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ABSTRACT

Breast Cancer Conservative Treatment (BCCT) is now the
preferred technique for breast cancer treatment. The limited
reproducibility of standard aesthetic evaluation methods led
to the development of objective methods, such as Breast Cancer Conservative Treatment.cosmetic results (BCCT.core)
software tool. Although the satisfying results, there are still
limitations concerning complete automation and the inability
to measure volumetric information.
With the fundamental premise of maintaining the system
as a low-cost tool, the incorporation of the Microsoft Kinect
sensor in BCCT evaluations was studied. The aim with this
work is to enable the simultaneous detection of breast contour and breast peak points using depth-map data. Experimental results show that the proposed algorithm is accurate
and robust for a wide number of patients. Additionally, comparatively to previous research, the procedure for detecting
prominent points was automated.
Index Terms— Biomedical image processing, medical
information system, image analysis
1. INTRODUCTION
Breast-conserving therapeutic approaches to breast cancer
aim to obtain, besides local tumour control and survival rates
equivalent to mastectomy, better aesthetic results. While the
oncological outcome of breast conservation procedures can
easily be assessed objectively, the cosmetic outcome does not
yet have an evaluation standard [1].
Initially, the aesthetic evaluation was performed by one or
more observers either by directly observing the patient or photographs, using one of the existing scales that compare treated
with non-treated breasts. The most widespread scale used for
aesthetic evaluation of BCCT is the Harvard scale, introduced
by Jay Harris in 1979. It classiﬁes the overall cosmetic results
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in four classes from excellent, good, fair to poor. However, it
soon became clear that this kind of subjective evaluation had
important disadvantages. For instance, exemption is not guaranteed, reproducibility is difﬁcult to achieve and the level of
agreement between observers is low or moderate. Objective
methods were introduced in an attempt to overcome the lack
of objectivity and reproducibility. These methods consisted of
comparing the two breasts with simple measurements marked
directly on the patients or on photographs of them. However,
initial methodologies continued to show a signiﬁcant lack of
standardization, not only in the type of assessment used, but
also in the factors included in the evaluation and the instruments used. There was a need to replace or enhance the expert human evaluation with an objective, affordable, easy to
use and highly reproducible validated tool.
BCCT.core [2] is a relatively recent computer-aided medical system and its aim is to overcome the disadvantages of
previous methodologies. The development of BCCT.core
consisted of semi-automatically extracting several features
from frontal photographs of patients, capturing some of the
factors which are considered to have an impact on the overall cosmetic results: breast asymmetry, skin colour changes
caused by radiotherapy and surgical scar [2]. In a second
phase, a Machine Learning algorithm is applied to predict the
overall cosmetic result using the recorded features. Although
innovative and reproducible, this tool has several points that
need to be addressed. Some of these limitations have already
been addressed, as is the case of the model’s interpretability
relating the aesthetic result with input measures [3]. However, there are important setbacks related to the complete
automation of the software – which is fundamental for high
reproducibility – and the capability to extract volumetric
information to improve the overall cosmetic evaluation. Furthermore, the solutions should remain low-cost.
Several research groups have recently made attempts with
3D technology. These techniques are based on 3D cameras [4], 3D laser scanning or even optoelectronic tracking
systems [5]. Current 3D technologies are very expensive and
difﬁcult to operate, thus requiring specialized staff. There-
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fore, this is not a feasible option for daily clinical practice
and its widespread use in the near future is not foreseeable.
Almost all techniques based on 3D models used nowadays do
not try to predict the aesthetic result for an informed choice
of treatment, nor are they suitable to automatically evaluate
aesthetic results after surgery. Moreover, 3D reconstruction
of breasts is a very difﬁcult task since it is featureless.
We have recently introduced Microsoft Kinect [6] as a
promising low-cost and easy to use equipment for BCCT cosmetic evaluation, because it can not only facilitate automation, but also provide volumetric information. In this paper,
the simultaneous extraction of breast contour and breast peak
points is addressed, using the depth-map image resulting from
the acquisition performed by the Kinect sensor (see Fig. 2(d)).
In [7] authors introduced a semi-automatic method to detect the breast contour in frontal colour images. The contour is
found based on previously known start and end points. Subsequently, the algorithm automatically ﬁnds the contour inbetween using graph theory. As a result, the algorithm ﬁnds
the minimum cost path between previously known end points
provided manually by the user. This line of work was improved in [8], where both the start and end points are found
automatically. External points of the contour are detected,
considered the area of the body where the arm contour intersects the trunk contour. However, and depending on the patient’s arm position, the contour of the arm and trunk can be
overlapped, and thus it can be impossible to distinguish when
patients put their upper limbs down. This problem is overcome by searching for the strongest vertical gradient lines.
However, this does not work if patients assume different arm
positions. Other authors are still using manually delineated
breast contours and ﬁducial points [9].
2. SIMULTANEOUS DETECTION OF BREAST
CONTOUR AND BREAST PEAK POINTS
Researchers are now paying more attention to the context to
aid visual recognition processes. Context plays an important
role in the human visual system’s recognition processes and
many important visual recognition tasks critically rely on context. The goal of this paper is to model the mutual context of
breast contour and breast peak (the area in the breast closer
to the camera or further away from the chest wall, not necessarily the nipple) so that each can facilitate the recognition of
the other. When performed independently, both tasks are nontrivial since many other parts of the image may be falsely detected. However, the two tasks can beneﬁt greatly from serving as context for each other. To model the breast peak point,
a ﬁlter is used which evaluates the degree of divergence of the
gradient vectors within its region of support from a pixel of
interest. The breast contour is modelled as a short path in a
graph whose nodes correspond to the pixels in the image and
the edges connect neighbouring pixels. The weight function
on the edges is deﬁned so that short paths correspond to paths
that maximize the amount of gradient strength in the image
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along the path. The quality or probability of the join model
for the co-occurrence of breast peak and breast contour will
be proportional to the individual qualities of the two parts.
Next, the proposed algorithm is described in detail.
2.1. Proposed Algorithm
The proposed algorithm can be implemented as a sequence of
a few high-level operations, as presented in Fig. 1.

Background
segmentation

Breast peak
candidates
detection

Contour
detection

peak and breast
contour decision

Fig. 1. Algorithm ﬂowchart.
Two simpliﬁcations are adopted in relation to the main
rationale outlined above. Firstly, the detection will be performed over the patient’s body only to speed up the computation. Secondly, the simultaneously detection of the peak and
breast contour will be addressed ﬁrst by over-detecting peak
candidates, followed by a contour detection near them.
Similarly to other depth measuring technologies, such as
laser scanners or range ﬁnding cameras, the output of the
Kinect contains a large amount of missing data and noise, as
a result of occlusions. Typically represented as white pixels,
these missing values are excluded from all of the following
operations. All the remaining pixels were scaled between 0
and 1. Finally, a 3 × 3 smooth ﬁlter was applied to eliminate noise resulting from acquisition. Fig. 2(c) and Fig. 2(d)
already shows the output of this pre-processing task.
2.1.1. Adaptive background segmentation
Although the background should preferably be uniform for
the acquisition process, the background is often cluttered. The
presence of different objects at different depths, possibly at
depths similar to the patient’s, or just the different body parts
at different depths, dismisses the application of simple thresholding methods as Otsu’s (see Fig. 2(c)). Here, a situation is
explored where the patient is at a somewhat central position
in the image and is likely the ‘object’ closer to the camera.
In order to exploit this property, a density image is deﬁned by transforming the depth information on the XY plane
to the XZ plane [10]. The value at position (x, z) of the density image denotes the number of points in the depth image
at position x (histogram of the column x), taking the value
z (by counting along the Y direction), (see Fig. 2(a)). Then
for each (x, z) position we computed the variance above and
below. Each column x presents 3 different patterns: (1) background; (2)’object’ and background; (3) ’object’. The XZ
image is then replaced by the following rule: (1) cumulative
value of the minimum of the variance from 1 to N bins; (2)
average of the two variances; (3) cumulative value of the minimum of the variance from N bins to 1 (see Fig. 2(b))

A global thresholding method of the original XY image
corresponds to deﬁning a horizontal line in the XZ image,
discriminating background from foreground (see Fig. 2(a) and
Fig. 2(c)). An adaptive thresholding method can be deﬁned
as a curve in the XZ image from left to right margins. This
results in a threshold that varies from column to column in
the original XY image. Since it is necessary for the curve
in the XZ image to avoid the parts of the image with high
values (high countings), the threshold curve was computed as
the shortest path from left to right margin, where the cost of
each pixel is its ‘intensity’ value (see Fig. 2(b) and Fig. 2(d)).

(a)

(b)

(c)

(d)

Fig. 2. a) XZ plane depth information; b) XY variance plane;
c) Otsu’s segmentation; d) Adaptive segmentation.
2.1.2. Convergence ﬁlter and ﬁducial points selection
A major beneﬁt of using depth-map images has to do with
high contrasts in the breast area. The peak point of the breast
corresponds to the point in the breast where disparity attains
the lowest value. The typically round or tear drop shape of a
breast leads to a distinctive pattern in the gradient vector ﬁeld
where the gradient diverge in all directions (see Fig. 3(a)).

(a)

def  ∗
measures: cross-correlation ((f ∗ g)[n] =
f [m]g[n +
m]), where f ∗ denotes the complex conjugate of f ; and circular correlation introduced by Nicholas Fisher in 1983. Breast
peak candidates correspond to all local maximum positions.

2.1.3. Contour detection
Breast contour detection was performed using a shortest-path
approach similarly to [8]. Intuitively, breast boundary manifests itself as a change in the grey-level values of the pixels,
thus originating to an edge in the resulting image. Therefore, interpreting the image as a graph with each pixel as a
node and edges connecting adjacent pixels, the breast contour corresponds to a low-cost path through edge pixels, with
the appropriate weight function. Since the breast contour is
approximately circular and centered on the breast peak candidates, the computation is more naturally performed by adopting polar coordinates, with the origin of the coordinates in the
peak candidate. Each column in the polar image corresponds
to the gradient along each radial line in the original space,
computed using a 3-point numerical differentiation: Gθ (r) =
f (r+h)−f (r−h)
, where h = 1 and r is the radius. Then, the
2h
gradient image is considered as a weighted graph with pixels as nodes and edges connecting neighbouring pixels. Each
4-neighbour pixel arc corresponds to a weight determined by
the gradient value of the two incident pixels, expressed as an
exponential law: f (g) = fl + (fh − fl ) exp(β(255−g))−1
exp(β255)−1 , with
fl , fh , β ∈  and g is the minimum of the gradient computed
on the two√
incident pixels. For 8-neighbour pixels the weight
was set to 2 times that value. The parameters fl , fh , and β
were ﬁxed at fl = 2, fh = 128, β = 0.0208.
In this work, we are mainly interested in obtained the localization of the breast contour, not so much in its complete
delineation. Therefore, the angle θ was varied only between
π and 2π (see Fig. 4(a)). The candidate contour was then
the output of the shortest path algorithm in the polar image
(see Fig. 4(b)). The shortest path was computed between the
whole external margin and a single point (point of highest
gradient) in the internal margin.

(b)
(a)

Fig. 3. (a) Breast gradient vector ﬁeld (5-pixel spacing); (b)
Template vector ﬁeld
In order to detect peaks in the breast, an approach similar
to the Convergence Index Filter [11] was used in which the
image was ﬁltered with a radial vector ﬁeld pattern, as presented in Fig. 3(b). Only the gradient orientation angle was
used in the matching process, by previously normalizing the
norm of the gradient vectors to unity. The similarity between
the template and the image was assessed using two different
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(b)

Fig. 4. (a) Breast contour - ground truth (solid red line), detected (dashed white line); (b) Polar image and detected contour (white line).
2.1.4. Breast peak points and breast contour decision
The join decision for breast peak point and contour is taken to
maximize the join probability of the individual parts. In here,
we assume that the join probability is a monotonous function
of the product of the correlation outputted by the divergence

ﬁlter and the quality of the detected contour. The quality of
the contour is evaluated by the average magnitude of the gradient along it. Therefore, the ﬁnal decision consists in selecting the pair (peak, contour) that maximizes the quality measure. Taking advantage of the body symmetry with respect to
the sagittal plane, a pair (peak, contour) was selected to the
right and another pair to the left of the body centre of mass.
3. RESULTS
The database now consists of 144 cases acquired during several sessions throughout an entire year. For each patient the
acquired data include the depth-map image and the colour image acquired with Kinect (640 × 480 px) and a colour image
acquired with a standard 5MP portable camera. Only Kinect
depth-map image is used in this work. Manual ground truth
annotation was performed both to breast peaks position and
breast contour deﬁnition.
The breast peak points detection accuracy was measure
using Euclidean metric distance (see Table 1).
Table 1. Breast peak points detection error (in pixels).
Metric
Circ. corr.
Cross-corr.

Standalone
μ (σ)
# Miss
18.02 (46.86)
16
13.61 (39.02)
8.65 (17.65)
4
6.68 (3.60)

Breast
Right
Left
Right
Left

Simultaneous detection
μ (σ)
# Miss
8.23 (14.34)
8
10.32 (27.51)
5.81 (3.44)
0
6.68 (3.60)

a∈A b∈B

pixels of the ground truth and A the segmented breast contour; . is the Euclidean distance. The motivation for using
this metric is that is represents the worst case scenario.
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