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ABSTRACT

Autonomous robotic ultrasound System (RUSS) has been
extensively studied. However, fully automated ultrasound
image acquisition is still challenging, partly due to the lack of
study in combining two phases of path planning: guiding the
ultrasound probe to the scan target and covering the scan
surface or volume. This paper presents a system of
Automated Path Planning for RUSS (APP-RUSS). Our focus
is on the first phase of automation, which emphasizes
directing the ultrasound probe's path toward the target over
extended distances. Specifically, our APP-RUSS system
consists of a RealSense D405 RGB-D camera that is
employed for visual guidance of the UR5e robotic arm and a
cubic Bezier curve path planning model that is customized
for delivering the probe to the recognized target. APP-RUSS
can contribute to understanding the integration of the two
phases of path planning in robotic ultrasound imaging, paving
the way for its clinical adoption.

Index Terms— Robotic ultrasound system, Robotic arm,
Computer vision, Path planning

1. INTRODUCTION

Because of the advantages of being noninvasive, low-cost,
portable, and free of radiation, ultrasound has become a major
medical imaging modality in healthcare, e.g., for abdomen,
cardiovascular, and obstetric imaging [1-3]. In parallel, robot-
assisted medical imaging enables the controlled trajectory of
image acquisition with high precision and accuracy, and it has
transformed many significant imaging applications [20]. As
the convergence of these two trends, the Robotic Ultrasound
System (RUSS) [4-8] offers improved reproducibility,
enhanced dexterity, and intelligent anatomy and disease-
aware imaging [1], compared with traditional free-hand
ultrasound examinations. In addition, RUSS could
substantially relieve the physical strain on sonographers,
enable teleoperation that alleviates the concern of the lack of
skilled sonographers in rural areas, and satisfy the potential
need of separating sonographers from patients to reduce the
potential risk of infectious diseases such as COVID [1-3].
Therefore, there has been a dramatic increase in research

interest in RUSS and related technologies, as recently
comprehensively surveyed in [1].

Operation of RUSS can be typically categorized into
teleoperated or autonomous modes [1-3]. While the
teleoperation of RUSS possesses certain advantages, such as
reliability and safety, interest in autonomous RUSS has
grown more rapidly in recent years [1]. In general,
autonomous RUSS could achieve more standardized and
reproducible data acquisition, further release sonographers
from complex and burdensome ultrasound probe
manipulations such as orientation selection, and allow
sonographers to focus on medical diagnosis or intervention,
which demands professional medical expertise. However, the
key technical obstacles to overcome in developing and
deploying clinically plausible autonomous RUSS include a
few key steps, including scan target localization and
recognition, robotic path planning and execution, robotic arm
control, ultrasound probe control and optimization, and
anatomy and disease-aware imaging, which have been
recently surveyed in the literature [1-3].

The first step of target recognition has been extensively
explored for the guidance and control of robotic ultrasound
imaging [9, 10, 21], and a well-established OpenCV approach
for target recognition [13, 14] is employed here. Instead, this
paper specifically focuses on the second step of path planning
and execution for an autonomous RUSS, which can be
decomposed into two phases [9]. In the first phase, the
ultrasound scan target is identified, e.g., via computer vision,
and a probe landing pose is then estimated and turned into
robotic motion [9]. The second phase further optimizes the
ultrasound probe’s placement and orientation to obtain high-
quality ultrasound imaging while assuring the patient’s safety
[4, 10]. While many existing studies of ultrasound probe
optimization [1-4, 10] and path planning for scan target
coverage [4, 22] have been reported, the path planning for
guiding ultrasound probe to the scan target has been much
less investigated. Specifically, in earlier RUSS studies using
the URS robotic arm, e.g., those in [8, 10], it was assumed
that the ultrasound probe is close enough to the scan target,
and thus path planning in the first phase of moving the probe
to the target was ignored. However, as pointed out in [9], it is
important to carefully examine the first phase of path
planning and seamlessly integrate it with the second phase to



enable fully autonomous RUSS in clinical settings, e.g., for
ultrasound imaging of liver cancer. Notably, the study in [9]
formulated the first phase of moving the probe to the target
as a pose estimation problem instead of performing path
planning for a longer distance. However, using probe pose
estimation might be insufficient for autonomous RUSS when
the ultrasound probe is far from the scan target. Thus, it is
crucial to automate the first phase of path planning, which
motivates our work in this paper.

Our system of Automated Path Planning for RUSS, named
APP-RUSS, focuses on the first phase of computer vision-
based target recognition, performing systematic planning and
execution of the ultrasound probe’s trajectory towards the
target. Specifically, an Intel RealSense D405 RGB-D camera
was employed in our APP-RUSS for visual guidance of a
URb5e robotic arm, and a cubic Bezier curve path planning
method [11] was adopted and customized in our APP-RUSS
for the delivery of the ultrasound probe to the recognized
target. The unique innovation and contribution of this work is
that our APP-RUSS is fully autonomous, and it can deal with
a wide range of scenarios regarding the positions of the
ultrasound probe and the scan target, which has been rarely
explored yet in the literature, as far as we know. Our work
meaningfully adds to the fast-growing field of autonomous
RUSS by offering novel insight into the combination of two
phases of path planning, that is, guiding the ultrasound probe
to the scan target and covering the scan surface or volume in
a systematic fashion.

2. METHODS

We will introduce the hardware and software components of
APP-RUSS, the Bezier curve path planning model, and its
experimental setup.

2.1. Hardware and Software Components of APP-RUSS

APP-RUSS is composed of a UR5e robotic arm (Universal
Robotics), an Intel RealSense D405 RGB-D camera, and a
wireless ultrasound probe (GE Vscan Air), as shown in
Fig.1(a). Specifically, the UR5e is a light payload industrial
collaborative robot that offers sufficient reach (850 mm - 33.5
in) and payload (11 Ibs), while being able to perform precise
and meticulous tasks such as robotic ultrasound imaging. The
RealSense D405 camera has an operating range of 7cm -
50cm, with a depth resolution of 720p and a frames-per-
second of 30 fps, which are suitable for our APP-RUSS’
objectives. The GE Vscan Air probe has nice properties of
being ultra-portable (dimensions of 131 x 64 x 31 mm, 205
grams), cordless, customizable, and intuitive. The Vscan Air
probe can enhance ultrasound imaging with a minimized
number of keys and a touchscreen user interface. It supports
portrait and landscape modes to optimize image size and
ergonomics for different use scenarios.

» A short range RGB-D
A Camera (Intel RealSense)

& Awireless ultrasound
probe (GE)

Robot Arm URSe (a)

Fig.1. Key components and experimental setup of our APP-
RUSS. (a) Hardware components of the robotics system; (b)
3D-printed attachment that mounts the camera and ultrasound
probe on the robotic arm; (c) Setting up of the robotic arm,
ultrasound probe, and the abdominal image phantom.

The RealSense camera and Vscan Air probe are mounted
onto the UR5e robot via a 3D-printed attachment, as shown
in Fig.1(b). Our APP-RUSS experiment setup is depicted in
Fig.1(c), where an abdominal phantom (CIRS, now part of
Sun Nuclear) is used as an ultrasound scan target.
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Fig.2. APP-RUSS software framework. (a) Software
architecture; (b) Virtual simulation environment.



It is nontrivial to integrate the above hardware components
and the URb5e robot in Fig.1l into a working APP-RUSS
system via software platforms and tools. An immediate
problem for us to solve was that ROS1 (Robotics Operating
System) does not support RealSense D405 camera, and thus
ROS2 is needed. However, Movelt, the virtual motion
planning software used for the UR5e, is currently only
compatible with ROS1. To solve this software
incompatibility problem, we developed a virtual machine on
a laptop that bridges both ROS1 and ROS2 and, therefore,
integrates the UR5e robot with the RealSense camera, as
shown in Fig.2(a). The laptop virtual machine can also
interface with the virtual UR5e robotic arm for simulations.
The virtual robotics simulation environment is illustrated in
Fig.2(b), where Gazebo and RViz tools are employed for
APP-RUSS’s path planning and execution simulations. These
simulations are vital to gain insight and verification of APP-
RUSS and its path planning module. The simulations can also
generate datasets to train or fine-tune deep learning models
that can be transferred to the physical world via zero-shot or
few-shot learning [12].

2.2. Target Recognition and Bezier Curve Path Planning

As our APP-RUSS is a proof-of-concept study, we employed
the commonly used ArUco markers [13] as the synthesized
targets. We used the associated ArUco library based on
OpenCV for target recognition and pose estimation [14], as
illustrated in Fig.3. The current ArUco marker recognition
module could be replaced by the computer vision-based
methods, such as the framework in [10] where U-Net was
used with AC-Kalman tracking to recognize the scan target
in real-time, and the model in [15] where color and depth
channels are used to localize the tissue surface target.
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Fig.3. Setup of target recognition with the ArUco marker.

Among the many algorithms for robotic path planning [16],
Bezier curves have been widely used for autonomous
vehicles using waypoints and corridor constraints [11].
Because of the Bezier curve’s nice properties in smooth path
generation [19] and its ease of computation and stability at
the lower degrees of control points, it is adopted and
customized in this work for automated path planning in
RUSS. The basic idea of Bezier curve path planning is
illustrated in Fig.4, where the path is planned according to the
control points (Po-P3) within the bounding polygon.
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Fig.4. lllustration of the Bezier curve path planning. The red
curves in (a) to (d) are the generated path according to the
control points P to Ps.

2.3. Experiment Setup

In this work, we used Moeit's urbe robotic arm model. The
simulation of robotic arm control was performed in the
Ubuntu 20.04 environment using ROS-Noetic software. In
order to test the effectiveness of the Bezier curve-based path-
planning model developed in this work, we also set up virtual
experiments using Gazebo to simulate real scenarios where
the planning of long-distance movements is needed.
Specifically, random obstacles are added to the simulation
environment. Path planning was then performed according to
the position of the source, target, and obstacle. We then
executed the simulated robotic movement with and without
the path planning. For any given obstacle position, the
process was repeated 10 times with random control delays
and minor random movements of the robotic arms to simulate
the uncertainties in a realistic working condition of the robot.
Based on the recorded movements, we measured the success
rate and moving time of the robotic arm controlling in these
scenarios with and without path planning. The success rate is
defined by the number of times, out of the 10 repetitions, the
robotic arm can successfully reach the target point without
touching obstacles or stopping due to the limitations in its
range of motion. The moving time is defined by the average
length of time it takes for the robot arm to move from the
source to the target point. We uniformly sample the Bezier
curve as the trajectory of the robot arm to simulate its
movement along the planned path.

3. RESULTS

We qualitatively evaluated the APP-RUSS prototype in
different real-world settings with imaging phantoms, as
shown in Figs.5-6, and achieved promising results. As
demonstrated in Fig.5, the APP-RUSS can operate in a fully
autonomous mode, including recognition of the target,
estimation of its pose, calibration of the UR5e robotic arm,
planning the path, execution of the robotic movement, and
delivery of the ultrasound probe to the target. Notably, the
distance between the ultrasound probe and the target in Fig.5
is quite long, which is designed on purpose to evaluate APP-



RUSS. Multiple runs of experiments confirmed that APP-
RUSS can deal with such long distances of smooth path
planning and execution in a fully autonomous fashion. Fig.6
demonstrates a different scenario where multiple ArUco
markers are presented. Experimental results confirmed that
APP-RUSS could recognize the right target, plan its path
accordingly, and execute the path trajectory successfully. The
video recordings of the experimental results in Fig.5 and 6
can be found on YouTube [17, 18].

Fig.5. Snapshots of the planned path that guided the
ultrasound probe to the ArUco marker target. The black dot
curve represents the path. (a)-(f): different time points during
the execution of the planned path of the robotic arm.

Fig.6. Snapshots of another planned path that guided the
ultrasound probe to the ArUco marker target in a different
setup. (a)-(d): different points during the robotic execution of
the planned path.

Based on the random obstacles experiment in the simulation
environment introduced in 2.3, we also quantitively evaluated
the effectiveness of path planning of the APP-RUSS model.
The performance of the movement execution, both “With

Planning” and “Without Planning,” are listed in Table 1.
Experiment results according to the five different obstacle
positions are listed in each corresponding row. The success
rate is measured by percentage (# of success movements over
10 repetitions), and the moving time is measured by seconds.

From the table, it can be found that regardless of the obstacle
position, the success rate is always above 80% with the path
planning model. The moving time is almost always within 40
seconds. While without the path planning model, the success
rate and moving time highly depend on the obstacle position.

With Planning Without Planning
No Obstacles {100%/29.2s 909%/58.1s
Obstacle #1 |100%/30.1s 6096/65.75
Obstacle #2  [90%/32.5s 509%/64.3s
Obstacle #3 [90%/32.1s 509%/61.2s
Obstacle #4 [80%/34.3s 309%/74.9s
Obstacle #5 [90%/31.3s 6096/68.55
Average 91.67%/31.58s 54%/65.45%

Table 1. Success rate and moving time of the robotic arm
movement execution in the simulation experiment with or
without path planning.

As mentioned in the Introduction section, earlier RUSS
studies using the UR5 robotic arm, e.g., those in [8, 10],
assumed that the ultrasound probe is close to the scan target.
Thus, path planning in the first phase of moving the probe to
the target was largely ignored in these studies. Based on the
simulation experiment results, it is obvious that path planning
over a long distance will be vital for the accuracy and speed
of RUSS. Considering the application scenario of RUSS in
clinical practice where potential obstacles are abundant, our
APP-RUSS work can bridge the gap in the RUSS design by
considering a complex environment between the ultrasound
probe and the scan target.

4. CONCLUSION

This paper presented a prototype RUSS system with a path
planning model and demonstrated that it can generate and
execute a smooth path that guides the ultrasound probe to the
target in a complex and long-distance environment. The
accuracy of APP-RUSS in guiding the ultrasound probe to the
scan target, as measured in the simulation experiment, is quite
high. In general, our APP-RUSS work sheds novel insight
into the combination of two phases of path planning in robotic
ultrasound imaging, contributing to the fast-growing
autonomous RUSS field. Our future work will extend the
current APP-RUSS in various directions, including
automated recognition of scan targets using ultrasound probe
and deep learning, path planning for coverage of target organ,
optimization of ultrasound probe orientation, and seamless
integration of two phases of path planning towards fully
autonomous RUSS.
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