lesion boundaries and
compared: (I) Manual boundaries, algorithm boundaries generated in the
B2 initialization setting (II) without manual editing and (III) with manual
editing described in Sec. 2.3.3. These three experimental settings are
referred to as Settings I, II and III hereafter for easy reference.

Fig. 13 shows the classification evaluation workflow in each setting.
The same 50 lesions (25 benign, 25 malignant) used for tuning seg-
mentation parameters were used to tune the penalty parameter of SVM,
denoted by C. In tuning C, we first randomly selected 5 malignant and 5
benign lesions out of the 50 lesions for feature selection as described in
Sec. 2.4.6. Based on the selected features, leave-one-out cross-validation
was performed for the remaining 40 lesions 21 times, each time using a C
in the exponential growing sequence 2�5; 2�4;⋯;215 as recommended by
an SVM practical guide [55]. With 50 images already used for tuning
parameters, 137 lesions remained. 14 lesions (10%) with 7 benign and 7
malignant lesions were chosen randomly for selecting prominent features
useful for classification. Next, leave-one-out SVM cross-validation was
performed for the remaining 123 lesions using the tuned C. Classification
sensitivity, specificity, accuracy, PPV, NPV and the Youden's index were
computed based on the classification results. Note that the 14 lesions
involved in feature selection were excluded in validation. This workflow
was repeated 20 times, each time using a different set of randomly chosen
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images for feature selection. With FSC described in Sec. 2.4.6 in force, the
number of features selected in each of the 20 feature selection trials was
different. The averages and standard deviations of sensitivity, specificity,
accuracy, PPV and NPV are reported for each of Settings I, II and III.

These classification performance metrics were compared with those
obtained using the BI-RADS scheme to demonstrate the combined
contribution of the segmentation-classification pipeline introduced here
and the availability of the elastography images with respect to a con-
ventional benchmark in which only B-mode images are assessed. Two
radiologists both having more than 6 years in breast ultrasound and
blinded to the elastography and biopsy results classified lesion into the
following categories according to the BI-RADS standard: 2 – benign; 3 –

probably benign; 4a – low suspicion; 4b – intermediate suspicion; 4c –

moderate suspicion; 5 – highly suggestive of malignancy. Lesions with a
BI-RADS category of 4a or higher were considered malignant lesions
following most previous studies [25,26].

Some features among the 286 features extracted were more “useful”
for accurate classification. Since feature selection was performed 20
times using randomly chosen subsets of images, the “usefulness” can be
quantified by the total number of times that each feature was chosen in
these 20 experiments. Here, we grouped features into different categories
and reported the mean number of times features in each group were
chosen. The grouping was done in a way to facilitate the comparison of
(i) features extracted from the ROIs consisting of the rim only and those
from the ROIs encompassing both the lesion and the rim, (ii) the 9 types
of features (i.e., 4 first-order, 4 GLCM features and %HardArea described



Table 1
Parameters and their optimized values tuned using 50 images.

Term Parameter Values

Edge term ωs 2
Shape term β 1
Region term ωr 1
Local region marker r 5
The scale of the wavelet j 5

Table 3
The classification results produced in experimental settings I, II, and III. Features were
extracted using (I) manually segmented lesion boundaries and algorithm boundaries (II)
without and (III) with manual editing described in Sec. 2.3.3. Classification results based on
the BI-RADS scores assigned by two radiologists were also tabulated.

Sensitivity Specificity Youden's PPV NPV Accuracy

(%) (%) Index
(%)

(%) (%) (%)

I 95.0 94.5 89.5 91.8 96.7 94.7
(2.6) (1.8) (3.8) (2.6) (1.6) (1.8)

II 92.0 95.3 87.3 92.6 94.9 94.0
(2.5) (1.7) (3.6) (2.6) (1.5) (1.7)

III 95.1 94.6 89.7 91.9 96.8 94.8
(2.9) (1.1) (3.4) (1.6) (1.9) (1.5)

BI-RADS �
4a:
Observer
1

91.3 66.7 58.0 63.6 92.3 76.3

Observer 2 90.0 65.7 55.6 62.6 91.0 75.1
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in Sec. 2.4.2), (iii) features extracted from ROIs with different margin
widths, (iv) %HardArea features computed based on different thresholds
and (v) GLCM features obtained using different offset distances, d,
described in Sec. 2.4.4.

4. Results

4.1. Lesion segmentation

Table 1 lists the set of optimized parameters obtained from 50 images.
These 50 images were excluded from the evaluation of segmentation and
classification techniques. The optimal ωs and ωr are 2 and 1 respectively,
indicating that while the edge-based term was more important than the
region-based term, the region-based term still plays a role in driving the
level-set model to an accurate boundary as determined by MAD (Eq.
(11)), the objective function used in tuning. Table 2 shows the average
metrics obtained for the three settings described in Sec. 3: B1 and B2

initializations and B2 initialization with manual editing described in Sec.
2.3.3. We performed one-way ANOVA with post-hoc Tukey tests for all 6
parameters. All three settings were significantly different in all metrics at
5% significant level. These results show that the use of the diffusion filter
in removing bright regions contributed to a significant improvement in
the segmentation accuracy.
4.2. Lesion classification

Table 3 shows the means and standard deviations of sensitivity,
specificity, Youden's index, PPV, NPV, accuracy for Settings I, II and III as
described in Sec. 3. The tuned SVM penalty parameters were 2�2;2�2 and
2�4 for Settings I, II and III respectively. Classification performance of the
BI-RADS scheme for two radiologists was also tabulated here to facilitate
comparison. The means and standard deviations of the performance
metrics were computed for the three algorithm settings based on the
metrics obtained in the 20 repeated classification evaluations using
different sets of data for selecting features. One-way ANOVA with post-
hoc Tukey tests was performed for six performance metrics. The sensi-
tivity and NPV for Setting II were significantly lower than the other two
settings. These results show that editing the lesion boundaries improves
classification performance. The fact that there was no statistically sig-
nificant difference between Settings I and III indicates that if boundary
editing was performed, the proposed algorithm provided the same clas-
sification performance regardless of whether the algorithm or manual
boundaries were used.

Our result also agreeswithprevious studies in that theBI-RADS score is
sensitive but not specific tomalignancy [22,26]. Our result shows that the
proposed algorithmproduces amuchhigher Youden's index thanBI-RADS
Table 2
The averages and standard deviations (in parentheses) of the segmentation performance metrics
denote the settings in which the initial contours B1 and B2 described in Sec. 2.3.1 were used to ini
in which the contour generated by the B2 initialization setting was edited by an expert observe

MAD MAD MAXD MAX

(pixels) (mm) (pixels) (mm

B1 initialization 10.0 (12.1) 2.5 (3.0) 38.0 (32.3) 9.5
B2 initialization 6.7 (4.6) 1.7 (1.2) 29.6 (20.1) 7.4
B2 init. with editing 3.3 (1.6) 0.8 (0.4) 12.9 (9.0) 3.2
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score, even if no boundary editing was performed (i.e., Setting II).

4.3. Feature selection

With FSC described in Sec. 2.4.6 in force, the number of features
selected in each of the 20 feature selection trials was different. The
average number of features chosen was 68 out of the 286 available fea-
tures. Fig. 14 shows the feature selection results with results generated in
each of the Settings I to III shown in a column. Features were grouped
into different categories to facilitate the identification of features
important for classification.

In the first row (i.e., Fig. 14(a), (e), (i)), features were classified into 9
types with 4 types of first-order features described in Sec. 2.4.3, 4 types of
GLCM features described in Sec. 2.4.4 and %HardArea defined in Sec.
2.4.5. Each of the first-order features consists of 11 features (one feature
per ROI defined in Sec. 2.4.1) and each of the GLCM-based feature types
consists of 44 features (4 features per ROI for 4 different d settings). %
HardArea consists of 66 features because 6 thresholds were used for
computing %HardArea in each of the 11 ROIs. The average times in
which the features chosen in the 20 feature selection trials were sepa-
rately reported for the ROIs with and without the lesion and displayed in
blue and red respectively. In the second row (i.e., Fig. 14(b), (f), (j)),
features were categorized in terms of the margin sizes. For example, the
first item in Fig. 14(b) shows the average of 26 features (4 first-order, 16
GLCM and 6 %HardArea) obtained for WT0. Similarly, the second item
shows the averages for WT1 in blue and NT1 in red. The third row (i.e.,
Fig. 14(c), (g), (k)) shows the average frequency of %HardArea features
computed at different thresholds. Each item in these figures shows the
average of %HardArea obtained in 6 ROIs that included the lesion (blue
bars) and 5 ROIs that did not include the lesion (red bars). In the fourth
row (i.e., Fig. 14(d), (h), (l)), features were categorized in terms of the
GLCM offset distance, d, described in Sec. 2.4.4.

Visual comparison of the three columns shows that similar features
were selected in the three settings, which explains why classification
performance based on algorithm segmentation was similar to manual
segmentation. The first row shows the ER (Eq. (20)) features extracted in
the peri-tumoral regions alone (red bars) were more frequently chosen
(Sec. 2.3.4) generated by the three settings described in Sec. 2.3.3: B1 and B2 initializations
tialized the level-set deformation model respectively. B2 init. with editing denote the setting
r according to the protocol specified in Sec. 2.3.3.

D PC AD AO DSC

) (%) (%) (%) (%)

(8.1) 76.6 (20.7) 19.2 (19.5) 76.5 (16.3) 85.5 (13.0)
(5.0) 82.1 (14.5) 14.4 (11.8) 81.8 (8.7) 89.7 (5.4)
(2.3) 95.7 (7.1) 5.1 (4.6) 90.4 (4.6) 94.9 (2.8)



Fig. 14. The average times that features in each group were chosen in 20 feature selection trials. Lesion classifications were performed using three sets of lesion boundaries, which were referred as Settings I, II and III: (I) Manually segmented
boundaries, (II) algorithm boundaries generated without manual editing and (III) algorithm boundaries with editing. Results for each setting are shown in a column. Features were grouped into 9 types as described in Secs. 2.4.3 to 2.4.5 in the first
row and different margin sizes in the second row. In the third row, the %HardArea features were grouped according to the thresholds used to delineate “hard” and “soft” regions. In the fourth row, the GLCM features were group according to the
offset distance, d, defined in Sec. 2.4.4. The blue bars show the average times that features extracted from ROIs that include the lesion (i.e., fWTig5i¼0) were selected and the red bars show the average times that features extracted from ROIs that

exclude the lesion (i.e., fNTig5i¼1) were selected. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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than those extracted in ROIs that encompass the tumor. This observation
agrees with previous findings in Ref. [26] reporting that ER features
obtained at the peri-tumoral areas have much higher discriminative
power than those obtained inside the tumor as indicated by the area
under the receiver operator characteristic curve (0.963 vs. 0.497). With
reference to the second row of Fig. 14, features associated with different
margin sizes are almost equally important for classification performance.
Although a 50 kPa threshold was used to determine %HardArea features
in Ref. [26], the third row of Fig. 14 shows that the %HardArea features
determined using thresholds ranging from 20 to 40 kPa were more useful
than those obtained using the 50 kPa threshold. The fourth row shows
that GLCM features obtained using different offset distance, d, had
comparative contributions to the classification performance.

4.4. Computational time

The algorithm was implemented using MATLAB on a personal com-
puter with an Intel(R) i5, 2.6 GHz CPU and 4 GB RAM. For each lesion,
the average time for initializing the breast contour was about 6 s.
Centroid specification and manual intervention, if required, took 2s and
5s respectively. DWT filtering took 1s and level-set contour optimization
took 5s. Each trial of feature selection took 0.7s and SVM classification
took 1s for each lesion. The total segmentation and classification time for
each lesion was approximately 20s.

5. Discussion and conclusion

The development of the proposed breast lesion analysis framework
stems from the need for an efficient and a reproducible tool to determine
the malignancy of lesions accurately from B-mode ultrasound images and
shear-wave elastography. Although investigations have been performed
that generated classification accuracies ranging from 75.4 to 93.4% and
Youden's index ranging from 46.5 to 85.7% as shown in Table 4, there are
a number of limitations in existing methods. Refs. [17–19,21,22,24,34,
56,57] required manual selection of small ROIs for quantitative analysis
of the SWE image. This requirement of user interaction was
time-consuming and the observer's bias and variability in the ROI se-
lection would reduce the reproducibility of the features extracted from
the ROI. The selection for a small ROI for analysis also precluded the
study of the distribution of the elastic modulus over the entire lesion. A
number of studies in Table 4 analyzed the entire SWE image without
choosing ROIs for quantitative analysis [25,34,37–39], but the use of
observer-assigned categorical feature in these studies posed a limitation
Table 4
Classification performance of the proposed method in relation to previously published
methods. Methods are listed in the order of descending Youden's Index.

Reference Year Sensitivity
(%)

Specificity
(%)

Youden's
Index (%)

Accuracy
(%)

Our method
(Setting III)

2017 95.1 94.6 89.7 94.8

Our method
(Setting II)

2017 92.0 95.3 87.3 94.0

Zhang [40] 2016 88.6 97.1 85.7 93.4
Zhang [15] 2015 89.1 94.3 83.4 92.5
Xiao [26] 2014 89.9 92.6 82.5 91.5
Youk [18] 2013 91.7 92.2 83.9 92.1
Gweon [37] 2013 88.5 92.5 81.0 91.5
Chang [22] 2013 95.8 84.8 80.6 90.0
Lee [24] 2013 89.5 89.6 79.1 89.6
Gweon [38] 2013 88.9 89.7 78.6 89.5
Berg [25] 2012 98.6 78.5 77.1 84.7
Chang [21] 2011 88.8 84.9 73.7 86.8
Evans [56] 2012 95.0 77.0 72.0 89.0
Youk [19] 2013 94.2 77.7 71.9 82.8
Tozaki [34] 2011 91.3 80.6 71.9 88.0
Lee [57] 2013 88.9 77.5 66.4 80.1
Yoon [39] 2013 81.4 81.7 63.1 81.7
Wang [17] 2013 60.9 85.6 46.5 75.4
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in the reproducibility of the feature. To reduce the amount of user
interaction, Refs. [15,26] delineated lesions from B-mode ultrasound
images semi-automatically. However, the time requirement of existing
semi-automated segmentation algorithm was still long [15,26], which
posed a challenge for large-scale studies and limited the widespread
applications of these techniques. The first contribution of this work is the
introduction of an algorithm that completes the segmentation of lesions
within 20s even implemented in MATLAB, and the computational time
required is typically 10 times lower if implemented in Cþþ [58].

Apart from the selection of ROI for analysis, classification accuracy
varies with (i) the peri-tumoral width to be analyzed and (ii) the
threshold used to binarize “hard” and “soft” pixels in SWE images for the
computation of a feature known as %HardArea (Eq. (25)), which is the
percentage of pixels that are “hard”within an ROI and was established to
be useful in prior studies [26,59]. Empirical selection of these parameters
required a human observer to study the image data thoroughly, which is
time-consuming and prone to observer bias and variability. The second
major contribution of this paper is the development of a pipeline that
extracted features using a number of margin widths and hardness
thresholds, followed by a feature selection algorithm that selected fea-
tures most useful for classification. This pipeline did not require a single
margin or hardness threshold to be chosen empirically, thereby sparing
an observer from the need of studying images thoroughly for making
parameter choices and improving the reproducibility of the classification
results.

Our results showed that the Youden's index and accuracy of the
proposed pipelines are higher than all existing algorithms tabulated in
Table 4, even if the segmented lesion boundaries were not edited (i.e.,
Setting II). However, it is important to emphasize that the goal of the
current study is less on improving the classification accuracy, but more
on improving the efficiency for elastography and ultrasound analyses,
which is a limiting factor in deep learning method listed at the third row
of Table 4. Amore efficient breast lesion classification tool will promote a
more routine use of these imaging techniques for cancer diagnosis in
clinical practice. Our results show that all six classification metrics
generated based on the algorithm boundaries with manual edits (i.e.,
Setting III) were not statistically different from that generated using
manually segmented contours (i.e., Setting I). These results suggested
that although the algorithm completed segmentation in approximately
one-eighth of the time required in the previously described semi-
automatic segmentation methods [15,26] (20 vs. 150s), the accuracy of
classification based on algorithm contours was not compromised and, in
fact, better than existing techniques. Since manual editing of the algo-
rithm boundaries took 25% of the processing time (i.e., 5s), we also
evaluated the classification performance of the proposed method based
on the algorithm boundaries generated without user editing (i.e., Setting
II). We found that the sensitivity and NPV significantly improved by
editing the algorithm boundaries. Therefore, we recommend clinical
users of the pipeline to edit the algorithm boundaries for better classifi-
cation performance.

Although the proposed pipeline has made improvement in analysis
efficiency and classification accuracy, it shares a number of limitations
with prior studies. First, SWE and B-mode ultrasound images were ac-
quired for only one transverse plane. Acquisition of images on multiple
orthogonal planes or, better yet, 3D elastography and B-mode images
may benefit diagnosis. Second, since the commercial SWE imaging sys-
tem does not allow direct access to the elastography image, decoding the
SWE image superimposed on the B-mode ultrasound image based on the
colour bar in the screen was required as described in Sec. 2.2, leading to
quantization error. However, we found that the mean, maximum and
standard deviation in a number of ROIs obtained using the built-in
software Q-Box were very close to the corresponding parameters ob-
tained from the encoded images. We know that the Airplorer scanner
recently allows direct extraction of raw data from the SWE images. With
this new development, quantization error can be further reduced, but
further studies would be required to demonstrate whether this
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improvement has an effect in enhancing classification accuracy. Another
limitation is that the subjects involved in this pilot evaluation study came
from a single center. The diagnostic performance of the pipeline will be
required to be thoroughly validated in a multi-center study involving
more subjects.

In conclusion, a segmentation and classification pipeline was devel-
oped to streamline the diagnosis of breast lesions based on B-mode and
elastographic ultrasound images. The efficiency of the pipeline was
achieved by cutting segmentation time and obviating the need to select
the peri-tumoral margin and the hardness threshold empirically for
feature extraction. The fact that our efficient pipeline generated classi-
fication accuracy superior to that of existing algorithms suggests that
improved efficiency did not compromise classification accuracy.
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