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Abstract—Research is currently being done to improve the
sensitivity of breast cancer detection by fusing breast volumes
acquired from Magnetic Resonance (MR) Imaging and Ultra-
sound (US) together. Attributing to the highly restrictive nature
of the MR environment, both these image volumes are acquired
separately. Hence, making a surface reconstruction an essential
requirement for performing accurate fusion. In the current
implementation, the surface reconstruction is done with the help
of a stereo camera and multi-modality markers that are placed
on the breast surface. The positions of these markers, however,
need to be maintained constant throughout the procedure, thus
posing a challenge in a clinical environment. The purpose of this
study is to perform the 3D breast surface reconstruction with
autonomously acquired US images. The surface reconstruction
algorithm is built by exploiting the transition area between the
instances of contact and no contact between the US probe and the
breast surface. Validation of the algorithm is done on a realistic
breast phantom by performing several experiments with varying
amounts of desired contact between the two surfaces as well as
with varying US probe orientations. On taking the average of 10
scans per experiment, a minimal error of 3.87 mm was obtained
when the US probe was in horizontal orientation and with a
desired amount of contact of 30% of the US probe width. This
algorithm has potential to eliminate the need of marker and a
camera scan, making the setup for performing MR/US fusion
more feasible for clinical implementation.

I. INTRODUCTION

Female breast cancer is the fifth leading cause of cancer
mortality worldwide with an incidence rate of 11.7% [11].
Literature stipulates that the early detection of cancer results
in a reduction in the mortality rate and an increase in life
expectancy [22], [33].

With advancement in technology, early detection of breast
cancer has become a reality [33]. The imaging modality, mam-
mography, is the recognised gold standard for breast cancer
detection. However, its sensitivity of detection is dependent
on the breast density; having a sensitivity and specificity as
high as 80% and 97-99% respectively in normal breast tissues
to a sensitivity as low as 40% in extremely dense breasts [44],
[55]. Furthermore, research indicates that breast density in itself
is an independent risk factor for cancer [66], thus making it vital
to improve the cancer detection rate in dense breast tissues.

The sensitivity of detection is currently improved by supple-
menting mammography with imaging modalities that are unaf-
fected by breast density such as Magnetic Resonance Imaging
(MRI) and Ultrasound (US) [66]–[88]. Having a sensitivity of

approximately 99%, MRI can detect small cancerous lesions.
However, it has a highly variable specificity ranging between
28-100% [33]. US imaging, on the other hand, is an easily
available, cheap, real-time and non-invasive imaging modality.
In a study done by Sim et. al. [99] on women with familial risk
of breast cancer, it has been demonstrated that US imaging
has a sensitivity and specificity of 83.3% and 65.5% respec-
tively. Nonetheless, both these imaging modalities have certain
limitations. As a result of the strong magnetic fields emitted
while performing an MRI, specific MR friendly instruments
need to be used. This leads to a procedure that is expensive
and is at the cost of patient comfort [1010]. Additionally, MRI
requires the injection of a contrasting medium into the breast
tissue for aid in boundary detection. The main limitation of
US imaging is its non-reproducibility and high dependence
on a clinician’s expertise, both of which have been overcome
in many studies by using Automated Breast US [1111]–[1313].
Moreover, the sensitivity of detection in US imaging also
depends on the size of the cancerous lesion being scanned.

Research is also being conducted into combining the char-
acteristics of the highly sensitive MR with the real time
US through a technique known as MR/US fusion [1010], [1414],
[1515]. The MRI and US Robotic Assisted Biopsy project
(MURAB) aims at improving the precision and effectiveness
of performing a biopsy for cancer detection by using MR/US
fusion. This is achieved by obtaining a pre-operative MR
image that is fused together with autonomously acquired
US images [1616]. Fusion of the two volumes helps with the
localisation of small lesions (which are only detected in an
MR image) in an US image. Attributing to the restrictive
nature of the MR environment, both these image volumes are
acquired separately with the patient lying in a prone position.
Furthermore, due to the elastic properties of the breast tissue,
there is a difference in the amount of surface deformation
that occurs while acquiring both the volumes. Thus, a breast
surface reconstruction is an essential requirement for ensuring
accurate fusion of the two volumes and for calculating the
amount of breast shape deformation between them.

Currently, as part of the MURAB workflow, the 3D surface
reconstruction is performed with the help of a depth camera
(like a stereo camera) [1717]. Due to the lack of high contrast
features on the skin surface, five multi-modality markers are
placed as landmarks on the breast surface. By tracking the



positions of these markers with the help of a camera scan, it
is possible to locate the breast in the US environment. Sub-
sequent registration of the tracked data with the MR volume
results in a 3D surface reconstruction of the breast. In order
to ensure accurate registration of the tracked markers with the
MR data, the markers need to be placed at well-determined
distances from each other, with their positions maintained
constant throughout the procedure. Changes in the marker
positions could cause errors in the camera reconstruction,
resulting in registration inaccuracies and requiring the entire
procedure to be repeated. The use of such multi-modality
markers thus pose a challenge in a clinical setup.

In this study, we propose an algorithm to perform the 3D
breast surface reconstruction from autonomously acquired US
images. 3D surface reconstruction with the help of US images
would eliminate the need to perform a camera scan as well
as the requirement of multi-modality markers. Thus resulting
in a reduction in the overall number of sensors used in the
workflow. Additionally, 3D US surface reconstruction would
also improve the quality of breast shape detection, thereby
improving the overall quality of the MR/US fusion. On the
whole, the 3D US surface reconstruction would improve the
current MURAB workflow and make the setup more feasible
for clinical use. Breast surface reconstruction is achieved
by exploiting the transition area from contact to no contact
between the US probe and the breast surface (acoustic/non
acoustic coupling). This transition area has been emphasised
in the confidence maps that have been computed from US
images as part of the previous work [1616]. Validation of
the reconstruction algorithm is done by performing several
experiments on a realistic breast phantom.

In section IIsection II, a detailed explanation of the Methods of
Implementation can be found, followed by the Experimental
Setup and the Results in section IIIsection III. A Discussion about the
results is done in section IVsection IV and the Conclusion of this study
is highlighted in section Vsection V. Possible suggestions for Further
Research are mentioned in section VIsection VI.

II. METHODS

A complete system overview can be found in figure 1figure 1. The
patient is positioned prone on the bed with the breast to be
scanned hanging freely through a hole. The robot has an US
probe attached to its end-effector and is stationed such that it
can be in contact with the breast.

The robot moves around the breast surface on a pre-defined
reference trajectory to acquire US images. This reference
trajectory includes a series of poses of the robot along the
breast surface and is determined by making an assumption
about the shape of the breast. The acquired US images are then
used to compute confidence maps, that provide an indication
on which US scanlines are in contact with the breast surface.

Due to the complexity of the breast shape and in order
to correct for the inaccuracies in the assumption used for
defining the reference trajectory, the robot is controlled using
Confidence Driven Control (CDC) which takes the confidence

maps as input and produces an output that accordingly adjusts
the pose of the robot.

Moreover, since a confidence map highlights the contact
information between the US probe and the breast surface, it
also plays a vital role in breast surface reconstruction.

Each subsystem in the system overview (figure 1figure 1) is de-
scribed in detail in sections II-Asections II-A to II-DII-D.

A. Reference Trajectory

The generation of a reference trajectory is done with
the assumption that the breast shape in a prone position is
comparable to an inverted dome structure. Furthermore, it
involves the creation of a scanning path that comprises of
a series of homogeneous matrices representing a pose of the
robot along the breast surface (expressed in robot base frame).
Accordingly, to ensure contact between the US probe and the
breast surface at all times, a rotation about two axes (the x and
z axes of the robot base frame) has to be taken into account.

This generated reference path is then served as input to the
robot.

B. Confidence Map

The concept of US confidence maps has been developed
by Karamalis et. al. [1818] and has been optimised in the
previous work, Wellerweerd et. al. [1616]. An US confidence
map, C, of dimensions M × N , estimates a continuous per
pixel confidence for the information depicted in the US image
and is computed by using a random walk framework that has
the following constraints [1818], [1919]:
• The top row of the confidence map represents the virtual

transducer elements and is assigned a confidence 1
• The bottom row of the confidence map represents the

absorption region and is assigned a confidence 0
• The rest of the rows have a confidence value ranging

between 0 and 1 and are calculated by using US specific
constraints

Figure 2: An illustration of (Left) US image (Right)
Confidence Map. In the confidence map, it can be seen that
the top row elements are assigned a confidence 1, and the

bottom row assigned a value 0

These constraints are implemented with the help of three
free parameters (α, β, γ): α represents the attenuation coef-
ficient, β is responsible for the accuracy of the segmentation
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Figure 1: System Overview: (Starting from left to right) The Robotic Manipulator is located under the bed in contact with
the patient’s breast hanging in a prone position. An input trajectory is offered to the robot. Confidence Maps computed from

US images serve as input to CDC and Surface Reconstruction of the Breast. The software (coding language) used is
highlighted below the sections.

and γ is the penalty parameter that penalises the confidence in
the horizontal and diagonal directions. An illustration of a con-
fidence map is shown in figure 2figure 2 and a complete explanation
about confidence maps as well as the effects of the varying
free parameters on the map can be found in appendix Aappendix A.

In our study, these free parameters are optimised for per-
forming breast surface reconstruction.

An US confidence map emphasises the regions of acoustic
coupling, further providing information about which US scan-
lines are in contact with the breast and the rough location of
the breast surface. As a result of which, the confidence map
serves as input to both CDC and the surface reconstruction
algorithm.

C. Confidence Driven Control

Due to the difference between the actual shape of the breast
and the assumption made (to generate the reference trajectory),
some amount of error will be present in the trajectory. These
errors are overcome by using the CDC method to control the
robot.

CDC takes the confidence maps as well as a desired amount
of contact (Cs) as input. With the help of a PD controller, the
method results in an output that adjusts the pose of the robot
whenever the amount of contact is greater than or less than
the desired Cs. In this way, CDC ensures the occurrence of
a minimal amount of breast surface deformation and corrects
for the reference trajectory errors.

This control method has been validated as part of the
previous work [2020].

D. Surface Reconstruction

Surface reconstruction, is performed by post processing the
confidence maps in a series of steps explained in detail in
sections II-D1sections II-D1 to II-D5II-D5. The transition between instances of
acoustic and no acoustic coupling provides an indication on
where the breast surface is located, thus making it vital to
enhance the contrast between these regions. This is achieved
by binarising the optimised confidence maps. The next step
in the reconstruction algorithm involves the division of the
binary images into different cases based on the nature of
contact between the breast and the US probe. This division is
mainly used to validate the choice of the thresholding method
used in binarisation. Furthermore, dependent on the amount
of acoustic coupling, the binary images are also assigned a
weighting factor. The transition scanline information is then
collected from only the images with a weighting factor above
1. While, independent of the assigned weighting factor, all the
surface scanline information is collected from every image
and is used in a later stage to assist with surface estimation.
Since the US scanning is performed in the robot base frame,
the information acquired from each image also needs to be
transformed to the robot based frame in order to create a 3D
breast surface representation. Subsequently, a surface estimate
is created for the cases when a transition scanline is not
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determined by using the surface information collected from
the binary images and the assigned weights. With the help of
the transformed transition scanline information as well as the
surface estimates, a dense 3D reconstruction of the breast can
then be created.

1) Image Binarisation: Image binarisation involves the
conversion of per pixel confidence map data into binary data
[2121]. A basic technique of binarisation is thresholding which
is performed using equation (1)equation (1), where B and T represent
the output binary image and threshold respectively and (i, j)
represent the pixel indices.

B(i, j) =

{
1, if C(i, j) > T

0, otherwise
(1)

5 different thresholding methods namely Basic Automatic
Thresholding [2222], Otsu’s Global Thresholding [2323], Modified
Otsu’s Thresholding [2424], Bi-level Thresholding [2525] and
Tsallis entropy [2626] have been validated in this study.

In a binary image, B, acoustic coupling is represented
by the pixels assigned a value 1, while the other pixels
indicate no acoustic coupling. This clear representation of
(no) acoustic coupling facilitates the effortless extraction of
surface information from the image. Each of the vertical lines
(columns) in the binary image represent an individual US
scanline.

2) Case Division and Assignment of Weighting factor:
Based on the nature of contact between the two surfaces, the
binary images are divided into five cases. This case division is
mainly used for the validation of the choice of the thresholding
method. A description of each case can be found below and
an illustration can be seen in table Itable I.

(a) No Contact: The US probe is not in contact with the
breast. Indicating that the breast surface lies below the
current US probe position when looking at the z compo-
nent in the US probe end effector frame.

(b) Partial Contact: Only a section of the probe starting from
one of its short edges is in contact with the breast.

(c) Complete Contact: The entire US probe is in contact with
the breast. During the occurrence of this case, the breast
shape undergoes maximum deformation, thus reflecting
that in the undeformed state, the breast surface would be
located above the position of the US probe when looking
at the z component in the US probe end effector frame.

(d) Contact centered around the Centre Scanline: The contact
between the breast and the US probe is centred around
the mid point of the US probe, thus ensuring an equal
amount of contact between the breast and the US probe
on either side of the scanline.

(e) Interrupted Contact: Since the breast surface is not per-
fectly hemispherical in shape, there are some instances
when the US probe makes contact with two distinct
sections of the breast at the samt time.

Table I: Illustration of the different cases based on the nature
of contact

Nature of Contact Illustration US image Confidence
Maps

No Contact

Partial Contact

Complete Contact

Contact centered
around the Center

Scanline

Interrupted Contact

Upon validation of the different thresholding methods
(figure 13figure 13, appendix Bappendix B), the most efficient method is further
modified to be robust against segmentation errors by eliminat-
ing brief transitions of ones and zeros.

Only the top few layers (20 rows) of B will be processed
since literature stipulates that the skin layer lies in the top
0.5−2 mm in a breast tissue [2727]. The shortened binary image
with size M ′×N is represented by B in the rest of the paper.

With the help of B, the mean (Bmean) of each scanline
can be computed using equation (2)equation (2). The amount of contact
between the breast and the US probe (A), which is represented
by the regions of acoustic coupling in a binary image, can then
be determined from the instances when Bmean is equal to 1.

Bmean =
1

M ′
·
M ′∑
i

B (2)

Due to the elastic properties of the breast, tissue deformation
is inevitable when the breast is in contact with the US probe.
With an increase in the amount of contact between the breast
and the US probe, the amount of tissue deformation caused by
contact forces increases. Thus, depending on the value of A,
a weighting factor w computed using equation (3)equation (3) is assigned
to each image.

w =


1 if A = 1

0, else if A = 0
1
A2 , otherwise

(3)

3) Collection of Surface Information: Using the knowledge
of Bmean obtained from equation (2)equation (2), the transition scanline
between acoustic and no acoustic coupling can be determined.
As seen in the illustration of the cases in table Itable I, a transition
scanline can be obtained for all images except when there
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is complete or no contact between the two surfaces. This is
because in these cases, the binary image is represented by all
ones or zeros respectively.

All the surface scanline information from each image in
the scanning trajectory needs to be collected in order to
assist in computing an estimate for these exception cases.
Furthermore, dependent on whether the scanline information
represents acoustic or no acoustic coupling, it is assigned a
constant as is given in equation (4)equation (4).

R(j) =

{
−1 if Bmean(j) = 1

+1, otherwise
(4)

where j = 1.....N with N depicting the total number of
scanlines (number of columns).

4) Coordinate Transformation from US Image frame to
Robot Base frame Hr

us: Extracted from an image, the surface
information collected in the previous stage is expressed in 2D.
In order to create a 3D representation of the data, a coordinate
transformation from US image frame to the robot base frame
needs to be performed. This is done as follows:
(a) Coordinate transformation from US Probe End Effec-

tor Frame to Robot Base Frame Hr
ee: The coordinate

transformation from US end effector frame to robot base
frame, Hr

ee, can be computed by applying Brockett’s
exponential formula as in equation (5)equation (5) on the robot joint
configuration (q) at each step of data acquisition.

Hr
ee(q1, q2, .., qn) = e

˜̂
T 0,0
1 q1 ....e

˜̂
Tn−1,n−1
n qn ·Hr

ee(0) (5)

where ˜̂
T and Hr

ee(0) represents the unit twist and pose
of the robot respectively both obtained in reference con-
figuration and n represents the degree-of-freedom (DoF)
of the robot.
The US probe end effector frame is computed with
respect to the center of the US probe (center scanline).

(b) Conversion of US image data from pixels to meter scale:
The surface information extracted from an US image
is expressed in pixels. However, the robot configuration
is given in meter scale. Thus, so as to successfully
perform coordinate transformation, the image data needs
to be converted to meter scale. This is achieved using
equation (6)equation (6), where in ppix and d represent the current
scanline in pixels and the US probe width (in meters)
respectively.

pt = ppix ·
d

N
(6)

The center scanline, c, can also be expressed in the meter
scale by using equation (6)equation (6).

(c) Coordinate Transformation from US Image Frame to US
Probe End Effector Frame Hee

us :
The US images are acquired such that the x and z axes
of the US probe are aligned with the image x and y axes
respectively. Thus on conversion to the US probe end
effector frame, there will be no y component.
The coordinate transformation, Hee

us is then calculated
using equations (7)equations (7) and (8)(8) where ptx and cx represent

the x coordinate of the surface point pt and the centre
scanline point c respectively and δz = 0 since both pz
and cz are equal to 1 as seen in figure 3figure 3.

δx = ptx − cx
δz = 0

(7)

Hee
us =


1 0 0 δx
0 1 0 0
0 0 1 0
0 0 0 1

 (8)

Figure 3: Section of the binary image representing the skin
surface. c and pt represent the coordinates of the centre (red)

and transition (blue) scanline respectively

(d) Coordinate Transformation from US Image Frame to
Robot Base Frame Hr

us: The coordinate change is ob-
tained by the multiplication of the two poses Hr

ee and
Hee

us as in equation (9)equation (9).

Hr
us = Hr

eeH
ee
us (9)

5) Surface Estimation: Since no transition data can be
acquired for the cases with complete or no contact between
the US probe and the breast surface, a surface estimation is
computed. This is done with the help of the assigned constants,
weights and transformed surface data acquired from each
image.

The range of points used to calculate the estimate is
selected based on the weights such that it follows a valley
representation with the minimum point representing the weight
of the surface point for which an estimate is to be computed.
After selection of the desired range of surface points, the mean
value of all the selected points assigned a negative and positive
constant are computed separately. The surface estimate is then
taken to be the average of the two mean points.

If a transformed surface point has been assigned contradict-
ing constant values, the value obtained from the image with a
higher weight is considered.

Finally, the point cloud is generated with the help of two sets
of point data: the transformed transition point data acquired
from the binary images and the calculated surface estimates.

During data acquisition and processing, some amount of
noise is induced into the point cloud, thus making smoothing
essential. The clearly distinguishable outliers are eliminated
using k-nearest neighbours outlier removal approach, where
in points with low local density are eliminated. The data is
then smoothened using a single iteration Laplacian Smoothing
method [2828]. Additional filtering is done by eliminating the
points that are a short distance away (less than 1 mm) from
each other and have a relatively lower assigned weight.
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b.

KUKA Med

End-effector

Telemed

Phantom
Markersa.

Figure 4: Experimental Setup: a) A zoomed in version of the
breast phantom with the US end effector in Vertical
Orientation. b) The 7DoF KUKA Med Robot with a
Telemed linear US probe attached to its end effector

stationed to be near the breast phantom.

III. EXPERTIMENTS AND RESULTS

A. Experimental Setup

The experimental setup, as seen in figure 4figure 4, comprises
of a 7 DoF robotic manipulator, KUKA LBR Med 7 800
(KUKA GMBH, Germany), that has a Telemed linear US
probe (Telemed, UAB, Lithuania) attached to its end effector.
The US probe is connected to a MicrUS EXT-1H (Telemed
UAB, Lithuania) with which US images are streamed at an
update rate of 40 Hz.

A breast phantom is produced from the surface recon-
struction of a breast MRI taken in a prone position. The
characteristics of a real breast tissue are replicated into the
phantom by using two moulds, an outer mould depicting the
breast shape and an inner mould. The dimensions of the
inner mould are selected such that there is a 5 mm gap
between both the moulds. This hollow region is filled with a
PVCP/Plasticizer (100%/0%) mixture (Bricoleure, France) in
order to represent the skin layer. The rest of the volume is then
filled with a combination of PVCP/Plasticizer (100%/0%) and
PVCP/Plasticizer (70%/30%) strands.

Software: As shown in figure 1figure 1, the surface reconstruction
algorithm is developed using MATLAB 2021a. The rest of the
procedure is built using C++.

B. Experiments

10 scans are performed for each varying US probe orienta-
tion and Cs value taken as input in CDC. The Cs values were
varied between 15-20% of the set confidence (Cs = 0.5) used

in previous work [2020]. At the start of each scan, the robot is
positioned such that the US probe has little to no contact with
the breast surface. A section covering approximately 75° of
the entire breast (from the starting point) is scanned.

An overview of the experiments performed is given in
table IItable II.

Table II: Experimental Overview: 10 scans performed with
each orientation and Cs value. The range is selected such that
instances with a small amount of deformation are included.

Probe Orientation Confidence Driven Control
Cs Range

Horizontal / Vertical
0.3 0.2-0.4
0.5 0.2-0.7
0.65 0.2-0.8

C. Results

The desired experiments were conducted successfully. All
the 3D surface plots are presented together with the ground
truth, MR|Stereo Camera surface reconstruction. A single
instance for the 3D breast surface reconstruction with the
probe in the horizontal and vertical orientations is visualised
in figure 5figure 5.

Figure 5: Dense US Surface Reconstruction (red dots) for a
section of the breast superimposed with the ground truth

MRI|Stereo Camera Reconstruction (blue). Both 3D surface
plots were from the respective Scan 2 with Cs = 0.3

The accuracy of the reconstruction is calculated by deter-
mining the Cloud to Cloud distance between the calculated
surface reconstruction and the ground truth using CloudCom-
pare software [2929]. Additionally, the location of the calculated
surface reconstruction with respect to the ground truth is
determined by computing the distance of each reconstruction
from the centroid of the breast (determined from ground truth).

A complete overview of the results can be seen in table IIItable III.
It was found that the mean error is lowest when Cs = 0.3
equating to 3.78 mm for both the horizontal and the vertical
probe orientations. However, a larger surface area was scanned
with the probe in horizontal orientation, thus indicating that the
horizontal reconstruction with Cs = 0.3 has a higher accuracy.

With reference to figure 6figure 6, wherein the image shown rep-
resents the surface reconstruction of the probe in horizontal
orientation when Cs = 0.3, it can be seen that the error at the
start of the trajectory is in the sub-mm range and increases
to as high as 6 mm as the robot approaches the nipple. Thus
demonstrating an increase in the reconstruction error with a
decrease in the radius of curvature of the breast. The increase

7



Table III: A complete overview of the results including the average number of Image frames taken in each scan and the
number of points in the surface reconstruction

Probe Orientation
Horizontal VerticalSet Confidence Value Cs

for Confidence Driven
Control Average Number

of Image Frames
Mean Error

(mm)
Std

(mm)
Number of points

after filtering
Average Number
of Image Frames

Mean Error
(mm)

Std
(mm)

Number of points
after filtering

0.30 1277 3.78 1.71 1528 752 3.78 1.08 486
0.50 1204 7.03 1.89 702 692 5.28 1.30 402
0.65 1204 9.88 2.24 423 709 8.45 1.77 246

Figure 6: Error between calculated surface reconstruction
with US images (multi-coloured point cloud) vs Reference
Ground Truth Surface Reconstruction (black point cloud).

The colour map is in meter scale. Representation is of Scan
2 with Cs = 0.3 and Horizontal Probe Orientation

Figure 7: Slices of the xy−plane of the 3D reconstruction
(with horizontal probe orientation) taken at different value of

z to illustrate the change in occurring deformation.

in deformation with decreasing radius of curvature is further
visualised in the slices of the 3D breast (along the xy−plane)
taken at z = 1.01 m, z = 1.025 m and z = 1.035 m in
figure 7figure 7. Furthermore, in figure 7figure 7, it can also be observed
that as Cs increases, the amount of deformation increases,
contributing to the increase in both the mean error and standard
deviation (std) witnessed in table IIItable III.

Attributing to the tissue deformation caused by US probe
forces (as seen in figures 6figures 6 and 77), it was also found that the
US surface reconstruction was located inside the ground truth
for all the performed experiments. The reconstruction error
map as well as the image slices for the 3D reconstruction
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Figure 8: Error bars demonstrating the mean error and
standard deviation for each experiment performed

of the breast surface with a vertical probe orientation can be
found in figures 14figures 14 and 1515 (appendix Cappendix C).

The mean error and std for each scan can be found in
figure 8figure 8. The figure indicates that the reconstruction of the
breast surface with horizontal probe orientation had a similar
error for all scans performed for each value of Cs, thus
indicating that the reconstruction with a horizontal probe
orientation has good repeatability. However, in the case of a
vertical orientation, there is a larger variance in the determined
error values for Cs greater than 0.3.

IV. DISCUSSION

The aim of this research is to perform 3D surface re-
construction of the breast with autonomously acquired US
images. This is achieved by emphasising the regions of acous-
tic coupling in an US image and further extracting surface
information to create a dense 3D reconstruction.

A. Surface Reconstruction

Due to the novel nature of the topic under study, no
literature based comparison is performed with other 3D US
breast surface reconstructions. Breast surface reconstruction,
as mentioned in section Isection I, is currently performed using a
camera and a marker based MRI data registration system [1717],
and is considered to be the ground truth in this study.

Firstly, in section III-Csection III-C, we demonstrated that the 3D breast
surface reconstruction with US images is feasible. The effects
of varying US probe orientation and Cs on the reconstruction
when compared to the ground truth were also determined.

In table IIItable III, a trend of an increasing error with an increasing
Cs is visible, indicating that the surface reconstruction per-
formed with Cs = 0.3 resulted in the highest accuracy with a
mean error of 3.87 mm. This trend thus suggests that lowering
the value of Cs, could result in an improved accuracy. There
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will, however, be a lower limit on Cs below which surface
reconstruction would not be possible, since there would be
no contact between the US probe and the breast surface. It
was also found that surface reconstruction was possible with
Cs = 0.5 (as was used in previous work, Wellerweerd et. at.
[2020]), but with a trade-off of decreased accuracy.

Figures 6Figures 6 and 77 show that the surface reconstruction error
increases with a decrease in the radius of curvature. This is
attributed to the additional deformation caused by the US
probe in order to ensure that the desired Cs is obtained with
the decreased radius.

Table IIITable III also demonstrated an increased error for a lesser
amount of data acquired when performing the scans with a
vertical probe orientation. This increase in error is a conse-
quence of the instability in the PD controller that resulted in a
vibration of the breast when in contact with the unstable US
probe. Furthermore, the variance in the error seen in figure 8figure 8,
for the vertical probe orientation, could be a result of the
difference in the amount of data acquired in each scan. This is
because the measurements were ended when the control turned
unstable.

The algorithm for surface reconstruction takes approxi-
mately 5 seconds processing time after image acquisition and
is developed on a breast phantom with a high stiffness and
a large size. The stiffness of the breast tissue depends on
the composition of dense and fatty tissues inside the breast.
Breasts with a high fat composition have a low stiffness and
are easily deformed. Independent of stiffness, for breasts of
larger size, the developed algorithm should be successful.
However adjustments to the image acquisition would need to
be implemented in order to ensure that the data is acquired
in a stable manner with minimal surface deformation. For a
smaller breast size, however, adjustments would need to be
implemented to the surface reconstruction algorithm. This is
because as the breast size decreases, the surface tends to flatten
out, resulting in a larger amount of contact between the US
probe and the deformable breast.

Moreover, the ground truth reconstruction in itself had a
mean error of 2.86 mm. This error could be attributed to errors
in the stereo camera calibration including lens distortion or
incorrect stereo matching of landmarks found in each camera
image [3030]. A deviation in the marker locations from the
acquisition of the MR scan to that of the stereo camera as well
as external deformations and ageing of the phantom could also
contribute to an increase in the recosntruction error.

B. Clinical Practice

In this study, it is shown that surface reconstruction can be
performed without the use of multi-modality markers. Thus,
these markers can be eliminated from the workflow making it
more robust for use in a clinical environment.

Furthermore, prior to US image acquisition, it is essential
that acoustic gel is applied to the US probe to reduce the
acoustic impedance mismatch between the US probe and
the breast surface. This is because there is a high acoustic
impedance mismatch at the interface of the two surfaces which

results in the transmission of only a small amount of US signal
through the tissue [3131]. Due to the acoustic properties of the
materials used in the manufacturing of the breast phantom, the
application of acoustic gel was not necessary while performing
the experiments in this study.

V. CONCLUSION

In this work, we proposed an algorithm for the surface
reconstruction of a soft tissue, the breast, with autonomously
acquired US images. This was done by emphasising the
regions of acoustic coupling by using confidence maps and
with image binarisation. The validation of the thresholding
methods used in binarisation indicated that the Basic Auto-
matic Thresholding Method had the highest accuracy with an
average Misclassification Error, Peak Signal-to-Noise Ratio,
F-Measure and Normalised Correlation Coefficient of 0.076,
12.63, 0.93 and 0.85 respectively. The breast surface recon-
struction results demonstrated that a minimal error of 3.87 mm
was found when the desired amount of contact was 30% the
US probe width and the probe was in horizontal orientation.
It was also found that the reconstruction error increased with
an increase in the amount of acoustic coupling and with a
decrease in the radius of curvature of the breast. The results
also indicated an increased accuracy and repeatability for the
reconstruction with the probe in horizontal orientation.

VI. FURTHER RESEARCH

Estimation of the amount of deformation that occurs due
to probe contact forces using mathematical models such as
Finite Element Model and Mass Spring Model can help in
reducing the reconstruction error [3232], [3333]. Based on these
models, a correction to the calculated surface reconstruction
can be executed. Per-pixel correction for tissue deformation
using non-linear extrapolation methods could also be utilised
in order to find the location of the pixels in their undeformed
state [3434]. Alternatively, another approach is to compute the
error locally per point and based on statistical sampling correct
for the deformation [3535].
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APPENDIX

APPENDIX A
CONFIDENCE MAPS

An illustration of the grid walk implemented for computing
a confidence map can be seen in figure 9figure 9.

Figure 9: Representation of the random walk framework in
an 8 connected graph [1818].

In order to obtain the confidence map, the image is first
represented as a graph G = (V,E) as seen in figure 9figure 9, where
nodes v ∈ V and edges e ∈ E [1919]. An edge is basically a
connection between two nodes, for instance an edge between
node vi and vj is represented as eij . For an 8 connected
graph, the edges can be taken in the horizontal, vertical and
diagonal directions, such that EH ∪EV ∪ED = E where EH ,
EV , ED represent the horizontal, vertical and diagonal edges
respectively. These edges are also marked in figure 9figure 9.

Each of these edges are then assigned a weight wij , which
is influenced by the three free parameters briefly described in
section II-Bsection II-B [1818]. The influence that each of these parameters
has on the confidence map is as follows.

As indicated in section IIsection II, α controls the acoustic absorption
and thus scales the confidence in the vertical direction. In
(figure 10figure 10), it can be seen that the confidence diminishes faster
in the vertical direction for a higher values of α.

=1 =2 =3.5

Figure 10: Varying α parameter, with constant β = 105 and
γ = 0.2

The manipulation of β in figure 11figure 11 shows that a lower value
of β, provides a lower amount of contrast, thus reducing the
accuracy of segmentation.

=65 =105 =150

Figure 11: Varying β parameter, with constant α = 2 and
γ = 0.2

The penalty parameter γ needs to be selected such that there
is a balance between the confidence and the discontinuities in
the horizontal and diagonal direction. As seen in figure 12figure 12,
with the increase in γ, the amount of discontinuity increases.

=0.02 =0.2 =1

Figure 12: Varying α parameter, with constant α = 2 and
β = 105

APPENDIX B
IMAGE BINARSIATION

The segmentation output of each thresholding method can
be seen in figure 13figure 13. The four metrics used for the validation
of the binarisation method are described briefly below.
• Metric 1: F-Measure (FM) [3636]

F-Measure is dependent on the number of true positive
(TP), false positive (FP) and false negative (FN) pixel
values, and ranges between 0 and 1. It can be calculated
using

F −Measure =
2 · Precision · Recall
Precision + Recall

Precision =
TP

TP + FP

Recall =
TP

TP + FN

(10)

• Metric 2: Peak Signal to Noise Ratio (PSNR) [3636]
In binary classification, the PSNR reflects the closeness
to the ground truth. It provides the ratio of the power
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Figure 13: Binarisation of the different cases (based on the amount of contact) using different thresholding methods

of the signal to the corrupted noise in the signal. In
equation (11)equation (11), A, B represent the ground truth and de-
termined binary image, c is the maximum pixel intensity
difference, and M ×N is the image size.

PSNR = 10 · log10(
c2

MSE
)

MSE =

M∑
m=1

N∑
n=1

(A(m,n)−B(m,n))2

MN

(11)

When the ground truth and the binarised image are
identical, the PSNR will be equal to ∞.

• Metric 3: Misclassification Error (ME) [3737]
ME indicates the number of pixels that are wrongly
assigned to the background instead of the foreground and
the vice versa. F0, B0, FA and BA indicate the ground
truth foreground and background and the calculated fore-
ground and background respectively.

Misclassification Error = 1− |FO ∩ FA|+ |BO ∩BA|
|BO|+ |FO|

(12)
• Metric 4: Normalised Correlation Coefficients (NCC)

[3636]
NCC finds patterns in the images and is used to find ex-
tent of similarity between two images, when considering
them as multi dimensional arrays. Ā and B̄ represent the

mean of the array images.

NCC =

M∑
m=1

N∑
n=1

(A(m,n)− Ā)(B(m,n)− B̄)√∑
M

∑
N

(A(m,n)− Ā)2
∑
M

∑
N

(B(m,n)− B̄)

(13)

The ME, F-Measure and NCC range between 0 and 1 while
PSNR ranges from 0 to ∞. The higher the metric value
for F-Measure, PSNR and NCC the better the thresholding
implementation, since the calculate image provides a better
estimation of the ground truth. On the contrary for ME, the
lower the error, the better the implementation.

APPENDIX C
SURFACE RECONSTRUCTION

Due to the lower accuracy of the experiments performed
with the US probe in Vertical Orientation, the output surface
plots of the reconstruction can be found below.
The surface reconstruction of the breast with approximate
distances from the ground truth is visualised in figure 14figure 14.
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Table IV: Evaluation of different Binarisation techniques for different cases depending on the amount of acoustic coupling

Contact Evalutation Method Global Thresholding Method
Basic Otsu Modified Otsu Bi-Level Tsallis Entropy

No Contact

Misclassification Error 0.11 0.6 0.27 0.3 0.34
PSNR 9.91 2.29 5.87 5.43 4.85

F Measure 0.9 0.02 0.71 0.67 0.6
NCC 0.79 0.07 0.57 0.54 0.48

Partial Contact

Misclassification Error 0.09 0.56 0.23 0.26 0.3
PSNR 11.75 2.59 6.5 6.2 5.36

F Measure 0.92 0.02 0.74 0.7 0.63
NCC 0.84 0.07 0.61 0.58 0.52

Complete Contact

Misclassification Error 0.1 0.56 0.23 0.26 0.3
PSNR 11.52 2.64 6.61 6.29 5.43

F Measure 0.92 0.02 0.75 0.71 0.63
NCC 0.83 0.07 0.62 0.59 0.52

Contact centered
around the Center

Scanline

Misclassification Error 0.02 0.35 0.09 0.16 0.14
PSNR 17.75 4.51 10.67 8.00 8.53

F Measure 0.98 0.07 0.87 0.73 0.76
NCC 0.96 0.16 0.82 0.67 0.71

Interrupted Contact

Misclassification Error 0.06 0.52 0.19 0.22 0.26
PSNR 12.2 4.73 2.98 7.08 6.09

F Measure 0.93 0.33 0.78 0.74 0.66
NCC 0.87 0.08 0.68 0.64 0.57

Figure 14: Error between calculated surface reconstruction
with US images (multi-coloured point cloud) vs Reference
Ground Truth Surface Reconstruction (black point cloud).

The colour map is in meter scale. Representation is of Scan
2 with Cs = 0.3 and Vertical Probe Orientation

The deformation of the breast surface can be seen in the
slices of the xy−plane of the 3D reconstruction at distinct
values of z in figure 15figure 15. Due to the instability in control during
image acquisition, relatively less data was acquired, thus the
slices were taken at z = 1.02 m and 1.02 m for each value
of Cs.

Figure 15: Slices of the xy−plane of the 3D reconstruction
(with vertical probe orientation) taken at different value of z

to illustrate the change in occurring deformation.
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