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Abstract—Teleoperated ultrasound (US) imaging is increas-
ingly used in a wide range of clinical applications, enabling
remote examination while reducing operator exposure and op-
erator burden. However, acquiring high-quality US images in
teleoperated and robotic settings remains challenging, partic-
ularly, as the operator must simultaneously maintain acoustic
coupling between the probe and the tissue, orient the probe
appropriately with respect to the body surface, and compensate
for body motion such as respiration or patient movement. These
requirements impose a significant cognitive workload and are
commonly addressed using force-based control strategies that do
not explicitly account for image quality.

This paper presents a teleoperated robotic US imaging
framework that integrates confidence-map-based visual servoing
(VS) to autonomously optimize probe-tissue acoustic coupling
during imaging. Image features derived from confidence maps
are defined to regulate the vertical translation and in-plane
orientation of a teleoperated robot-held US probe, ensuring
continuous contact and near-normal incidence to the tissue
surface subject to motion. This allows the operator to focus
exclusively on tissue scanning without the need to manually
adjust probe contact or orientation. The proposed approach
does not require anatomical models, external tracking systems,
or force control as the primary contact regulator, making it
well-suited for teleoperated ultrasound imaging across dynamic
clinical scenarios. The framework is experimentally validated
using realistic lung and kidney mannequins, demonstrating its
ability to provide continuous imaging while maintaining optimal
acoustic coupling even under respiratory motion.

Index Terms—Lung Ultrasound imaging, Teleoperation,
Robotic ultrasound imaging, Confidence map, Acoustic coupling

I. INTRODUCTION

Teleoperated ultrasound (US) imaging is increasingly
adopted across a wide range of clinical applications, enabling
remote examination while reducing operator fatigue [1]-[3].
In many use cases, including lung, breast, liver, and kidney
imaging, US provides a radiation-free and real-time alternative
to imaging modalities such as computed tomography and
radiography [4].

In a teleoperated system, the user operates the robotic agents
from a joystick. These systems are designed within three
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frameworks, i.e., unilateral teleoperation, bilateral teleopera-
tion, and collaborative/shared control. These frameworks differ
in the presence or absence of force feedback, and in the degree
of autonomy granted to the teleoperated robot [5], [6]. US
imaging is one of the most studied uses of such systems
[7], [8]. Examples of unilateral teleoperation for ultrasound
imaging are provided in [9]-[12]. To partially restore the
feeling of interacting with the remote environment, the system
designed in [13] provides a mock-up probe and a flexible
synthetic platform as the control console; however, it may not
perfectly mimic the patient’s anatomy.

Shared control is useful in addressing target motion and
tissue deformation. In teleoperated US, the robot holding the
ultrasound probe can automatically be controlled to ensure
appropriate contact with the tissue, while the teleoperator only
commands the robot to slide along the tissue’s surface. En-
suring proper probe/tissue contact remains a major challenge:
insufficient contact force leads to poor acoustic coupling and
unclear images, while excessive force can deform the tissue
unnecessarily [14]. A dedicated force controller is commonly
used to limit the applied force, such as hybrid force/position
controllers [15], impedance controllers [16], and admittance
controllers [17], [18]. Force sensors are usually expensive and
noisy, and the measured force varies with sensor orientation
and probe weight, requiring precise online calibration [19],
[20]. Furthermore, force control is usually only implemented
along the US probe’s longitudinal axis [21]-[24], where the
controller maintains a constant force but neglects the resulting
image quality. In practice, the body surface is uneven, and it
is desirable to orient the probe orthogonally to the surface.
Several works have addressed this issue by comparing real-
time ultrasound images with preoperative images to adjust the
contact force [16], [25]. Others, such as Tsumura et al. [26],
designed actuated end-effectors that acquire diagnostic images
with minimal contact force.

In more advanced approaches, an initial path is derived from
preoperative images and then adjusted during the procedure.
Adjustment methods include trajectory planning with surface
perception [27], pose estimation using RGB-D cameras [15],
[28]-[30], patient-to-MRI registration [16], [31], and contact
posture estimation with optical waveguide force sensors [32].
In parallel, different methods can also adjust the tissue-probe
contact force during scanning. Examples include a passive



spring-based mechanism that pushes the probe against the
tissue [33], online optimization to determine the local tissue
normal [19], reinforcement learning [34], and task-space com-
pliance control [35].

Rather than relying on force sensors, it is possible to
quantify the probe/tissue acoustic coupling from quantitative
metrics of the US image itself. Confidence maps, initially
proposed in [36], are pixel-wise probability maps showing
the reliability of detected features or regions within an image.
Chatelain et al. [37] used confidence maps to orient an US
probe during teleoperation to achieve optimal image quality
and to maintain a target centred in the image in an automated
imaging algorithm. With a similar approach, confidence map
is also used by Jiang et al. [38] to optimize the in-plane orien-
tation of the probe in an automatic positioning task. However,
in both of these works, the contact force is only controlled
along the probe’s vertical axis, requiring an estimation of the
probe’s mass, spatial transformations, and the contact stiffness.

In this paper, we propose to integrate confidence maps with
visual servoing (VS) to continuously optimize probe-tissue
acoustic coupling during teleoperated imaging. The operator
uses a haptic device to control the position of a robot arm
holding the US probe. As they scan the surface of the tissue,
the robot autonomously controls the probe’s vertical transla-
tion and in-plane rotation to maintain contact and near-normal
incidence to the tissue surface, using image features derived
from confidence maps. This enables the operator to focus
exclusively on imaging intent and anatomical exploration,
without the need to manually adjust probe orientation or
contact force. Unlike prior approaches that use confidence
maps for one-time probe alignment or as supervisory quality
indicators, the proposed method incorporates image features
derived from confidence maps directly into the controller while
imaging a moving tissue surface.

The proposed framework does not require prior knowledge
of patient anatomy, external tracking systems, depth cameras,
or force control. Instead, acoustic coupling is formulated as an
image-quality optimization problem driven solely by real-time
ultrasound images. The approach is computationally efficient
and well-suited for real-time deployment. The paper is orga-
nized as follows. Section 2 introduces the proposed confidence
map-based VS algorithm, the image features, and the robot
control law with shared autonomy through teleoperation. The
experimental setup is presented in Section 3, where the US
probe is connected to a robot arm controlled through the
teleoperation setup. The feasibility of the proposed method
is then demonstrated for 2 different test scenarios in Section
4, followed by a discussion of the obtained results. Finally, in
Section 5, a concluding discussion and recommendations for
future work are presented.

II. UNIFIED ACOUSTIC COUPLING AND TELEOPERATED
IMAGING

Consider an US probe attached to a robotic arm as in
Fig. 1(a). The operator slides the US probe on the tissue
surface via a haptic device, while the robot automatically
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Fig. 1. Robotic US scanning on a lung mannequin in (a) showing the
robot arm, the US probe, and the lung mannequin. The mannequin simulates
breathing with an internal air pump, which causes the surface to move up and
down. In Fig. (b) the force sensor frame °F is defined at the centre of the
sensor (the force sensor is not used in the controller), the US probe frame
PF placed at the centre of probe’s imaging surface, and frame 8 F defined at
the probe’s centre of mass.

(b)

optimizes the probe-tissue acoustic coupling. Therefore, the
objective of the controller is to follow the operator’s command
in 4-DOF but also to find the velocity of the robot’s end
effector required to satisfy two complementary objectives:
keeping the probe in contact with the body surface (v¢), and
following the operator’s scanning path commands (vr). Let
the probe velocity vector, as depicted in Fig. 1(b), be:

w T, ()

where v = [u, 0 v, w, w, O0]T is a vector of de-
sired velocities received from the haptic device, and vg =
0 v, 0 0 0 w,]T contains the angular and linear
probe velocities required to ensure acoustic coupling. The
control problem can be formulated by superposition, with v
calculated via the VS algorithm [39].

Considering the VS algorithm with the velocity vector v, €
R2*! containing the nonzero elements from v defined in the
probe frame PF (see Fig. 1b) and assuming s € R?*! to be a
vector of measurable and differentiable image features, these
two vectors can be related as:

V=ve+vVvr=[U; Uy U, Wy Wy

s = Lyvg, 2)

where L, € R?%2 is the interaction matrix representing the
relation between V’C and s. If the vector of desired features is
s*, the error between the desired and current image features
is e = s* — s, and the control action is:

ve =KLl (s" —s), 3)

where K, € R?>*2 is a positive diagonal matrix and L is
the inverse of L. This formulation can be shown to decrease
the error exponentially, making the features extracted from the
real-time images converge to the desired features [40].
Traditionally, the interaction matrix is made up of the partial
derivatives of the image features with respect to the camera
speed. Here, we used a different approach where L in (3)



Haptic device

Robot arm

Force Sensor

US probe

Gain Adaptation
with Force Constraint

Confidence-based |K»
VS Controller

s*—s

s* CW Feature

9% 9*_,®
%

~ . Acoustic Contact Controller

Extraction
6,0

1

1

1

1

Human Operator :
\ 1
A 1

1

1

1

\

Realtime US image

Fig. 2. Block diagram of the proposed algorithm. Real-time US images
are used to calculate intensity-weighted (IW) and confidence-weighted (CW)
features, which are sent to the VS controller to determine the US probe’s
speed. The VS control gains are updated according to the current feature
values and force constraints.

is arbitrarily chosen among possible generalized forms, such
that the probe velocity can be directly written as a function of
the image feature error [37]. In this way, it is not necessary to
compute the inverse of L. Fig. 2 depicts the proposed control
approach. The next step is to define appropriate desired image
features that are indicative of acoustic coupling between the
probe and tissue.

A. Image Features Definition

Image moments of different orders are widely used as
image-defining features in computer vision, and their choice
is essential to achieve convergence of the controller [41]. We
propose to use confidence-weighted image moments, calcu-
lated over the confidence map of the US images, to control
the probe-tissue contact.

A confidence map is a pixel-based probability map that
shows which parts of the image are most reliable, helping
assess the quality of the data across different parts of the
image. The complete algorithm can be found in [36]. The
probability of each pixel in the map depends on the tissue
properties and on the path travelled by the acoustic signal. In
our application, two main factors can affect the confidence
map: The loss of the US signal due to weak or improper
acoustic contact, or the existence of a strongly reflective object,
such as a rib bone, both of which reduce the confidence level
beneath them. These effects can be seen in Fig. 3.

Inspired by [37], we use the barycentre of the confidence
map and an associate image feature to orient the probe about
PZ (see Fig. 1b), and a second feature to move the probe along
PX. Confidence map-weighted image moments of order i + j
may be derived from the confidence map as:

cmy; = // zty? C(z,y) dx dy, %)
H

where C(x,y) € [0,1] is the confidence of each pixel, and H
is a section of the image. Since these moments are solely
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Fig. 3. A sample US image of the a lung phantom (left) when the probe is
in partial contact with the tissue and the confidence map (right) showing the
effect of improper contact and the rib bone as a highly reflective object. The
image section # is shown. In this image, § = 0.33, and 6 = 14°.

used for contact control, the existence of highly reflective
objects in the image should not affect them. Therefore, H
is defined at the top of the image corresponding to the skin
layers (see Fig. 3). Two corresponding image features can now
be defined. The first feature is the normalized confidence ¢ in
‘H. It quantifies the contact between the probe and tissue as

0= (cmoo)nfl, 5)

where n is the total number of pixels in H. When the US
probe makes full contact with the tissue § — 1, indicating
high confidence. As the probe loses contact, 6 — 0 indicates
low confidence. Therefore, we can use § to control the probe
vertical displacement by choosing L; = [-1 0], as the first
row of Li in (3), and defining the probe velocity along the y
axis as:

vy = —ks (6" —0), (6)

where ¢* is the desired § and ks > 0 is a control gain. The
second feature gives the orientation of the probe with respect
to a vector normal to the tangent of the tissue surface as:

(7

f = arctan (leo ~ (mia) (cm00)>

cmo1

where x,,;4 is the horizontal middle point of the image.
The angle 6 can be employed for controlling the probe’s in-
plane orientation by choosing the second row of L in (3) as
L;r) = [0 —1], and defining the rotational component of probe
velocity about the z axis as:

w, = —ky (0% — 0), (8)

where 6* is the desired 6, and ky > 0 is a control gain. If
6* = 0, the probe is controlled to align with a vector normal to
the tissue surface. Since the above is only valid when the probe
is in contact with the tissue, 6 must be greater than a minimum
value and (8) is reformulated with a Sigmoid activation term
that depends on § as:

1

W, = —k@ (9* _ 9) 1 + e((amin*5)7

€))

where 0,,;, is a predefined threshold and ¢ >> 1 is a
coefficient of the sigmoid function.



Algorithm 1 Teleoperated VS with acoustic coupling

Input: real-time 2D US image

Output: probe velocities v

Initializing:

Set desired features 6* and 6*

Set controller parameters: ks, kg, C, Omin, and frqaz

while probe is teleoperated do
Capture real-time US image
Calculate confidence map and extract features (5), (7)
Update variable gain matrix K,
Calculate velocity v, (3) and then v¢
Read teleoperation velocity command v
Calculate probe velocity v = vo + v
end while

B. Force Constraint

While the confidence-driven visual servoing algorithm does
not require any sensors other than an US probe, in this section
add an optional constraint to the vertical force f, the US
probe applies to the tissue. The maximum force constraint can
be applied by multiplying the control law (6) by a Softplus
activation function as:

vy = —ks (8% —8) log [1 + S mas=1y) (10)

The additional term in the above equation acts as a variable
control gain that increases with the difference between the
vertical force f, and maximum allowed force f,q,. The force
fy is the second component of the force tensor in the probe
frame PF, that is fy = [0 1 0 0 0 0] Pfey, where:

(1)

and T and g I are the force/torque transformation matrices
from 5F to PF and from &F to °F, respectively, with the
coordinate frames given in Fig. 1(b). For any two coordinate
frames a and b, this transformation matrix is defined as:

R 0
b _ a
T = [{bta]x 'R :R}

pfext = IS)T (Sfraw - ZT gfg - sfoffset) )

12)

where ®R. and ®t, are the rotation matrix and the translation
vector relating two coordinate frames. Here, [t,]« represents
the cross product or the skew-symmetric matrix associated
with vector Pt,.

The acoustic contact control can be formulated in a VS
algorithm, as in (3) where the feature vector is s = [0 6]7,
L is a 2 x 2 negative identity matrix, and K,, is a diagonal
positive definite matrix whose values are:

kl,l = ks 10g |:1 + eC(fm‘”’_fy):| s
-1
Faz = ko |1+ eCOmn=0] (13)

Finally, the probe velocity vector v is achieved by adding the
decoupled vectors vo and vr. The overall algorithm is briefly
explained in Algorithm 1.

(2)

Fig. 4. Experimental setup in Scenario 1 (a) and 2 (b) using a kidney
and a lung mannequin, respectively. (c) The master haptic device used for
teleoperated US scanning. The operator scans the desired area using the haptic
device, while the robot automatically ensures the proper contact between the
probe and the body surface.

III. EXPERIMENTAL VALIDATION AND RESULTS

To validate the proposed method we used the setup shown
in Fig. 4, where a 40mm, 7.5 MHz US probe (L15-7H40-
AS from Telemed Ultrasound, Vilnius, Lituania) is attached
to the end-effector of a 6-DOF robot arm (MecaS500 from
Mecademic, Montréal, Canada) through a force/torque sensor
(Medusa FT from Bota Systems, Zurich, Switzerland). The
US machine streams images at 50 Hz with a depth set to 40
mm. The operator uses a 7 DOF haptic device (Lambda 7 from
Force Dimension) to scan the desired tissue area of the lung or
kidney phantoms. The algorithm is implemented on an Intel(R)
Core i7-9700K computer with a 3.20 GHz CPU and 128 GB
of RAM. Matlab is used for US image acquisition and robot
control. Both the robot and the haptic device communicate
with the computer via EtherCAT/TwinCAT3. Two different
test scenarios are implemented using realistic kidney and lung
mannequins.

Scenario 1 - Kidney mannequin experiments: In this sce-
nario, see Fig. 4(a), we use a renal biopsy US training
mannequin (CAE Blue Phantom, USA) to provide realistic
US images and replicate the human anatomy, including ribs,
the right kidney with surrounding tissue, and the immediate
renal system. We ran 10 trials, during which the operator was
scanning the kidney over a 10 x 10 cm? area in 1 minute.

Scenario 2 - Lung mannequin experiments: In this scenario,
see Fig. 4(b), we use a lung US training mannequin (CAE
Blue Phantom’s COVID-19 Lung Simulator) that simulates
breathing motion and realistic US images of the left lung
with surrounding tissue and ribs. The mannequin simulates
breathing with 15 breaths per minute, which is the average for
a healthy adult. We ran 10 trials, where the operator scanned
the lung over a 20 x 20 cm? area.

Before running the scanning procedure, the US probe is
positioned above the tissue surface at a distance of 5-10 cm. As
the control procedure begins, the robot automatically moves
the probe to make contact with the tissue, after which the
operator will start to see US images. In the rest of the trial,
the robot follows the operator commands and scans the tissue,
while the probe is kept in contact with the tissue. The desired
normalized confidence and other controller parameters were



TABLE 1
AVERAGE MEDIAN (MED.) AND INTERQUARTILE RANGE (IQR) FOR THE
TWO CONTROLLED IMAGE FEATURES AND THE PROBE/TISSUE CONTACT
FORCE DURING SCANNING IN ALL TRIALS IN SCENARIOS 1 AND 2.

Y 6 (deg) Jy (N)
Scenario  Med. IQR Med. IQR Med. IQR
1 0.43 0.045 -3.50 8.87 2.41 1.05
2 0.41 0.051 -5.60 11.25 2.95 1.66
0.57
0.45
034
o
0
50
o
2 o]
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-50 -, 1
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Fig. 5. Results from a trial in Scenario 1. The plots show the measured and
desired features § and 6, calculated from (5) and (7) based on real-time US
images. The highlighted areas indicate two phases of the procedure. In the
first step (orange), the robot moves the US probe, initially placed away from
the body, towards the body surface and adjusts its orientation for full contact
until the operator sees a proper US image, after which the operator starts
scanning the area while the full contact is ensured automatically (green). The
desired features are set to 6* = 0.45 and 6* = 0.

selected as follows: ks = 1.8, kg = 0.2, ¢ = 100, 6in =
0.30, 6* = 0.45, and fiar = 7 N.

Fig. 5 shows the real-time and the desired image features
(i.e., 0 = 0.45, 8* = 0) of a representative trial in Scenario
1. As we can see, during the scanning procedure, these
features that are controlling the vertical displacement v, and
the rotation w, of the probe are kept close to the desired
values to maintain probe-tissue contact on the uneven surface.
Fig. 6 shows the results of a trial in Scenario 2. While in this
scenario breathing motion is added, features fluctuate around
the desired values still ensure successful probe-tissue contact.
Seven US images captured at different time steps during this
trial are also shown in Fig. 7 along with the vertical force value
applied to the tissue, showing how the controller guaranteed
that the force did not exceed the maximum value.

Table I provides a summary of experimental results with
the average values of median and interquartile ranges of
features and vertical force value in all tests in both scenarios.
The applied force in both test scenarios remained bellow
the maxixum desired force, while consistent confidence-based
features confirm the functionality of the proposed method
in automating the acoustic coupling during teleoperated US

0.507
0.45

0.304

f (deg)

0 time (s) 60

Fig. 6. Results from a representative trial in Scenario 2 with a lung
mannequin. The plots show the measured and desired normalized confidence
¢ and orientation angle 6, calculated from (5) and (7) based on real-time US
images. The highlighted areas indicate two phases of the procedure, the same
as in Scenario 1. The desired features are set to 6* = 0.45 and 6* = 0.
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Fig. 7. US images captured at different steps during a trial in Scenario 2 (top)
showing the tissue’s surface, and the force applied to the tissue (bottom).

imaging based only on real-time US images.

IV. CONCLUSION AND FUTURE WORK

In this paper, we developed a confidence map-based VS
algorithm designed to ensure proper acoustic contact between
the US probe and the tissue surface during teleoperated
robotic US imaging subjected to surface motion. The proposed
controller follows the operator’s motion in 4-DOF used to
slide and orient the US probe on the tissue’s surface, while
automatically controlling other 2-DOF to ensure sufficient
acoustic coupling between the tissue and the probe. The
controller adjusts the probe’s position and orientation in real-
time to optimize image quality and may use an optional
controller to limit the maximum contact force. The control
law determines the US probe’s velocity based on features
obtained from real-time US images and their corresponding
confidence maps, without requiring prior knowledge of the



probe’s trajectory or any additional equipment. To the best of
our knowledge, this is the first unified confidence map and VS
algorithm that 1) ensures probe-tissue contact, 2) optimizes
image quality during teleoperated scanning, and 3) operates
without additional sensors or trajectory information.

The method was validated experimentally in multiple trials
across two distinct scenarios, successfully maintaining proper
probe-tissue contact. For such an algorithm to be used in
real-time, low complexity and robustness are essential. While
previous methods have used depth cameras or force control
for surface modelling and contact control, our method relies
solely on widely accessible 2D US images with a sampling
rate of 50 Hz, which is suitable for real-time implementation
without added resources.
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