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Abstract 
Stereophotogrammetry is finding increasing use in plastic surgery, both for breast reconstruction after 
oncological procedures and cosmetic augmentation/reduction. The ability to visualize and quantify 
morphological features of the breast facilitates pre-operative planning and post-operative outcome 
assessment. Breast contour is an important attribute for quantitative assessment of breast aesthetics. 
Based on the detected breast contour, relevant morphological measures such as breast size, shape, 
symmetry, volume and ptosis can be determined. In this study we present an approach for the 
automatic contour detection of the lower breast in three-dimensional (3D) images. Our approach 
employs surface curvature analysis. We first identify the points with the lowest Gaussian curvature 
within the one-ring neighborhood on the surface mesh, and then apply the random sample consensus 
(RANSAC) algorithm to non-deterministically estimate the lower breast contour from the set of low 
curvature points. 
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1. Introduction 
Breast reconstruction is an important surgical component for many women undergoing breast cancer 
treatment [1]. Breast cancer remains one of the most common malignancies in women and is one of 
the leading causes of cancer-related mortality. Despite the current emphasis on breast conservation, 
mastectomy rates remain at 30%. Mastectomy is often associated with significant psychological stress 
due to distorted body image. Predominantly, the purpose of breast reconstruction is to restore the 
breasts and correct the deformations, thereby facilitating improvement in psychosocial well-being and 
quality of life in breast cancer survivors [2]. 
 
Stereophotogrammetry is finding increasing use in quantifying breast morphology, e.g. breast shape, 
symmetry, and volume [3-5]. Quantitative analysis of the patient’s breast shape (morphometry) is 
critical for pre-operative planning and post-operative assessment of outcomes in breast reconstruction 
[1]. Breast contour is an important attribute to evaluate the aesthetic outcomes of breast cancer 
treatments. The detected breast contour enables computation of morphological measures such as 
breast size, shape, symmetry, volume and ptosis. 
 
Previous studies on breast contour detection have been performed on two-dimensional (2D) images 
and 2D range images encoding depth. Cardoso et al. [6, 7] described an automatic method for the 
detection of the lower breast contour in 2D images. The external endpoint of the breast contour was 
detected by defining it as the highest point of the trunk contour, which may be searched among the 
strongest lines of gradient with approximate vertical direction. The internal endpoint was estimated 
simply as the mid-point between the two external endpoints. After modeling the image as a weighted 
graph based on the gradient values and prior shape information, the breast contour was computed as 
the solution to the shortest-path problem between the internal and external endpoints. In subsequent 
studies [8, 9], this approach was extended to perform tracing of the lower breast contour in depth-map 
images. Both 2D images and depth-map images cannot capture the overlapped regions, e.g. the 
underside regions of the breasts with high ptosis degree. They detected a 2D breast boundary, rather 
than the 3D breast contour in the surface scan. Lee et al. [10, 11] introduced a measure of lower breast 
contour in 2D images which enforced a mathematical shape constraint based on the catenary curve. 
First, they used a catenary curve to approximate the overall breast contour, and extracted a shape 
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parameter, which is a measure of the breast contour representing the outlining catenary curve. The 
catenary-based shape measure was used by Lee et al. to evaluate the upper and lower breast contour 
in 3D images of patients [12]. The outlines of the upper and lower breast were first obtained from 
coronal sectional views that were created from multiple parallel planes to the chest wall, spaced at 
about ��� intervals starting at the anterior most part of the breast. Then the breast contour was 
extracted by fitting catenary curves to the resulting outline in each sectional view. Although this method 
used 3D images as input, the obtained breast contours are curves in 2D planes, and do not directly 
mirror the 3D breast contours.  
 
In this study, we describe a curvature-based method to automatically detect the contour of the lower 
breast in 3D surface scans. To the best of our knowledge, this is the first approach described so far to 
directly compute the breast contour on the 3D surface mesh. 

2. Method 
2.1. Gaussian curvature analysis 
Curvature is defined as the amount that a surface deviates from being flat. At each point � of a 3D 
surface one may find a normal plane, which contains the normal vector of the point �. The intersection 
of the normal plane and the 3D surface is a plane curve. The plane curves from different normal planes 
at point �  will generate different curvatures. The principal curvatures, ����  and ���� , are the 
maximum and minimum values of the curvatures at �. Gaussian curvature � is the product �������� 
of two principle curvatures. In a 3D surface, the regions with � � � are elliptic, those with � � � are 
hyperbolic, and those with � � � are either planar or cylindrical. 
 

  
Fig. 1. Representative 3D image of the female torso. 
The texture image is overlaid on the surface mesh. 

Fig. 2. Color-mapped Gaussian curvatures of 3D 
surface scan. 

 
To calculate the Gaussian curvature on 3D surface mesh, we used a toolbox developed by Gabriel 
Peyre [13] based on the algorithms proposed by Cohen-Steiner et al. [14, 15]. The curvature tensor for 
each vertex was estimated using the following expression [15]: 
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where � is an arbitrary vertex on the 3D mesh, ��� is the surface area around � over which the 
curvature tensor is estimated, � �  is the signed angle between the normal vectors to the two oriented 
triangles incident to edge e (positive if convex, negative if concave), �� � �� is the length of � � � 
(always between 0 and ���), and � is a unit vector in the same direction as �. The tensor is evaluated 
by approximating the neighborhood � as the geodesic disk around this vertex. ���� and ���� are 
the two eigenvalues calculated from the tensor vector and provide estimates of principal curvatures at 
�. We employed pseudo-color visualization method for viewing the Gaussian curvature of the 3D mesh. 
Fig. 1 presents a representative 3D image of the torso, and the color-mapped Gaussian curvature for 
the torso is presented in Fig. 2. In Fig. 2, the color red represents elliptic regions, blue represents 
hyperbolic regions, and green represents regions near planar or cylindrical. 
 
2.2. Determination of concave points on the surface mesh 
On a 3D surface, negative curvature values correspond to concave regions, and can thus be used to 
identify the inward curving crease below the breast that delineates the lower breast contour. Initially, 
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we determine a set of concave points ��� that exhibit the lowest curvature values on 3D surface scan. 
This is accomplished by identifying for each vertex �, all points within its one-ring neighborhood on the 
surface mesh that exhibit the lowest Gaussian curvature. The one-ring neighborhood of a vertex � is 
the set of vertices, which are connected to � by an edge. This set of points, ���, includes not only the 
points lying along the breast contour, but also randomly scattered points on the torso that represent 
isolated incidences of low curvature values due to mesh undulation (noise).  
 
2.3. Lower breast contour determination 
In order to differentiate points on the lower breast contour from the noisy low curvature points, we 
apply the RANSAC algorithm [16] to non-deterministically estimate the points lying on the breast 
contour from the set of low curvature points ���.  
 
This algorithm is applicable to both breasts but for simplicity, is discussed here in terms of the right 
breast. First, we find the right breast peak point (point with largest �-coordinate) in the right half part of 
the torso. Next, we compute the Euclidean distance between each point in ��� and the peak point. 
The ���  points at distances � �����  and � ������  from the peak point are removed from 
consideration, as at these distances the points are either too close or farther away from the peak point, 
and thus highly unlikely to fall along the breast contour. In addition, we also sort and keep only the ��� 
points that fall below a horizontal line which is ����� above the peak point (as identified from the 
�-coordinate) since we need to detect the lower breast contour. We add a margin of ����� above the 
peak point since the peak point would be very low for the breast with high ptosis (Fig. 3.). 
  

 
Fig. 3. Peak points (red) and cut-off lines (blue, 40 mm above the peak points) displayed on the 3D surface scan. 

 
The RANSAC algorithm is implemented to detect the contour points as follows. In each iteration, we 
randomly select a set of few points �� from the ��� and then apply cubic spline curve fitting to the 
points in ��. The distance of each remaining point in ��� to the fitted curve is computed and only a 
second set of points �� with distances � ���� are retained. Following each iteration, if the size of 
the sets �� � �� � ��� of the total points (i.e. ���) then the combined set of points in �� and �� 
are recorded for comparison with the next iteration, and the average curvature value of these points is 
computed. If the size of the sets �� � �� � ��� of the total points (i.e. ���) then the combined set 
of points in �� and �� are not considered for comparison with the next iteration. Currently, this 
process is iterated for a maximum of 100 iterations (future work will incorporate iterations until all the 
points in ��� have been sampled), and the retained set of points with the minimum average curvature 
value is identified as the set of detected breast contour points, and the resulting fitted cubic spline 
curve is identified as the breast contour.  
 
2.4. Evaluation metric 
We use a similarity measure called dice coefficient [17] to evaluate the results of our algorithm for 
detecting the 3D breast contour. We compute the dice coefficient between automatically detected 
breast contour using our proposed method and manually selected contour as follows. Since the two 
contours are not same in length, we keep the same length for comparison based on the shorter one. 
We interpolate the same number of points from the automatically detected contour points and 
manually selected contour points using cubic spline method to obtain the interpolated point sets � and  
�, respectively. For each point in � (or �), we compute the distance to the fitted cubic spline curve 
from point set � (or �). Let ��� be the total number of the points in � and � with distances less 
than a given threshold, the dice coefficient is computed as���� over the sum of the total number of 
points in � and �. The dice coefficient is always in [0, 1] range. A dice coefficient of 1 indicates high 
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similarity (all points in � and � fall in the distance threshold), whereas 0 indicates little to no similarity 
(all points in � and � fall out the distance threshold). 

3. Data Acquisition 
Female patients about to undergo mastectomy and breast reconstruction surgery at The University of 
Texas MD Anderson Cancer Center were recruited under a protocol approved by the institutional 
review board. Surface scans were obtained using the 3dMDTorso system (3dMD LLC, Atlanta, GA). 
Surface images from five patients were used in this study. Age, body mass index (BMI), breast ptosis 
degree, and pre- and/or post-operative information for the five patients are listed in Table 1. All patients 
were White with ethnicity of non-hispanic origin. 

Table 1. Demographic information for the patients in this study 

Patient ID Age BMI Right breast ptosis degree Left breast ptosis degree 
1 57 29.0 1 (pre-operative) 1 (pre-operative) 
2 55 22.4 1 (pre-operative) 1 (pre-operative) 
3 54 25.9 2 (pre-operative) 2 (pre-operative) 
4 46 34.4 2 (pre-operative) 2 (pre-operative) 
5 47 27.3 2 (pre-operative) 3 (post-operative) 

4. Results 
We validated our proposed algorithm using the surface scans for five patients. Data for a 
representative image is presented in Fig. 4. We show the result on the upper half of the torso (above 
the umbilicus to sternal notch, Fig. 4A). In Fig. 4B, a color ramp is used to display the Gaussian 
curvature, ranging from blue to red for increasing curvature values. As seen in Fig. 4C, the set of points 
��� includes not only the points lying along the breast contour, but also randomly scattered points on 
the torso (noise). Results of the proposed algorithm are presented in Fig. 4D. Blue points are manually 
selected contour points, which are used as ground truth for comparison. Green points are contour 
points detected using our proposed algorithm. The red curve is obtained via cubic spline fitting of the 
detected contour points in green. As seen in Fig 4D, high correspondence is achieved between the 
manually selected points and the automatically detected breast contour. 
 

  

  
Fig. 4. (A) 3D Surface scan, (B) Color mapped Gaussian Curvatures of Surface scan, (C) Set of points ��� 

exhibiting low curvature values displayed on surface (green), (D) Detected contour (red) and manually selected 
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contour points (blue) displayed on surface. 

Table 2 presents the dice coefficients for automated versus manually selected breast contours for five 
patients. The distance threshold represents the separation between the points on the two contours. 
We tested dice coefficients using 6 thresholds: ������ , ������ , ������ , ������ , ������ , and 
������. The average dice coefficient is the average value for the 10 breasts of the 5 patients at a given 
distance threshold. From Table 2 we can see that as the distance threshold for similarity between two 
contours is increased, the dice coefficient also increases. At a separation distance in the range of 
���� � ���� between the automatically detected and manually annotated breast contours, we have 
very high dice coefficient values (0.94�0.97). At a resolution of ���� the similarity is around 0.8 
(80%), and is reduced only for very low threshold values of ���� (55%), and ������ (28%). 
 

Table 2. Dice coefficient for automatically detected versus manually selected breast contours (BC) 

 
 

Patient 
ID 

Dice Coefficient 
Distance 
threshold 
(0.5mm) 

Distance 
threshold 
(1.0mm) 

Distance 
threshold 
(2.0mm) 

Distance 
threshold 
(3.0mm) 

Distance 
threshold 
(4.0mm) 

Distance 
threshold 
(5.0mm) 

Right 
BC 

Left 
BC 

Right 
BC 

Left 
BC 

Right 
BC 

Left 
BC 

Right 
BC 

Left 
BC 

Right 
BC 

Left 
BC 

Right 
BC 

Left 
BC 

1 0.57 0.33 0.975 0.655 0.995 1 1 1 1 1 1 1 
2 0.22 0.11 0.465 0.255 0.935 0.545 0.995 0.93 1 0.955 1 0.965 
3 0.02 0.19 0.215 0.36 0.465 0.615 0.665 0.845 0.8 0.885 0.88 0.905 
4 0.46 0.10 0.705 0.25 0.975 0.575 0.985 0.95 0.995 0.995 1 1 
5 0.44 0.35 0.79 0.825 0.96 1 0.965 1 0.965 1 0.965 1 

Average 0.28 0.55 0.81 0.94 0.96 0.97 

5. Conclusions 
We have developed a Gaussian curvature-based automated breast contour detection algorithm for 3D 
images of the female torso. Our approach employs the RANSAC algorithm to accurately obtain the 
lower breast contour, as compared to the manually selected contour. For a ������ distance threshold 
between the manual and automatically detected contour, the dice coefficient is 0.81; and for a distance 
threshold of ������, the dice coefficient is 0.94. Based on our experimental results, the proposed 
algorithm can successfully detect the lower contours for breasts with ptosis degrees in the range of 1 - 
3. However, more experiments are required to improve our method and to demonstrate the 
significance of our results. Currently, the proposed method can only detect the lower part of the breast 
contour. Future work will also extend the algorithm design to include the identification of the upper pole 
breast contour, in order to enable measurement of the closed breast foot-print on the chest wall. The 
ability to visualize and quantify morphological features of the breast facilitates pre-operative planning 
and post-operative outcome assessment. 
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