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KURZFASSUNG

Die periphere arterielle Verschlusskrankheit (pAVK) ist eine der häufigsten Herz-
Kreislauf-Erkrankungen, von der weltweit mehr als 230 Millionen Menschen betrof-
fen sind. Dabei handelt es sich um eine Gefäßerkrankung, bei der die Arterien,
meist in den Beinen, durch Ablagerungen verengt oder verschlossen sind. Dies führt
zu einer reduzierten Durchblutung, was im weiteren Verlauf Gewebeschäden ver-
ursachen kann. Eine frühzeitige Diagnose ist entscheidend, um das Fortschreiten
der Erkrankung zu verhindern, die Lebensqualität der Patienten zu erhalten und
schwerwiegende Komplikationen zu vermeiden. Die Prävalenz der pAVK nimmt mit
zunehmendem Alter stark zu, was insbesondere in Industrieländern mit einer al-
ternden Bevölkerung zu einem steigenden Bedarf an präventiven und nachsorgen-
den Untersuchungen der pAVK führt. Zur Diagnose wird Ultraschallbildgebung am
häufigsten eingesetzt, da diese eine schnelle, nichtinvasive, strahlungs- und schmerz-
freie Untersuchung der Gefäße ermöglicht. Diese Ultraschalluntersuchungen sind je-
doch komplex und zeitaufwendig, weshalb sie spezialisierte Fachkräfte erfordern. Der
fortschreitende Personalmangel im klinischen Bereich lässt erwarten, dass zukünftig
ein Versorgungsdefizit bei der Durchführung dieser Untersuchungen entsteht. Daher
wurde im Rahmen dieser Arbeit ein kraftsensitives robotisches Ultraschallsystem
entwickelt, das automatisierte vaskuläre Untersuchungen ermöglicht und somit zu
einer zuverlässigen Patientenversorgung in der Zukunft beitragen kann. Untersucht
wurden dabei sowohl vorbereitende Maßnahmen der Untersuchung, wie die optimale
Roboter-Patienten-Positionierung, als auch die sichere Bewegungsführung der Sonde
während des robotischen Scanvorgangs.

Zunächst wurde analysiert, wie die Geometrie der Schallkopfhalterung am Endeffek-
tor die optimale Positionierung der Roboterbasis beeinflusst, sodass eine möglichst
gute Erreichbarkeit des Zielbereichs vorliegt. Durch die Berechnung anwendungsspe-
zifisch angepasster Schallkopfhaltergeometrien konnte die Anzahl optimal geeigneter
Basisplatzierungen deutlich erhöht werden. Dieser Vorteil war besonders stark in
Szenarien ausgeprägt, in denen ein Teil des verfügbaren Untersuchungsraums durch
Hindernisse eingeschränkt war.

Anschließend wurde die automatisierte Durchführung robotischer Ultraschallscans
der Femoralarterie im Rahmen einer Probandenstudie validiert. Eine angepasste
Interaktionsregelung mit definierter Sondenkontaktkraft gewährleistete eine hohe
Bildqualität und die Sicherheit des Patienten. Während des Scans entlang des Beins
wurde die Arterie kontinuierlich zentriert im Ultraschallbild gehalten. Doppler Ul-
traschall erwies sich hierbei als effektive Methode zur Arterienverfolgung, da die
Visualisierung des Blutflusses eine zuverlässige Unterscheidung zwischen Arterien
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Kurzfassung

und Venen ermöglichte. Nachfolgend wurden zur Steigerung der Funktionalität des
robotischen Ultraschallsystems mehrere Zusatzfunktionen entwickelt. Diese umfas-
sten einen Ansatz zur automatischen Anpassung der Orientierung der Sonde, um
das automatische Scannen stark gekrümmter Oberflächen zu ermöglichen. Darüber
hinaus wurde das Auftragen von Ultraschallgel, das für US-Untersuchungen zwin-
gend notwendig ist, automatisiert.

Abschließend wurde die Genauigkeit des am Endeffektor des Roboters erfassten
Wrenches, also der wirkenden Kräfte und Momente, untersucht. Eine möglichst prä-
zise Schätzung des Wrenches stellt die Grundlage für eine sichere Interaktion zwi-
schen Roboter und Patient dar. Daher wurde eine Methode präsentiert, bei der ein
neuronales Netz auf die Abhängigkeiten zwischen den gemessenen Gelenkmomenten
in den Roboterachsen und den auf den Endeffektor wirkenden Kräften und Momen-
ten trainiert wurde. Die Genauigkeit und Robustheit der Schätzung des Wrenches
konnten somit stark verbessert werden, insbesondere durch die Verringerung ex-
tremer Ausreißer, die im Standartmodell des Herstellers auftraten, wenn sich der
Roboter in der Nähe von Singularitäten bewegte.

Zusammengefasst werden in dieser Arbeit neuartige Methoden für die Entwick-
lung eines robotischen Ultraschallsystems vorgestellt. Die gewonnenen Erkenntnisse
stellen einen Schritt in Richtung zukünftiger vollautomatischer Ultraschalluntersu-
chungen dar. Besonders im Kontext der Diagnostik und Überwachung der pAVK
bietet das System Potenzial, durch standardisierte, automatisierte Bildgebung die
Patientenversorgung erheblich zu verbessern.
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ABSTRACT

Peripheral arterial disease (PAD) is one of the most common cardiovascular dis-
eases, affecting more than 230 million people worldwide. It is a form of peripheral
atherosclerosis involving the narrowing or blockage of arteries, most commonly in
the legs, due to plaque buildup. This reduces blood flow and can lead to tissue
damage. The early diagnosis of PAD is crucial to prevent the progression of the dis-
ease, maintain the quality of life of patients, and avoid serious complications. The
prevalence of PAD increases sharply with age, resulting in an increasing demand for
pre- and post-examination of PAD, particularly in industrialized countries with an
aging population. Ultrasound imaging (US) is most commonly used as a diagnostic
tool, as it enables a fast, non-invasive, radiation-free, and painless examination of
vessels. However, the time-consuming and complex nature of US, combined with the
growing shortage of clinical staff, is expected to create a gap in its availability in the
future. Thus, a force sensitive robotic US system was developed in this thesis, which
will enable automatic vascular US examinations for diagnostic purposes, ensuring
reliable patient care in the future. Several challenges in the development of such a
system have been addressed. This included the investigation of preparatory aspects
prior to the examination, such as optimal robot-patient positioning, as well as the
safe guidance of the probe during the robotic scanning process.

Firstly, the relationship between the geometry of the probe holder and the posi-
tioning of the robot’s base in relation to the patient was investigated. By determin-
ing adapted use-case specific probe holder geometries, optimal reachability of the
anatomical region to be examined (e.g. the femoral artery) was ensured. The use
of an appropriate probe holder geometry strongly increased the number of poten-
tial base placements with high reachability, especially in scenarios where obstacles
restricted a part of the available space.

Subsequently, a volunteer study was conducted to validate the feasibility of robotic
US scans of leg arteries. An adapted interaction control scheme that also accounts
for probe contact force was implemented to ensure patient safety. During the scan
along the leg, the artery was automatically kept in the center of the US image for
optimized image quality. Doppler ultrasound proved to be an effective solution for
arterial tracking in this context, allowing for reliable differentiation between arteries
and veins based on blood flow visualization. Moreover, additional specific features
have been developed to further enhance the system. An approach to automatically
adjust the orientation of the probe has been developed to enable automatic scanning
of highly curved surfaces. Furthermore, the US gel application, which is essential
for US examinations, was automated.
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Finally, the accuracy of the robot’s wrench estimation was investigated. Accurate
wrench estimation of the robot is essential to ensure the safety of the system, espe-
cially in contact with the patient. Thus, a learning approach was proposed in which
a neural network was trained on the dependencies between the joint torques in the
robot’s axes and the forces and moments acting on the end effector. This strongly
increased the accuracy and robustness of the wrench estimation model of the robot,
in particular by reducing extreme outliers that occurred in the manufacturer’s model
when the robot moved close to singularities.

In summary, this thesis presents novel methods for the development of a robotic US
system. The findings of this work represent a step towards future fully automated
US examinations. Especially in the context of PAD diagnosis and monitoring, the
system has the potential to considerably improve patient care through standardized
and automated imaging.
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MATHEMATICAL NOTATION

The following mathematical notation conventions apply in this work. Scalars are
represented by lowercase italic letters, i.e. a ∈ R

1, while vectors are denoted by bold
lowercase letters (e.g. g ∈ R

3). Matrices are represented by bold capital letters, i.e.
M ∈ R

7x7. A homogenous transformation matrix from coordinate frame j to i is
denoted by jTi ∈ R

4×4. It represents the transformation that expresses the positions
and orientations of frame i relative to frame j.
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1INTRODUCTION

Peripheral arterial disease (PAD) is one of the most common cardiovascular diseases,
affecting more than 230 million people worldwide [1]. It is characterized by partial
or complete obstruction of one or more peripheral arteries due to atherosclerosis.
This results in a restriction of blood flow in the arteries that supply the extremities
and the abdominal aorta. In most cases, PAD affects the lower extremities and
typically develops gradually. Initially, most people are asymptomatic. However,
over time, the legs’ arteries narrow progressively, leading to ischemia, leg pain, and
an increased risk of heart attack and stroke. Early diagnosis of PAD is therefore
crucial in order to prevent the progression of the disease, maintain the quality of life
of patients and avoid serious complications. For diagnosis, ultrasound (US) imaging
is most commonly used, as it enables fast, noninvasive, radiation-free and painless
examination of the vessels [2]. Another advantage is the possibility of using Doppler
ultrasound to assess not only the anatomy of the vessels but also the hemodynam-
ics, as the flow velocity of the blood cells changes with a reduced diameter based
on Bernoulli’s principle. This means that even minor vessel narrowing and resulting
changes in blood flow in the arteries can be visualized before clinical symptoms oc-
cur. The prevalence of PAD increases sharply with age, as can be seen in Figure 1.1.
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Figure 1.1: Global prevalence of peripheral arterial disease depending on age. The data are based
on [3].

Consequently, the number of patients requiring pre- and post-examination for PAD
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continues to grow, particularly in industrialized countries with an aging popula-
tion. However, extensive US examinations require a lot of time (up to 45 minutes
per patient [4]) and highly qualified specialists to carry them out. As the general
shortage of staff in clinics is increasing at the same time, this will lead to a gap in
the availability of these examinations in the future [5]. Robotic US systems could
provide a potential solution for the automation of vascular scans and thus reliably
support future patient care. By combining US imaging and a robot through the at-
tachment of an US probe to the end effector, precise and repeatable US images can
be acquired in an automated manner, while ergonomically relieving sonographers
and counteracting staff shortages.

1.1 Goal of this Thesis

The aim of this thesis is the development of a force sensitive robotic system that
enables automatic vascular US examinations for diagnostic procedures. There are
several challenges in the realization of such a system that will be addressed in this
work. This includes the investigation of preparatory aspects prior to the examina-
tion, such as optimal robot-to-patient positioning, as well as the safe guidance of
the probe during the robotic scanning process.

Firstly, to ensure a successful examination, accurate positioning of the robot
relative to the patient is essential, as improper placement can lead to incomplete
scans or difficulties in moving the probe in the target area, as the robot’s working
range is limited. Thus, an appropriate robot-patient positioning must be ensured
in the pre-scanning phase of the examination, i.e. before the robot starts scanning
the vessel (Figure 1.2). This ensures that all target poses on the patient that are to
be scanned by the US probe attached to the robot can be reached with maximum
freedom of movement, also referred to as reachability. The reachability of the target

Pre-Scanning Phase

robot base

placement

probe holder

geometry adaption

target pose

on patient

Figure 1.2: Optimized robot-patient positioning in the pre-scanning phase depends on the robot’s
base placement, its working range, and the geometry of the probe holder, which defines the trans-
formation from the end effector to the probe’s tool center point. The images of the robot and
patient were generated by ChatGPT [6].
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1.1. Goal of this Thesis

poses for a specific robot depends on two factors, the actual placement of the robot’s
base and the geometry of the probe holder used to attach the US probe to the robot’s
end effector (Figure 1.2). This relationship is studied with the aim of determining
an optimal probe holder geometry and base placement by addressing the following
research question:

Research Question 1

®
How can a probe holder be designed to maximize the reachability of
target poses?

Once the robot has been placed appropriately, the scanning phase of the proce-
dure (Figure 1.3) can follow. As part of this work, an automatic femoral artery scan

Scanning Phase

Additional features

automatic

automatic probe

orientation adaption

safe interaction

control

probe motion

control with
vessel tracking

 US gel 

application

end effector

with US

probe

Core functions

Figure 1.3: Challenges for an automatic robotic US examination of vessels during the scanning
phase. The US probe must be applied with a defined contact force, while it’s position and orien-
tation can be adapted, e.g. according to the vessel being tracked. Furthermore, acoustic coupling
must be achieved through the application of US gel.

for medical screening and follow-up examinations for the diagnosis and therapy of
PAD is presented. The robot must therefore guide the US probe along the patient’s
leg vessel. For high quality US imaging, essential for reliable diagnostics, the robotic
system must fulfill the following requirements:

1. Compliance: The robot must behave compliantly, ensuring patient safety.

2. Consistent Contact Force: The probe must be applied with a defined con-
tact force.

3. Probe Orientation Adaption: While moving the probe, full contact with
the surface must be maintained.

4. Probe Position Adaption: The vessel must be tracked in the US image and
the position of the probe must be corrected accordingly.

3



Introduction

5. Acoustic Coupling: US gel must be supplied to enable acoustic coupling.
This can be done either manually, e.g. prior to examination, or automatically
while scanning.

The corresponding requirements are met by the solutions proposed in this work. The
requirements are classified into two categories, namely core functions and additional
features. The core functions represent the essential functions of the robotic US
system to perform an automatic examination of the leg artery. These include a
safe interaction control of the robot, which combines robot compliance with the
application of a defined probe contact force. In addition, motion control is essential
to move the probe to a defined position and orientation. In particular, to ensure
that the entire leg artery can be scanned, it is necessary to automatically adjust the
position of the probe according to the detected vessel position. Thus, to enable a
basic system for performing robotic US scans, the following research question will
be answered:

Research Question 2

®
How can the essential core functions of the robotic system be realized
to enable a straightforward automatic US examination of the femoral
artery?

To this end, a feasibility study is presented to validate the core functions of the
robotic system to automatically scan the leg arteries of volunteers.

The additional features of the robotic US system include the automatic adjust-
ment of the probe’s orientation according to the surface and the automatic supply
of US gel. Although these features are not absolutely necessary to perform a robotic
US scan, they do extend the range of applications and increase the degree of au-
tomation. This leads to the following research question:

Research Question 3

®
How can additional features of automatic probe orientation adaption
and US gel supply be integrated into the robotic US system?

For this purpose, methods are presented for the respective fulfillment of these
additional features. An approach for determining a probe orientation correction
based on 3D US volumes is introduced. This allows the probe orientation to be
adjusted during the scan, thus always ensuring full probe contact, even on highly
curved surfaces. In addition, a control strategy is proposed incorporating the robot’s
nullspace to automatically supply US gel via a passive mechanism.

Finally, an approach to improve the accuracy and robustness of the robot’s con-
tact wrench estimation model using its internal torque sensors is presented. Al-
though the proposed method can be applied to automatic vessel scans, it has generic
relevance in robotic tasks that require precise wrench estimation. A separate chapter
therefore discusses the fourth research question of this work:

Research Question 4

®
How can the accuracy of the robot’s wrench estimation as well as the
robustness be increased in quasi-static scenarios?

4



1.2. Structure of this Thesis

The proposed method allows forces and moments acting on the end effector
during quasi-static movements to be captured more reliably, especially in poorly
configured positions of the robot, thereby increasing system safety.

1.2 Structure of this Thesis

This thesis is structured as follows. To provide a better understanding for the reader,
the medical and technical background is first explained in Chapter 2. Subsequently,
the previously outlined research questions are investigated in self-contained chapters,
each contributing to the development of an automatic robotic US examination of the
leg vessels, as visualized in Figure 1.4. Chapter 3 addresses RQ1, the optimization

Automatic
robotic US
vessel scan

Pre-Scanning 
Phase

Robot base
placement

Probe holder 
geometry

Scanning Phase

Basic system with
core functions

Additional 
features

Probe orientation
adaption

Automatic US gel 
supply

Contact wrench
optimization

RQ1

RQ3

RQ4

Safe interaction
control

Probe motion
control

RQ2

Figure 1.4: Structure of the thesis. The essential topics required for automatic robotic US
examination are addressed in individual chapters.

of robot base placement and probe holder design, which belong to the pre-scanning
phase of the automatic robotic US vessel examination. The development and valida-
tion of the core functions of the robotic US system in the scanning phase to enable
automatic leg artery examinations, as considered in RQ2, are presented in Chap-
ter 4. Potential methods for implementing additional features mentioned in RQ3,
i.e. automatic probe alignment and automation of US gel supply, are presented in
Chapter 5. This is followed by Chapter 6, which provides a learning approach to
improve the wrench estimation accuracy and robustness of the robot, addressing
RQ4. Finally, Chapter 7 contains a summarizing discussion and outlook.
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2MEDICAL AND TECHNICAL BACKGROUND

This chapter provides an overview of the fundamental knowledge required for the
topics covered in this thesis. It begins with a medical introduction to the pathology
of PAD, which represents an exemplary application for the usage of the robotic US
system. Then, the technical background of the components used for the robotic
system is described, including an US station and a collaborative robot. The chapter
concludes with a theoretical introduction to robot dynamics, workspace and reach-
ability.

2.1 Peripheral Arterial Disease

PAD is a common disorder of the circulatory system that affects more than 230
million people worldwide [1]. PAD is caused by atherosclerosis. Atherosclerosis is a
disease that leads to hardening and narrowing of the arteries as plaque builds up in
their walls, as shown in Figure 2.1, resulting in reduced blood flow to the extremities.
This ischaemia usually manifests as pain in the thigh or calf, affecting mainly the
lower extremities. PAD usually affects the large arteries of the lower limbs, including
the abdominal aorta, iliac and femoral arteries. It’s particularly noticeable during
physical activity when the demand for oxygen and nutrients in the muscles is high,
causing ischemic symptoms that improve at rest. PAD is a progressive disease with
a high risk of complications in advanced stages, including critical limb ischaemia,
gangrene and amputation. Cardiovascular morbidity and mortality is considerably
increased in patients with PAD as they have a similar risk profile to patients with
coronary artery disease. Prognosis of PAD depends on early diagnosis, effective risk
management and adherence to treatment [7].

PAD is diagnosed through a combination of patient history, physical exam and
objective tests like the ankle brachial index (ABI). The ABI is a simple, commonly
used non-invasive test to evaluate the flow of blood into the lower limbs using dif-
ferences in blood pressure between arms and ankles. Normal values for the ABI are
between 0.9 and 1.3. An ABI <0.9 indicates PAD and very low values (i.e., <0.5)
indicate severe disease, often with ischemic rest pain or tissue loss [7]. Additional
imaging such as Doppler US, computed tomography angiography (CTA) or mag-
netic resonance imaging (MRI) can be used to assess the vessels more accurately [8],
though Doppler US has become the prioritized tool [2]. However, the rate of false
negative PAD diagnoses is high because patients either show no symptoms or have
atypical ones, thus preventing timely intervention.
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Figure 2.1: Comparison of a healthy femoral artery and an artery with atherosclerosis, as occurs
in PAD. The decreased cross-section of the vessel results in reduced blood flow to the extremities.
The image of the body model was generated by ChatGPT [6].

In addition to the usual risk factors for atherosclerotic diseases such as smok-
ing, diabetes, obesity and high blood pressure, age is an important factor, as the
prevalence of PAD strongly increases with age [3]. The industrialized countries are
confronted with an increasingly aging society and therefore a corresponding increase
in prevalence values. For example, in Germany, the average prevalence of patients
over 40 years of age increased from 1.85 % in 2009 to 3.14 % in 2018, demonstrating
the growing extent of the disease [9]. More efficient, automated diagnostic pro-
cesses could increase early detection and thus improve the treatment and prognosis
of affected patients.

2.2 Ultrasound Imaging

US imaging or sonography is a non-invasive diagnostic technique in which high-
frequency sound waves are used to visualize internal structures of the body. It is the
most frequently used diagnostic imaging procedure in clinics worldwide and offers
several advantages for diagnostic and interventional procedures [10]. These include
freedom from ionizing radiation, good soft tissue contrast, low cost, high flexibility
and real-time image acquisition [11].

2.2.1 Physical Principle

The basic principle of this technique is the interaction of sound waves with various
tissues and their subsequent reflection. US waves are generated with the use of
piezoelectric crystals. These crystals are electrically energized, which causes them
to deform mechanically and generate longitudinal sound waves. When an US wave
is transmitted into the body, it hits different types of tissue, each with unique
acoustic properties. As a result, the US wave is attenuated to varying extents
depending on the tissue. The main mechanisms involved are absorption, reflection,
and refraction, scattering and divergence, with reflection being the most important
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for image generation in order to obtain anatomical-morphological information of
tissues and organs. An important parameter that influences the propagation of
sound waves is the acoustic impedance z, which is determined by the product of
tissue density ρ and sound velocity c:

z = ρ · c. (2.1)

At the boundaries between tissues (e.g. fat, muscle, organ boundary) with different
acoustic impedance, part of the sound wave is reflected. The reflectivity is charac-
terized by the reflection coefficient r

r =
(z1 − z2)

2

(z1 + z2)2
. (2.2)

The greater the difference between the impedance of two tissues or structures, the
stronger the reflection. This leads to almost complete reflection when the sound
waves enter bone or air due to their high or low acoustic impedance, respectively,
compared to the tissue. Consequently, the structures behind them cannot be imaged.
This effect also occurs when the probe is placed on the body surface. For this reason,
US gel is required to ensure coupling of the waves into the body. The gel has nearly
the same acoustic impedance as the human skin. Therefore, sound reflections are
avoided and the US waves can enter the tissue, ensuring high-quality US images
[12].

The reflected sound waves are picked up by the transducer elements, and the
distance to the reflecting surface is calculated from the time that elapses between
the emission and reception of the impulse. Assuming a constant sound velocity
c = 1540 m

s
in human tissue [13], the depth of the reflecting structure can be deter-

mined. The intensity of the reflected echoes is coded as grayscale values to generate
an image, which is why it is also referred to as B-mode (B for brightness modulation)
US [11]. Areas with high acoustic impedance, such as bone, reflect a large portion
of the sound wave, resulting in strong echoes and bright areas in the image. Tissues
with low acoustic impedance, such as soft tissue, on the other hand, transmit most
of the sound wave, resulting in weaker echoes and darker areas.

2.2.2 2D, 3D and 4D Ultrasound

US imaging capabilities have advanced substantially over the years, evolving from
2D to 3D and 4D modalities. In conventional 2D US imaging, a single linear array of
piezoelectric elements in the transducer probe is used to generate and receive sound
waves (Figure 2.2A). As a result, a cross-sectional image of the tissue is created.
While 2D US is inexpensive and widely used, it has limitations in terms of the
ability to visualize complex 3D structures. In order to generate 3D US volumes,
there are various options. Conventional 2D US images from different angles can
be stuck together, and thus a volume of the tissue can be reconstructed. However,
applying 3D reconstruction methods can be time-consuming and computationally
intensive [14]. In addition, the relative geometry of the imaging plane and the axis of
rotation must be accurately known to avoid artifacts [15]. These drawbacks can be
overcome by using 2D matrix phased array transducers. Examples for these probes
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Figure 2.2: Example of two US probes for vascular applications. The Philips L12-3 probe, which
provides 2D US images, is shown on the left (A). In contrast, 3D US volumes can be recorded
directly with the Philips XL14-3 probe (B).

are shown in Figure 2.2B. With this transducer type, 3D US volumes can directly be
generated, allowing for real-time visualization of three-dimensional structures, also
referred to as 4D US, incorporating the dimension of time [11]. By using 4D US, an
improved dynamical assessment can be enabled, which can be useful for a variety of
medical applications, e.g. in the field of cardiac and vascular diagnostics.

2.2.3 Doppler Ultrasound

In addition to the anatomical-morphological information about tissues and organs in
the body, US can also be used to provide the examiner with additional information
about the kinetics of blood flow. This is known as Doppler US, as it is based on the
physical principle of the Doppler effect.

Physical Principle

The Doppler effect is a physical principle where the frequency of sound waves changes
when they reflect off moving objects. The sound frequency shifts depending on the
motion of an object relative to the observer. In the medical application of US, this
refers to sound waves reflecting off moving red blood cells within vessels. Stationary
objects like tissue do not cause any frequency change when sound waves get reflected.
Contrary, moving objects like blood cells cause a frequency shift. If blood cells are
moving toward the transducer, the reflected sound has a higher frequency than
the transmitted one, as shown in Figure 2.3. If they are moving away from the
transducer, the frequency is lower. This frequency shift fD is directly proportional
to the velocity of blood flow and be calculated by

fD = fr − ft

=
2vbft

c

(2.3)

where ft is the transmitted frequency of the US waves. The frequency of the reflected
sound waves is given by fr. The velocity of the blood is denoted as vb, and the Speed
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red blood cells

US probe

Figure 2.3: Schematic representation of the physical principle of Doppler US. The blood cells
reflect the US waves that are emitted from the US probe with frequency ft. As the blood cells
move towards the probe with a certain velocity vb, the frequency fr of the reflected sound waves
increases. The angle between the US beam and the blood flow is denoted as Doppler angle θ [11].

of Sound in the tissue is c [16], [17].
Typically, the Doppler beam is applied non-invasively and therefore not directed

straight into the oncoming blood flow. Instead, it is angled externally to the blood
vessel at an angle θ relative to the vessel’s longitudinal axis. In this case, the
expression for the frequency shift becomes:

fD =
2ftv cos(θ)

c
. (2.4)

By measuring the frequency shift, the flow velocity of the blood can be determined.
As Eq. (2.4) indicates, perpendicular probe positioning to the vessel results in di-
minishing frequency shift and should therefore be avoided. Finally, the blood flow
can be visualized in different ways with respect to the chosen mode. The different
Doppler modalities are briefly explained in the following.

Doppler Modalities

The different Doppler modalities include continuous wave (CW) Doppler, pulsed
wave (PW) Doppler, color Doppler as well as power Doppler. CW Doppler (Fig-
ure 2.4A) determines frequency shifts along a path using separate transmit and re-
ceive transducers. It continuously transmits and receives sound, filtering for shifted
frequencies. These shifts are plotted as velocity over time. CW Doppler measures
high velocities but lacks depth information, making it unable to localize the origin
of these velocities [18].

In contrast to this, with PW Doppler (Figure 2.4B), the transmission and recep-
tion mode is analogous to the pulse-echo principle, which enables depth assignment
of the flow information. However, PW Doppler cannot achieve a sufficient sampling
rate to avoid aliasing. Aliasing occurs when the speed of movement, measured in
pulses per second (e.g., blood flow), exceeds half the sampling rate of the pulsed
Doppler waves, potentially causing misinterpretation of the flow direction [19].
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Figure 2.4: Doppler Modalities. A: Exemplary CW Doppler spectrum, where blood flow veloci-
ties of up to 1 m

s
were recognized while examining the heart (Figure adapted from [20]). B: PW

Doppler examination of the femoral artery. The blood flow velocity is measured at a defined point
and visualized over time.

PW Doppler can be combined with conventional US imaging, which is referred to
as color Doppler or Duplex Sonography (Figure 2.5A) [21]. This enables the simul-
taneous visualization of anatomical structures and the blood flow within these struc-
tures. Duplex sonography allows physicians not only to assess blood flow dynamics
but to simultaneously perceive the morphologic context of the organ (e.g. heart
or vessels), providing a more comprehensive insight into the areas being examined.
This is crucial, for example, in the assessment of hemodynamically relevant vascular
constrictions, which is why duplex sonography has become the preferred diagnostic
tool in the diagnosis and aftercare of vascular pathologies [2], [21]. Typically, flows
towards the transducer are shown in red and flows away from the transducer in
blue in the US image. The magnitude of the relative average velocities is coded
according to the color tone: the lighter the color tone, the greater the speed of the
corresponding blood cells. Color Doppler is useful for qualitative information about
the blood flow, as there is no precise absolute measurement [22].

Power Doppler (Figure 2.5B) is a Doppler imaging technique that overlays in-
formation about the amplitude (or power) of returning Doppler signals onto an US
image. This differs from color and spectral Doppler, which focuses on frequency
information. In power Doppler, a pulsed interrogation is performed over a sample
volume, and echoes with shifted frequencies due to blood flow are identified. How-
ever, instead of analyzing the frequency information, power Doppler only considers
the amplitude of these echoes. The amplitudes are then mapped to a color scale,
typically shades of orange, with higher amplitude signals appearing as lighter shades.
These shades represent the strength or power of the returning signals and do not
provide information about flow direction or velocity. An increase in signal strength is
generally attributed to a larger volume of moving blood, but other factors like shear
rates and the number of scatterers within the sample volume can also contribute.
One major advantage of power Doppler is its reduced sensitivity to Doppler angle
θ. This means it can detect a flow that is closer to perpendicular to the US beam,
which can be challenging for traditional color and spectral Doppler. Additionally,
Power Doppler is less susceptible to noise from surrounding tissues, making it more
sensitive to low-flow states [22].
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A B

Figure 2.5: Doppler modalities. A: Colored representation of the blood flow in the femoral artery
(red) and vein (blue), which is also referred to as color Doppler or Duplex Sonography. Blood
flowing in the direction of the transducer is displayed in red, and blood flowing in the opposite
direction of the transducer is shown in blue. B: Example of an examination of a vessel with power
Doppler. The faster the blood flows, the brighter the color shown, whereby no conclusion can be
given about the flow direction.

2.3 Collaborative Robots

Collaborative robots are a specialized type of robotic system designed to work safely
and efficiently alongside human operators in shared workspaces. Unlike traditional
industrial robots that are confined to safety cages, collaborative robots are equipped
with safety features that allow for direct interaction with humans, making them well
suited for medical applications such as robotic US [23].

2.3.1 Robot Design

The possibility of using collaborative robots in direct contact with humans requires
a specific mechatronic design. The movement of the robot’s joints is generated by
specially developed direct current (DC) motors with low speed and high torque.
The torque of the motor is then transmitted to the following link via a strain wave
gear, which is also referred to as Harmonic Drive, with a large reduction ratio of
between 100:1 and 160:1. A joint position sensor and a torque sensor are located
on the gear output. With the help of these torque sensors installed in the robot’s
joints, safety functions such as the detection of external forces and collisions can
be realized [24]. The robots used in this work are the LBR iiwa 7 R800 and LBR
iiwa 14 R820 (KUKA, Augsburg, Germany). These are two versions of the same
robot model, which differ only in their maximum working range (800 vs. 820 mm)
and payload capability (7 kg vs. 14 kg). While detailed specifications of the LBR
iiwa are not publicly available, the robot’s design is based on the predecessor model
LWR III, which was developed by the German Aerospace Center (DLR). The respec-
tive electronics and mechanics are well documented in literature, for more detailed
information please refer to [25], [26].

A design feature of this robot type is its kinematic redundancy. The robot
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Figure 2.6: The LBR iiwa 7 has been designed with a spherical-revolute-spherical configuration.
Due to the seventh Dof, the robot’s elbow can be rotated without changing the end effector position.
The figure was created using the Robotics System Toolbox for Matlab Simulink [27].

consists of seven motorized joints, resulting in seven degree of freedoms (DoF) in
total. Accordingly, the robot is kinematically redundant, as it possesses more than
six degrees of freedom, which are sufficient to define a pose in the task space of
the robot, represented by the Special Euclidean group SE(3). This group describes
all rigid body transformations in three-dimensional space, i.e., the combination of
translation and rotation. The additional seventh DoF of the redundant robot can
be used to reconfigure the robot without changing the end effector pose, which is
also referred to as a nullspace motion. This represents a rotation of the robot’s
elbow, as visualized in Figure 2.6, that can be used to avoid obstacles, singularities,
or joint limits. The structure of most collaborative redundant robots is modelled on
the human arm as a kinematic chain consisting of seven revolute joints. Adjacent
axes are usually arranged orthogonally to each other, also known as a spherical-
revolute-spherical configuration. Due to the anthropomorphic joint structure of the
robot, parts of the robot are also referred to as the shoulder, elbow, and wrist. The
shoulder represents the intersection of the first three axes (see Figure 2.6) and the
wrist the intersection of axes five, six, and seven. The elbow is typically defined
as the joint that provides the primary bending motion in the middle of the serial
manipulator, thus in most cases it is the fourth joint.

2.3.2 Dynamics and Wrench Estimation

The integrated torque sensors in the joints allow an estimation of the external forces
and moments acting on the end effector. This is particularly useful for medical
applications such as robotic US, where contact occurs between the robot and its
environment, e.g. the patient’s skin. The theoretical foundations for estimating
the external forces and moments are briefly explained below. For a more detailed
description of the proprietary robot control architecture of flexible joint robots,
please refer to [24], [26], [28].

14



2.3. Collaborative Robots

A collaborative robot with a serial open-loop kinematic chain consists of n rotary
joints connecting adjacent links. Its dynamic model maps the joint actuator torques
τ ∈ R

n to the motion of the manipulator, represented by the joint positions and
their respective time derivatives q, q̇, q̈ ∈ R

n. The joint space dynamics model is
given by

M(q)q̈ + C(q, q̇)q̇ + g(q) + ϵ(q, q̇, q̈) = τ − τ ext. (2.5)

M(q) ∈ R
n×n represents the symmetric and positive-definite inertia matrix in joint

space, which describes the robot’s inertia for a specific joint-space configuration q.
The matrix C(q, q̇) ∈ R

n×n captures the Coriolis and centripetal forces, which are
functions of the joint positions q and velocities q̇. The term g(q) accounts for the
torques generated by gravitational effects at any given configuration q. Nonlinear
backlash and friction effects can be represented by ϵ(q, q̇, q̈) [29]. External forces
and moments acting on the end effector, which are induced from payloads or en-
vironmental influence, are included with the term τ ext. These external forces and
moments are also referred to as wrench wext ∈ R

6, which is defined as

wext =

(
fext

mext

)
, (2.6)

consisting of contact forces fext ∈ R
3 and moments mext ∈ R

3. By using the trans-
posed geometric Jacobian J(q) of the end effector, the external joint torques can be
calculated as

τ ext = JT(q)wext. (2.7)

Finally, by including Eq. (2.7) in the general robot dynamics from Eq. (2.5) and
rearranging it, the external end effector wrench can be calculated as

wext = JT(q)
−1
(
M(q)q̈ + C(q, q̇)q̇ + g(q) + ϵ(q, q̇, q̈)− τ

)
. (2.8)

When performing robotic US examinations, the movements of the robot are usually
slow and continuous. This is also described as quasi-static motion, in which velocities
q̇ and accelerations q̈ tend towards zero. Thus, the influence of inertial, centrifugal,
and Coriolis forces is reduced to a level where they can be neglected. This simplifies
the model for external wrench estimation to

wext = JT(q)
−1
(
g(q) + ϵ(q, q̇, q̈)− τ

)
. (2.9)

2.3.3 Workspace and Reachability

The workspace of a manipulator refers to the reachable area in Cartesian space ac-
cessible by its end effector. Depending on the capabilities of the manipulator, this
area can be a three-dimensional volume or a two-dimensional surface. The kine-
matic structure of the manipulator, defined by the arrangement and type of joints,
determines the geometric constraints that shape the workspace. These constraints
are further restricted by the mechanical limits of each joint, defining the maximum
range of motion for each link.

The term reachability has its origin in describing the ability of a robot, if certain
target poses can be reached at all or not [30]. This allows to extract areas that can be
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Figure 2.7: Exemplary visualization of a reachability map of the LBR iiwa 7. The map was
generated with the Reachability Map toolbox for Matlab Simulink [35]. For better visibility, only
half of the map is shown.

accessed within the robot’s workspace for a specific scenario, e.g. in the presence of
obstacles. In addition, reachability is often used in combination with a score, which
provides an indication of how well the respective target pose can be reached. This
score can be determined, for example, from the number of available solutions for
the inverse kinematics. Another metric to quantify the reachability was introduced
by Yoshikawa and referred to as manipulability index. This is a quality measure
for redundant manipulators [31], describing the distance to singular configurations
[32]. In other words, it can be quantified how easily the position and orientation of
the end effector can be adjusted in a certain configuration [33]. The manipulability
index is defined as a scalar value w given by

w =
√

det(J(q) · J(q)T), (2.10)

where J(q) is the Jacobian to a joint configuration q. If a reachability value is
calculated for each point in the workspace of a robot, a reachability map (RM) can
be generated. This is a voxelized grid, either in 3D (only the positions of the end
effector) or in 6D (positions and orientations of the end effector), with information
on how well the corresponding voxels of the grid can be reached by the robot [34].
An exemplary RM is shown in Figure 2.7. The grid voxels are represented as colored
spheres ranging from blue, through green and yellow to red, with blue representing
low reachability and red representing high reachability.

The evaluation of the manipulability or reachability of a robot are well-known
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methods to assess the ability to maneuver in a given workspace [36], [37]. Thus, it
offers a benefit for a number of applications in the field of robot manipulation. It
is applied, for example, to support decision-making processes such as the selection
of appropriate grasping poses in mobile or humanoid robotics [36] or appropriate
positioning of a workpiece in a manufacturing cell [38], [39].
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3ROBOT-PATIENT POSITIONING1

An important aspect for successful robotic US examinations is the correct robot-
patient positioning in the pre-scanning phase. On the one hand, this ensures that
all target poses on the patient that are to be scanned with the US probe are within
the robot’s working range and therefore can be reached at all. On the other hand,
optimized robot-patient positioning can increase the maneuverability of the robot at
defined target poses. This refers to the ability to change the pose of the end effector,
also known as reachability. A higher reachability means a greater range of possible
movements in this specific configuration, which is beneficial for the robot’s motion
planning and force estimation capabilities. Optimal robot-patient positioning with
respect to high reachability depends on two factors, the actual placement of the
robot’s base itself in relation to the patient and the transformation from the robot’s
flange to the tool center point (TCP) of the probe (see Figure 3.1).
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Figure 3.1: Structure of the thesis. The essential topics required for an automatic robotic US
examination are addressed in individual chapters, with the content of this chapter highlighted in
dark blue.

The transformation from the robot’s flange to the probe’s TCP results from the
geometry of the probe holder, which can be adapted. The following research question
is therefore investigated:

1Parts of this chapter have been published in [40].
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Research Question 1

®
How can a probe holder be designed to maximize the reachability of
target poses?

In the following sections, a method is proposed to determine an improved tool
geometry. This increases the reachability of the target poses and allows a more
favorable base positioning of the robot.

3.1 Related Work - Robot Base Placement

The determination of suitable placements of a robot base for defined TCP paths is
achieved using reachability inversion. For this purpose, reachability maps (RMs),
which describe how well a robot can reach different poses in its environment (see
Section 2.3.3), are inverted. The results are referred to as inverse reachability maps
(IRMs) [34], [41]. IRMs characterize the reachability of a given TCP pose relative
to the robot base pose as defined in the TCP’s reference frame. By using IRMs,
optimal base positions of mobile manipulators [41], [42] or stance placements of
humanoids [43] can be identified. Moreover, orientation-based reachability maps
were introduced, which allow incorporating different tool geometries and task paths
specified in the tool frame [44]. Other constraints, such as the surface geometry,
can also be included, as shown in [45]. Further current research can be found in
the field of industrial robotics. Here, the optimal positions of either the robot base
or the workpiece must be determined, as they are essential to optimize the execu-
tion of robotic tasks. Precise workpiece positioning ensures that the available joint
capabilities meet or exceed task requirements, particularly in collaborative robots
with reduced motion capacities. For instance, in [38] the optimum positioning of a
workpiece in the robot’s workspace is determined in order to fulfil specified surface
machining tasks that require the lowest possible joint speeds for execution. Another
work presents a non-linear optimization algorithm. This can be used to determine
the optimal workpiece pose that allows a robot to perform surface machining tasks
with configurations that minimize joint torque requirements while maximizing ma-
nipulability [39]. In [46] a strategy for the placement of mobile manipulators is
developed on the basis of different manipulability measures. With respect to spe-
cific demands of different tasks, such as the need for high-speed movements, large
forces, high accelerations, or increased stiffness, a suitable base position can be
determined. Further approaches for automated robot arrangement in manufactur-
ing cells are presented for pick-and-place sequences [47], [48] and Tailored Forming
[49]. Moreover, a multi-robot car-painting scenario is considered in [50]. Two cost
functions are developed that explicitly represent the objectives of maximizing paint
coverage and minimizing collision risk. These cost functions are then used to define
a multi-objective optimization problem that can be solved using a multi-objective
optimizer. An approach for co-optimization of robot, environment and tool design
concerning motion planning is described by Toussaint et al.[51] Depending on the
application, the geometry of the robot and the design of the tool can be adapted,
thus increasing the effectiveness of the execution of the corresponding task. However,
the resulting robot geometries are currently only theoretically possible, as custom
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link shapes are required. In the context of robotic US, a kinematic optimization for
the design of a collaborative robotic end effector for tele-echography is presented
[52]. The optimum base position and the tool geometry of a robot are determined
with respect to a manipulability measure based on optimization. As a result, one
optimal value was obtained for the base placement and tool geometry. However, in
a realistic setup, it could be beneficial if there were several good options in terms of
base placement and tool geometry instead of one perfect option, as the optimization
is only valid for one specific case. Thus, the following sections propose an approach
to calculate distributions of all possible base positions for defined target poses in the
context of robotic US. These distributions could be used to simplify the placement
of a robot. Furthermore, it is analyzed how the reachability of the target poses can
be increased by an improved geometry of the probe holder.

3.2 Experimental Setup

The experimental setup is shown in Figure 3.2 and involves a patient lying on a
couch, while a seven DoF redundant robot is moving an US probe attached to the
end effector by a custom-developed probe holder. The robot used in the experiments
is the LBR iiwa 7. Different target poses to be scanned are defined to investigate
various applications. Firstly, a general case is considered in which target pose 1,
target pose 2, and target pose 3 are different transducer poses arranged around the
patient. The target poses are located on the patient’s semi-cylindrical safety shell,
with the target orientation being the surface normal, as shown in Figure 3.3. These
target poses describe a potential application of a robotic US examination of the
organs in the upper body, such as the liver, for which the probe is placed either
centrally on the patient’s abdomen (like target pose 3 ) or laterally on the rib cage
(like target poses 1 and 2 ). In a more advanced scenario, robotic US could be used
in radiotherapy of liver tumors [53], [54]. Due to the irradiation, no staff can be
present in the treatment room, therefore a robot is ideal for holding the US probe. It
is important that the correct positioning of the robot is planned in advance to avoid
interrupting the treatment. In addition, a 20 cm long path is considered for robotic
US scanning of the femoral artery, inspired from the volunteer study described in
Chapter 4. The path consists of three poses arranged in sequence with the same
orientation and is referred to as vessel path.

The safety shell around the patient in Figure 3.2 represents the area in which no
part of the robot, except for the US probe holder, must be located. Two scenarios for
potential robot placements are considered. In scenario 1, both sides of the patient
are available for robot positioning. In scenario 2, the possible locations for the robot
are reduced due to the consideration of a forbidden translucent red box as shown
in Figure 3.2 which represents an area for other medical equipment (e.g. a linear
accelerator (LINAC)) or medical staff on one patient’s side. Thus, the target pose
must be approached from the other side of the patient, which makes it more difficult
to reach the pose.

The probe holder’s geometry is defined by the transformation eeTtcp from the end
effector to the TCP. The reference probe holder geometry is defined as a pure trans-
lational extension of 0.1 m in the z-direction of the end effector (see Figure 3.4A).
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add. safety zone

LINAC

robot

patient safety
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Figure 3.2: Experimental setup consisting of a patient couch and a redundant robot. For optimal
robot base placement, two scenarios are considered, where in scenario 1 the robot can be positioned
on both sides of the patient. In scenario 2, one patient side is restricted, e.g. by other medical
equipment or staff, represented by the translucent red box. For example, the rotating irradiation
unit of a LINAC could occupy one side of the patient to irradiate a certain target in the body,
which is tracked using robotic US. The figure was created using the Robotics System Toolbox for
Matlab Simulink [27] and a 3D model of the LINAC from [55].

The length of 0.1 m of the probe holder represents the minimum possible length
for the straight attachment of the experimental US probe to the end effector. This
setting allows us to use a small probe, but the cable must be bent for mounting.
For the adapted tool geometries, the tool length is held constant, but it is attached
to the end effector at a variable angle, represented by a rotation matrix Rtool (see
Figure 3.4B). Thus, the probe holder geometry for a target pose j is defined by the
following transformation matrix:

eeTtcp =




Rtool

0
0
0

0 0 0 1


 ·




1 0 0 0
0 1 0 0
0 0 1 0.1
0 0 0 1


 =




R1,1 R1,2 R1,3 0.1 R1,3

R2,1 R2,2 R2,3 0.1 R2,3

R3,1 R3,2 R3,3 0.1 R3,3

0 0 0 1


 . (3.1)

3.3 Generation of Reachability and Inverse Reach-

ability Map

The approach presented to determine suitable robot base placements with high
reachability for a defined target pose is based on an IRM. The IRM is created from
a RM, which needs to be calculated first. The respective steps are explained below.
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Figure 3.3: Visualization of the target poses on the patient to be scanned by the US probe.
Target poses 1, 2, and 3 describe a potential robotic US examination of the organs in the upper
body, such as the liver. In addition, the vessel path is considered for robotic US scanning of the
femoral artery.

3.3.1 Workspace Sampling

The desired reachability map to be generated is a 6D map that represents the values
for the reachability of every end effector pose in the workspace of the robot. First, a
3-dimensional grid with a resolution of 0.1 m is created as visualized in Figure 3.5A,
resulting in 2,601 voxels. Every voxel is represented by a unit sphere whose center
is the end effector position. To achieve a uniform distribution of the end effector
orientations, 50 points are evenly distributed on the surface of each unit sphere by
minimizing the electrostatic potential energy of a system of charged particles [56].
The direction from any point on the surface to the center of the sphere represents the
direction of the eez-axis, as shown in Figure 3.5B. The eex- and eey-axes are tangential
to the sphere surface. Each of these end effector orientations is additionally rotated
around its eez-axis in a range from -180° to 150° in 30° steps, which results in a
variation of the directions of the eex- and eey-axes. For the sake of clarity, only
three of these 12 rotated poses belonging to one eez-axis orientation are shown in
Figure 3.5C. In summary, for each of the 2,601 end effector positions, 600 different
orientations are considered. This leads to a total number of 1,560,600 sampled poses,
for which reachability values must be calculated and stored in the RM.

3.3.2 Measure of Reachability

To calculate values for reachability corresponding to the sampled poses, all poses
are searched for valid solutions for inverse kinematics. Since a redundant robot is
used, the elbow angle is specified as an additional varying parameter to take the
nullspace into account. The elbow angle is defined as the angle which describes the
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Figure 3.4: A: Reference probe holder geometry, which is a simple translational extension to the
end effector by 0.1 m. B: Example of an adapted probe holder geometry, where a rotation Rtool is
applied to the reference tool geometry, resulting in an adjusted transformation matrix eeTtcp from
the robot’s flange to the probe’s TCP.

rotation of the elbow around the axis from the shoulder to the wrist. Thus, each
of the 1,560,600 poses is checked for solutions of inverse kinematics, varying the
angle αn of the elbow uniformly in 15 steps of 24° between 0° and 336°. The joint
configurations qi,αn

, resulting from the analytical inverse kinematics calculation [57]
for all elbow configurations αn with n ∈ {1, . . . , 15} belonging to a sampled pose i
are checked for joint limits and self-collisions and stored. The reachability value for
each 6D entry of the RM is calculated as follows:

di =
15∑

n=1

√
det(Jqi,αn

· JT
qi,αn

). (3.2)

In Eq. 3.2, Jqi,αn
represents the Jacobian of the configuration qi,αn

, where i is the
respective grid pose and αn the robot’s elbow angle. The sum of Yoshikawa’s manip-
ulability indices

√
det J · JT for all possible configurations to reach a defined pose i

is calculated. Yoshikawa’s manipulability index represents a measure of how well an
adjustment is possible in the respective configuration [31], [36]. Thus, high values
of di represent high reachability of the robot at the corresponding pose i in the RM.

3.3.3 Reachability Inversion

The reachability of the robot flange from Section 3.3.2 is defined with respect to
a fixed robot base pose. The RM consists of tuples (Ti, di), where Ti are base-to-
flange transformations and di are corresponding reachability values. Inverting the
reachability data will lead to potential base poses for a fixed flange pose in the
workspace. To generate an IRM, a second voxelized data grid is filled by tuples
(T−1

i , di), where T−1
i represents the inverted poses of the RM, i.e. the flange-to-base

transformation [41].
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A B C 𝑥𝑒𝑒
𝑦𝑒𝑒 𝑧𝑒𝑒

Figure 3.5: A: Considered workspace of the robot, consisting out of 2,601 positions represented
by the centers of unit spheres. The dimensions of the workspace are x ∈ [−0.8, 0.8], y ∈ [−0.8, 0.8]
and z ∈ [0, 1], the resolution is 0.1 m. The figure was created with support of the Robotics System
Toolbox for Matlab Simulink [27]. B: 50 orientations of the eez-axis (shown in blue), defined by
the direction from uniformly distributed points on the surface to the center of the sphere. C: Each
of these 50 orientations is additionally rotated by 30° steps in a range from -180° to 150° to include
all possible rotations around the eez-axis. To provide a better overview, only three rotations are
shown. The eex-axes are red, while eey-axes are represented by green arrows.

3.4 Robot Base Placement

The procedure for finding safe and valid robot base poses is illustrated in Figure 3.6.
First, the IRM is used to determine all potential robot base poses (see Section 3.4.1)
which also include those with an oblique base. In a realistic use case, the orientation
of the robot’s base is fixed and upright, and hence, the poses with an upright base
are extracted from the set of all potential poses. For the remaining inclined robot
bases, the required rotation matrix of the tool transformation is calculated so that
the robot base is aligned upright and the transformation from the base to the end
effector remains the same (see Section 3.4.2). Finally, all robot configurations used to
calculate the reachability values belonging to the upright base positions are checked
for collisions with the safety zone (see Section 3.4.3). If collisions are detected, these
joint configurations are not possible and corresponding reachability values must be
reduced accordingly.

3.4.1 Potential Robot Base Poses

The IRM was generated for end effector poses (see Section 3.3.3). This means that
end effector poses must also be provided to use the IRM for determining potential
robot base poses. For this purpose, the end effector target poses Ptarget,ee,j associated
with the TCP target areas (target poses 1, 2, 3, vessel path) are calculated by

Ptarget,ee,j = Ptarget,tcp,j · tcpTee,ref (3.3)

where j is the corresponding goal pose index and tcpTee,ref represents the transfor-
mation from the TCP to the end effector for the reference probe holder geometry
without any rotation at the end effector (see Figure 3.4A). All potential robot base
poses Bi,j for the end effector target pose Ptarget,ee,j can then be determined by
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A B

Figure 3.6: Base Placement Process. A: Exemplary potential robot base pose Bi,j,grid, where the
basez-axis is aligned obliquely. B: The oblique base was aligned upright by applying transformation
Tup and shifted accordingly so that the end effector position is retained. The resulting base position
is referred to as Bi,j,grid,up.

multiplying the end effector target pose with the transformations T−1
i of the IRM:

Bi,j = Ptarget,ee,j ·Ti
−1. (3.4)

Each of the potential robot base poses is assigned the corresponding reachability
value di (see Eq. 3.2) from the tuple (T−1

i , di) of the IRM. The potential base poses
are allocated to a five-dimensional grid consisting of three translational and two
rotational parameters. The translational resolution for the x-, y-, z-coordinates of
the grid points is 0.1 m. For each grid point, 25 different directions of the basez-axis
are considered, covering a half-sphere with a maximum inclination angle of 90°, so
no robot bases hanging downwards are considered. Again, the basez-axis orientations
are defined by the direction from uniformly distributed points on the surface to the
center of a unit-sphere. A nearest neighbor algorithm is used to assign each of the
potential base poses Bi,j to the nearest entry in this five-dimensional grid, referred to
as Bi,j,grid. The respective reachability values belonging to a grid entry are averaged
and referred to as di,j,grid.

To represent the reachability of a whole path, consisting of multiple target poses
reached sequentially, the potential base positions Bi,j,grid for the different target poses
are combined. For each grid point, the respective reachability value is represented
by the mean value of the entries for the different target poses j ∈ {1, . . . , k}.

di,path,grid = mean(di,j,grid)k
j=1. (3.5)

So far, no constraints have been applied to the potential robot base poses. This
means that any position and inclination of the basez-axis of the robot is possible,
exemplarily shown in Figure 3.6A.

3.4.2 Compensation of Base Orientation Constraint by Tool
Geometry

In the considered scenario, the robot base position can be varied in x-,y- and z-
directions as long as it does not fall within the range of the safety zone. Moreover,
it is assumed that the base is oriented in an upright position, with rotations around
its basez-axis possible. This assumption is made because it represents a realistic
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scenario, with a robot available in the treatment room, mounted upright on a mobile
platform. Thus, the robot’s base position can be varied in x- and y-direction and
rotated around its basez-axis. Furthermore, the height of the patient couch can be
adjusted, and thus the relative displacement between the robot base and the patient
in z-direction.

Out of all possible base poses Bi,j,grid of the robot, there are only a few for which
the basez-axis is already aligned in the direction of the worldz-axis. Many base poses
with high reachability values are orientated obliquely. For this reason, the goal
is to calculate a tool transformation to compensate for oblique orientations of the
robot’s basez-axis and thus be able to improve the reachability of an upright-oriented
robot for specific target poses. For this purpose, the necessary rotation matrices are
calculated to rotate the obliquely oriented robot bases Bi,j,grid to be upright. This
is done by determining the axis u and angle θ between the oblique basez-axis zi,j,obl

and the upright worldz-axis zup:

ui,j =
zi,j,obl × zup

||zi,j,obl × zup||
(3.6)

θi,j = cos−1

(
zi,j,obl · zup

∥zi,j,obl∥ · ∥zup∥

)
. (3.7)

The robot is rotated by the transformation matrix Ti,j,up corresponding to the rota-
tion by axis ui,j and angle θi,j, which results in the following robot’s base pose:

B̃i,j,grid,up = Ti,j,up(u, θ) ·Bi,j,grid. (3.8)

The base of the robot is now aligned upright, but the pose of the end effector has
changed to T̃i,j,ee as a consequence of the rotation. The translational shift between
the end effector pose before (Tee) and after (T̃i,j,ee) the rotation is calculated and
expressed as a transformation matrix Ti,j,err. Then, this shift is compensated for by
relocating the base B̃i,j,grid,up accordingly:

Bi,j,grid,up = Ti,j,err · B̃i,j,grid,up. (3.9)

The corrected base pose Bi,j,grid,up ensures that the end effector is positioned as
before (Figure 3.6B). However, there is still a difference in the desired end effector
orientation. This difference is compensated for by a corresponding rotation Ri,j,tool

applied to the tool geometry, as shown in Eq. 3.1 and Figure 3.4B. The required
tool rotation Rtool is calculated by:

Ri,j,tool = R̃−1
i,j,ee ·Rj,ee. (3.10)

R̃i,j,ee represents the orientation of the end effector after the robot has been rotated
by Tup(u, θ) to ensure an upright base alignment and Rj,ee is the desired end effector
orientation for the target pose j. The number of compensating tool rotations calcu-
lated in this manner therefore corresponds to the number of possible different base
orientations Bi,j. The tool rotations Ri,j,tool are clustered with the corresponding
base rotations to be compensated and the mean value is determined. This results
in 25 different tool geometries tcpTee,t,i in the example shown, where t is the index
of the tool geometry and i the target pose. Thus, the five-dimensional distribution
of all potential base poses Bi,j,grid can be reduced to 25 different three-dimensional
distributions Bi,j,grid,up of upright base poses with respective tool transformations.
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3.4.3 Collision Check

The calculation of the reachability value di associated with a pose T−1
i in the IRM

is based on the sum of Yoshikawa’s manipulability indices of all possible configura-
tions that can be used to approach this pose (see Eq. (3.2)). The angle of the elbow
is varied in discrete steps. The more positions of the robot’s elbow are possible,
the higher the reachability value. However, this does not take into account the fact
that a robot configuration may not be possible due to obstacles, which would reduce
the reachability value. For that reason, all robot configurations used to calculate
the reachability values belonging to the upright base poses Bi,j,grid,up are checked
for collisions with the safety zone. To do this, the positions of all robot joints are
evaluated to determine whether they are located inside the patient safety zone. If
collisions are detected, these joint configurations are not possible and corresponding
reachability values are reduced accordingly. The corrected reachability values for
the upright base poses Bi,j,grid,up are denoted as di,cor.

3.4.4 Base Poses Visualization

The adapted base positions Bi,j,grid,up and their associated reachability values di,cor

are finally assigned to the corresponding closest voxels of a 3-dimensional grid. For
each grid voxel, the reachability values di,cor of the closest base positions are averaged.
Thus, a grid voxel with its associated reachability value describes the probability of
how suitable this position is for placing the upright robot base to reach the TCP
target poses. To facilitate comparability, the reachability values associated with
base positions are normalized to the highest occurring value of the respective target
in scenario 1. For visualization purposes, the grid voxels are represented as colored
spheres (e.g. see Figure 3.7). The colors range from blue, through green and yellow
to red, with blue representing low reachability and red representing high reachability.

3.5 Results

The aim of this approach is to automatically determine the selection of an adapted
tool geometry and thus increase the number of potential base positions with high
reachability of an upright-orientated robot. Thus, distributions of upright base
positions Bi,j,grid,up for respective tool transformations Ti,j,tool (see Section 3.4.2) were
calculated for three defined target areas target pose 1, target pose 2, and target pose
3 in two different scenarios. For evaluation purposes, the number of base positions
with a high reachability value that can be realized by applying a corresponding
tool transformation was counted. In the example presented, there are therefore 25
different distributions of upright base positions per target pose. In the following, the
best distribution for each target pose and the scenario under consideration is shown.
The distributions of the base positions without adapted tool geometry (tcpTee,ref) are
used for comparison.
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3.5.1 Scenario 1: No Additional Workspace Restriction

In scenario 1, the robot’s base can be located on both sides of the patient as long as
the safety box is not violated. The respective distributions with the largest number
of base positions having a reachability value greater than 0.75 are shown in Table 3.1
and compared to the values derived from the base positions without corrected tool
geometry (tcpTee,ref). In addition, the base positions are visualized in Figure 3.7,
Figure 3.8, Figure 3.9 and Figure 3.10. The resulting optimized tool geometries
tcpTee,max are shown in Figure 3.11 and Figure 3.12.

For target pose 1, the number of base positions with a reachability value higher
than 0.75 could be increased from 58 to 89 by using an adapted tool geometry,
which is an increase of about 52 %. The respective base positions are visualized in
Figure 3.7 as the larger reddish spheres. In Figure 3.7B, many more large reddish
spheres can be seen, as an adapted tool geometry is used compared to Figure 3.7A,
where the reference tool geometry is taken. This is confirmed by the histogram
showing higher bars for high reachability values. Furthermore, it can be seen that
reaching the target pose from the other side of the patient can now be achieved by
using the adapted tool geometry (Figure 3.7B). This is possible due to the corre-
sponding tool geometry, which has a mounting angle at the end effector of about
49.2° (Figure 3.11A), as this allows the robot to approach the target area without
excessively tilting its effector over the patient.

For target pose 2, 90 base positions of high reachability can be realized with an
adapted tool geometry, as shown in Table 3.1 and Figure 3.8B. This is an improve-
ment of 29 % w.r.t the usage of the standard tool geometry, which only provides 70
positions, as shown in Figure 3.8A. The increase can also be seen in the histogram
bars of high reachability values next to the base distributions, although not as clearly
as for target pose 1. Target pose 2 can also only be achieved from the other side of
the patient with an adapted tool transformation. The corresponding tool geometry
has a mounting angle of about 23.3° (3.11B), which is smaller than for target pose
1, as it requires less angulation of the end effector to reach target pose 2 from the
other side of the patient compared to target pose 1.

In contrast, for target pose 3 the tool transformation that leads to the largest
number of base positions with a reachability value of more than 0.75 is the same as
the reference tool geometry (Figure 3.12A), which is why the same distributions can
be seen in Figure 3.9A and Figure 3.9B. In addition, it can be observed, that target
pose 3 can easily be reached from both sides of the patient (Figure 3.9).

For the vessel path, a strong increase in base placements with high reachability
can be achieved. Using an adapted tool geometry, 68 instead of 21 potential base
positions using the reference tool can be obtained. This represents the largest rel-
ative increase compared to the other target poses. However, the absolute number
of base positions with high reachability is much smaller for the vessel path, even for
the adapted tool geometry. This is particularly noticeable for the reference tool,
where only 21 possible base positions can be achieved compared to 58, 70, and 86
for the other target poses, respectively. The optimized tool geometry for the vessel
path (Figure 3.12B) has a mounting angle of 39.4°. The tilt direction of this tool
geometry is opposite to that of target poses 1 and 2, as the orientations of the poses
of the vessel path are also reversed compared to target poses 1 and 2.
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Table 3.1: Maximum number of possible base positions with a reachability value di,cor > 0.75
for the corresponding optimized tool transformation tcpTee,max for scenario 1. In addition, the
maximum and mean of the considered reachability values are specified for each target pose. The
values for the reference tool geometry tcpTee,ref are given for comparison.

No. of BasesNo. of BasesNo. of Bases MeanMeanMean MaxMaxMax

Target area tcpTee,ref
tcpTee,max

tcpTee,ref
tcpTee,max

tcpTee,ref
tcpTee,max

Target Pose 1 58 89 0.82 0.83 0.97 0.94
Target Pose 2 70 90 0.82 0.82 0.95 0.96
Target Pose 3 86 86 0.83 0.83 0.98 0.98
Vessel Path 21 68 0.85 0.81 0.96 0.95

BA

Figure 3.7: Visualization of upright base positions for target pose 1 in scenario 1. A shows
the base positions without adapted tool geometry (tcpTee,ref). The potential base positions are
represented by colored spheres, with the color indicating the reachability value. The base positions
with a value of more than 0.75 are shown as larger spheres. Moreover, histograms of the respective
distributions are shown. The visualized coordinate systems consisting of a red x-axis, green y-axis,
and blue z-axis, represent the end effector target poses to be reached. In B, the distribution of
base positions for the adapted tool geometry tcpTee,max, resulting in the maximum number of base
positions with a reachability value di,cor>0.75, is shown. Since an adapted tool geometry was used
in B, the resulting flange target pose differs from A, where the reference geometry was applied
without any rotation.

30



3.5. Results

A B

Figure 3.8: Visualization of upright base positions for target pose 2 in scenario 1. In A, the
base positions without adapted tool geometry (tcpTee,ref) are shown for comparison. In B, the
distribution of base positions for the adapted tool geometry tcpTee,max, resulting in the maximum
number of base positions with a reachability value di,cor>0.75, is shown.

A B

Figure 3.9: Visualization of upright base positions for target pose 3 in scenario 1. In A, the
distribution of base positions without adapted tool geometry (tcpTee,ref) is presented. It can
be seen that this is the same distribution as in B, where the distribution of base positions for
the adapted tool geometry tcpTee,max, resulting in the maximum number of base positions with
a reachability value di,cor>0.75, is shown. Thus, for target pose 3, base positioning cannot be
improved by an appropriate tool geometry.
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A B

Figure 3.10: Visualization of upright base positions for the vessel path in scenario 1. In A,
the base positions without adapted tool geometry (tcpTee,ref) are shown for comparison. In B, the
distribution of base positions for the optimized tool geometry tcpTee,max, resulting in the maximum
number of base positions with a reachability value di,cor>0.75, is shown.
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Figure 3.11: Visualization of resulting tool geometries tcpTee,max in scenario 1. A: For target

pose 1 the rotation angle of tcpTee,max is 49.2◦ with a rotation axis of (0.99, 0,−0.16)T . B: The
respective rotation angle of tcpTee,max for target pose 2 is 23.3◦ with an axis of (0.69, 0.36,−0.63)T .
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effector

US 
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Figure 3.12: Visualization of resulting tool geometries tcpTee,max in scenario 1. A: For target pose

3, base positioning cannot be improved by an adapted tool geometry. Thus, the best tool geometry
is the reference tool geometry, which is simply a translational extension of the end effector. B: For
the vessel path the rotation angle of tcpTee,max is 39.4◦ with a rotation axis of (−0.99, 0.06,−0.19)T .
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3.5.2 Scenario 2: Additional Workspace Restriction

As can be seen from Figure 3.7A and Figure 3.8A, target pose 1 and target pose 2 can
only be reached from one side unless a customized tool geometry is used. To further
investigate that problem, another scenario is considered, where the preferred side is
restricted and thus not available for placing the robot’s base. For this scenario, the
respective tool transformations are redetermined to enable most base positions on
the other side of the patient with a reachability value di,cor>0.25 for target pose 1
and target pose 2. The limit value was reduced, as almost no base placements with
reachability values in the very high range as previously analyzed (di,cor>0.75) are
possible for these two target poses. The resulting distribution for target pose 1 is
shown in Figure 3.13B and for target pose 2 in Figure 3.14B. The number of possible
base positions has been greatly reduced compared to scenario 1, as a large part of
the possible range has now been restricted, which is shown by the translucent red
boxes. Nevertheless, using adapted tool geometries, new base placements are found
which helps to reach the target poses from the other side of the patient. This was
previously not possible for both target pose 1 and target pose 2 without an adapted
tool geometry, which is shown in Figure 3.13A and Figure 3.14A, where no colored
spheres can be recognized. By mounting the US probe with a custom probe holder
geometry on the robot, four base positions for target pose 1 and 82 base positions
for target pose 2 with reachability di,cor>0.25 can be found, also represented by the
larger spheres in Figure 3.13B and Figure 3.14B. In addition, this is illustrated by
Table 3.2. As expected, the average and maximum reachability values were lower for
scenario 2 than in the unrestricted case of scenario 1. The resulting tool geometries
are shown in Figure 3.17. It can be seen that the large angle (almost 90°) with which
the probe is attached to the end effector increases the range of the robot. Thus,
the target poses can be reached more easily, as the end effector no longer has to be
tilted so much over the patient.

For target pose 3, there is a slight improvement from 42 to 55 potential base
positions with a reachability value di,cor>0.75 (see Table 3.2). Again, this can also be
derived from the histograms in Figure 3.15. As the reachability of target pose 3 was
already very good with the reference tool (see Figure 3.15A), only a slight angulation
can be recognized for the geometry of an adapted tool, shown in Figure 3.18A. An
increase in base positions with high reachability can also be achieved for the vessel
path. Similar to target pose 3, the probe is only slightly angled at the end effector
(Figure 3.18B), but in the other direction. With this optimized tool geometry,
32 instead of 21 possible base positions with high reachability di,cor>0.75 can be
achieved, as is shown in Table 3.2 and Figure 3.16. In addition, it can be seen from
Table 3.2 that the mean and maximum reachability values remain at a level similar
to that without the adapted tool geometry for target pose 3 as well as the vessel
path.
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Table 3.2: Maximum number of possible base positions with a reachability value di,cor > 0.25 for
target pose 1 and target pose 2 as well as di,cor > 0.75 for target pose 3 and the vessel path for
the corresponding optimized tool transformation tcpTee,max in scenario 2. The area for the robot
to be placed is additionally restricted. In addition, the maximum and mean of the considered
reachability values are specified. The values for the reference tool geometry tcpTee,ref are given for
comparison.

No. of BasesNo. of BasesNo. of Bases MeanMeanMean MaxMaxMax

Target area tcpTee,ref
tcpTee,max

tcpTee,ref
tcpTee,max

tcpTee,ref
tcpTee,max

Target Pose 1 – 4 – 0.31 – 0.34
Target Pose 2 – 82 – 0.49 – 0.72
Target Pose 3 42 55 0.82 0.83 0.98 0.96
Vessel Path 21 32 0.85 0.85 0.96 1.00

BA

Figure 3.13: Visualization of upright base positions for target pose 1 for scenario 2, where the
area for potential base placements is strongly restricted, represented by the translucent red boxes.
In A, no base positions can be found if no customized tool geometry is applied. The target flange
pose cannot be reached from the other patient’s side. However, this is possible if an adapted
tool geometry is used. This can be seen in B, where the distribution of base positions for the
optimized tool geometry, resulting in the maximum number of base positions with a reachability
value di,cor>0.25, is shown. The base positions with a value of more than 0.25 are shown as larger
spheres.

34



3.5. Results

A B

Figure 3.14: Visualization of upright base positions for target pose 2 for scenario 2. In A, no
base positions can be found if no adapted tool geometry is applied. In B, the distribution of base
positions for the adapted tool geometry, resulting in the maximum number of base positions with
a reachability value di,cor>0.25, is shown. Due to the optimized tool geometry, the target pose can
now be reached from the other side of the patient.

A B

Figure 3.15: Visualization of upright base positions for target pose 3 for scenario 2. A shows
the base positions when no adapted tool geometry is applied. In B, the distribution of base
positions for the optimized tool geometry, resulting in the maximum number of base positions
with a reachability value di,cor>0.75, is shown.
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A B

Figure 3.16: Visualization of upright base positions for the vessel path for scenario 2. A shows
the base positions when no adapted tool geometry is applied. In B, the distribution of base
positions for the optimized tool geometry, resulting in the maximum number of base positions
with a reachability value di,cor>0.75, is shown.

end 

effectorUS 

probe

A B

Figure 3.17: Visualization of resulting tool geometries tcpTee,max in scenario 2 for target pose

1 (A) and target pose 2 (B). For target pose 1 the rotation angle is 76.2◦ with an axis of
(0.93, 0,−0.37)T . For target pose 2 the rotation angle is 78.1◦ with an axis of (0.98,−0.11, 0.19)T .

end 

effector

US 
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A B

Figure 3.18: Visualization of resulting tool geometries tcpTee,max in scenario 2 for target pose

3 (A) and the vessel path (B). For target pose 3 the rotation angle is 22.6◦ with an axis of
(0.70, 0.71, 0)T . For the vessel path the rotation angle of the adapted tool is 26.7◦ with an axis of
(−0.67,−0.63,−0.39)T .
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3.6 Discussion

3.6.1 Evaluation of Study Results

The evaluation of the results shows that an adapted tool geometry can strongly
increase the reachability of the US probe. The extent of increase varies consider-
ably depending on the target pose and the environment. It must be noted that the
percentages of improvement shown depend on the specific scenarios and the reacha-
bility threshold chosen for the base position count. Therefore, they are not generally
applicable. Considering the individual targets target pose 1, target pose 2, and target
pose 3, which represent different generic transducer orientations, which are arranged
around one side of the patient, the greatest improvements were achieved for target
pose 1. For scenario 1, the number of possible base poses with reachability higher
than 0.75 could be increased by around 52 %. However, the greatest overall im-
provements in scenario 1 were achieved for the vessel path, where a path with a
length of 0.2 m, represented by 3 poses, was evaluated. The number of possible
base poses with reachability higher than 0.75 could be increased by 232 %. It can
be seen that the poses of the vessel path are slightly tilted towards the base of the
robot, assuming that it is located on the right side next to the patient (when look-
ing at the patient, as shown in Figure 3.10). Due to the end effector inclination
required to reach the vessel path from this side, the respective reachability of po-
tential robot base positions is reduced. The adapted tool geometry compensates for
the end effector inclination, allowing the end effector to be aligned straight down
(see Figure 3.10B). This greatly increases the number of possible base placements
with high reachability on the right side next to the patient. This effect was observed
even more strongly in scenario 2, considering target pose 1 and target pose 2. As it
was not permitted to position the robot on one side of the patient, the probe had
to be moved over the patient and tilted sharply. This meant that target pose 1 and
target pose 2 could not be reached at all with the reference tool geometry. With an
adapted tool geometry, however, it was possible to reach them.

For target pose 3 and the vessel path, the distributions of base positions re-
sulting from the reference and optimized tool look similar for the respective pose
(Figure 3.16 and Figure 3.15). This matches the corresponding optimized tool ge-
ometries (Figure 3.12), which are characterized by only a slight mounting angle.
Nevertheless, improvements in the number of possible base placements with a reach-
ability value di,cor>0.75 were 31 % and 52 %, respectively. This shows that even
a small, not necessarily intuitive adjustment of the probe geometry could greatly
improve the reachability of the target poses and facilitate optimal base placement.
It should be noted that the results presented in Table 3.1 and Table 3.2 depend on
the threshold value used for the base position count. Choosing another threshold
would lead to a different percentage of improvement. However, it can be concluded
that the desired inclination angle of the US probe strongly influences the possibility
of improvement through a corresponding tool geometry. The more the end effector
has to be tilted, the greater the potential to increase the reachability by selecting an
adapted tool transformation. The reason for this is that it increases the workspace
in which strongly inclined TCP target poses (i.e. pointing towards the robot base)
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can be reached. This means that poses can be approached for which the robot would
otherwise have to be stretched out too far to reach them, as shown for target pose
1 and target pose 2 in scenario 2. In addition, once certain poses can be achieved,
the limits of all joints except the fourth can restrict the possible rotation of the
elbow, resulting in a lower reachability score. In general, the joint limits of joint 2
and joint 6 are most likely to be reached, as these are at ± 120°. In particular, if
the end effector is pointing downwards and towards the base, as shown in Scenario
2, the sixth joint must be strongly bent to reach the target pose. As a result, the
elbow may no longer be fully rotated as the sixth joint’s limit is exceeded. If an
appropriate tool transformation is used here, the sixth joint position is further away
from its limit, and allows for more elbow rotation.

However, in addition to the promising results, it must also be said that the pre-
sented approach can only be applied if the orientations of the defined target area
differ only slightly. This is due to the fact that different target orientations lead to
different rotation matrices Rj,ee (see Eq. 3.10). It follows that the resulting rotation
matrices Ri,j,tool of the tool geometries depend not only on the base rotations R̃i,j,ee

to ensure an upright base, but also on Rj,ee. This means that Ri,j,tool can no longer
be clustered according to the uprighting base rotations, which is the prerequisite for
compensating for these base rotations by means of corresponding tool transforma-
tions. However, this does not affect the application. If the optimum tool geometry
has to be calculated for a target area with different orientations, the mean value of
the orientations can be calculated first. This orientation then represents the target
orientation under consideration.

3.6.2 Practical Considerations

The results have shown that the optimal design of the tool geometry depends on
the target pose and environment. This is a challenge in practice, as it is not pos-
sible to dynamically adjust the tool geometry during an intervention. Ideally, you
would have a one-size-fits-all solution in practice. For example, a probe can be used
that is attached to the end effector at an angle of 45°. This geometry represents
a compromise: Even though a pure extension provides the greatest possible gen-
eral flexibility in the end effector orientations that can be achieved, the angulation
increases the range of the US probe, and target poses on the patient with a large
angle of inclination (e.g. target pose 1, Scenario 2) can be reached more easily.
Moreover, the guidance of the cable of the US probe is simplified. However, during
various volunteer studies in which robotized US scans were carried out, it was found
that this one-size-fits-all solution can be unfavorable depending on the area to be
reached on the patient and resulted in some volunteers having to be repositioned.
An adapted probe holder geometry for US robots that always perform the same
procedure (e.g. scan of the leg artery) could therefore be feasible and useful. Al-
ternatively, a mechanism could be considered whereby the angle of attachment can
be changed manually depending on the application, e.g. using a screw that can be
tightened and loosened by hand. This would allow the tool geometry to be adjusted
before the respective examination. Another, more automated option would be to
integrate an automatic mechanism for switching between different tool geometries.
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Similar concepts have been explored in microsurgery, where automatic tool changers
allow the robotic system to autonomously switch between surgical instruments dur-
ing procedures [58]. Transferring this approach to robotic US systems would allow
the probe holder geometry to be flexibly adapted to the scanned body region during
the examination.

3.7 Conclusion

Before an automatic robotic ultrasound scan can be performed, the robot and patient
must be positioned correctly in relation to each other during the pre-scanning phase.
This ensures that the target region is reached safely. This chapter investigated
how different probe holder geometries influence the placement of an upright robot
base concerning reachability of the target poses. A redundant seven DoF serial
manipulator was used to perform an US scan of three different generic target poses
on the torso as well as a specific path of the leg artery on a patient. First, reachability
maps as well as inverse reachability maps were generated. These were used to
determine potential placements for an upright robot base, while a respective tool
transformation was applied and constraints such as patient safety and an additional
restricted area were taken into account. It could be demonstrated that the number
of potential base placements with high reachability can be greatly increased by using
an appropriate tool transformation, especially if the sixth joint of the robot has to
function close to the joint’s limit to reach the target position. This was particularly
the case when the target pose had to be reached from the other side of the patient.
The proposed method offers an automated solution for finding such an adaptation
of the tool transformation. It is useful when high reachability is required at the
target area, or when the robot’s placement area is limited.
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4AUTOMATIC ROBOTIC DOPPLER

SONOGRAPHY OF LEG ARTERIES2

Once the robot has been positioned appropriately, the scanning phase of the ex-
amination can be initiated. This involves a robotic US scan of a patient’s femoral
artery. For a successful scan, the robotic system must fulfill certain core functions
(Figure 4.1). The robot must guide the US probe along the patient’s leg using a
defined contact force while centering the vessel to acquire high-quality images.

Automatic
robotic US
vessel scan

Pre-Scanning 
Phase

Robot base
placement

Probe holder 
geometry

Scanning Phase

Basic system with
core functions

Additional 
features

Probe orientation
adaption

Automatic US gel 
supply

Contact wrench
optimization

RQ1

RQ3

RQ4

Safe interaction
control

Probe motion
control

RQ2

Figure 4.1: Structure of the thesis. The essential topics required for an automatic robotic US
examination are addressed in individual chapters, with the content of this chapter highlighted in
dark blue.

These functions represent the minimum requirements for a successful examination
and are developed in this chapter by addressing RQ2:

Research Question 2

®
How can the essential core functions of the robotic system be realised
to enable a straightforward automatic US examination of the femoral
artery?

The required steps for system calibration, the implementation of compliant con-
trol, and the dynamic tracking of the artery’s position in the US images are explained

2Parts of this chapter have been published in [59].
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below. Finally, a volunteer study is presented in which the femoral artery is scanned
by the robotic system, validating its core functionality in a practical setting.

4.1 Related Work - Robotic US Systems for Vas-

cular Examinations

In recent years, many robotic systems have been developed to perform automated
ultrasound scanning procedures. A comprehensive overview of robotic ultrasound
systems is given in [60]–[64]. Furthermore, recent advances in machine learning
and deep learning technologies to improve the intelligence and autonomy of robotic
ultrasound systems are summarized by [65]. Selected robotic systems that have been
specially developed for scanning vascular structures are presented in the following.

In [66], a robotic arm was used to scan the lower limb artery. The vessel lumen
was segmented from the B-mode image using a fast-marching method, and the po-
sition of the probe was adjusted accordingly to keep the artery continuously in the
center of the image. Haxthausen et al. also presented an approach in which a robot
successfully followed the peripheral artery of a phantom automatically. The vessel
center was determined either using a neural network [67] or a template-matching
method [68]. This approach was further expanded into an assistance system for
performing robot-assisted, ultrasound-guided endovascular stent implantation [69].
Using a phantom study, it was shown that the integration of vascular stents is possi-
ble with the aid of an US robot and that the use of X-rays can therefore be avoided.
Furthermore, a fully robotic system for detecting tubular structures was developed
[70], which was based on a neural network for vessel segmentation. In addition, the
US probe was automatically aligned with the normal direction of the target struc-
ture, while the vessel structure was held in the center of the US view. However,
all the robotic US systems described above were only evaluated based on phantom
experiments. To ensure suitability for use in clinical practice, volunteer studies are
necessary. In [71], an imitation learning approach based on clinical protocols was
presented to automatically scan the carotid artery. Moreover, [72] presents an auto-
mated robotic carotid artery scanning system, where a yolov5 framework model [73]
was used to learn the features of the carotid artery and train a recognition model by
using manually labeled data. To verify the effectiveness of the proposed automated
scanning systems, volunteer studies were performed. Further recent developments
of ultrasound robots, with the aim of scanning the carotis, are presented in [74] and
[75]. Experiments on human subjects showed the systems’ feasibility in a realistic
scenario. A semi-autonomous robotic examination system to diagnose deep vein
thromboses is proposed in [76]. Virtual fixtures are used to allow the examiner to
either move the probe along a scan path or to perform a compression-release test
with minimal effort while the contact force is controlled by the robot. Furthermore,
a fully autonomous robotic ultrasound system, which is able to scan thyroid regions
and identify nodules, is presented in [77]. A recently published system for fully
automated, robot-assisted 3D ultrasound image acquisition of arteries is presented
in [78]. A neural network with a u-net structure was used to determine the vessel
center, while the in-plane rotation of the probe was corrected by an US confidence
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Figure 4.2: A: Visualization of the base and flange frames of the robot as well as the respective
transformation bTee. The image of the robot was generated by ChatGPT [6]. B: Geometric
representation of the transformation from the robot’s flange to the probe’s tip eeTtcp as well as
the transformation from the probe’s tip to the US volume tcpTvol.

map.
There are only a few studies where Doppler US is used for robot-guided exami-

nations. In [79], a robotic system to enable autonomous vascular access is presented.
Duplex US is used there to predict segmentations of veins and arteries by a neural
network to compensate for vessel motion, while the needle is guided into the target
vessel. For diagnostic robotic US scanning, [80] demonstrates an approach where
Doppler US is used to improve the accuracy and robustness of vessel segmentation.
A study was performed where arm vessels of volunteers were scanned. There is thus
a lack of robotic systems that perform automated acquisition of diagnostic duplex
US scans of vessels. This would be particularly useful for the automated diagnosis
and follow-up care of vascular pathologies, as duplex sonography has become the
preferred diagnostic tool [2].

4.2 System Calibration

To control the position of the robot based on an US volume or a sectional plane
of this volume, the transformation matrix bTvol must be determined. This matrix
transforms pixel positions from an US volume {vol} into the base frame {b} of the
robot. The frames involved in this process are shown in Figure 4.2. Consequently,
the calculation of bTvol can be performed as follows:

bTvol = bTee
eeTtcp

tcpTvol (4.1)

where jTi ∈ R
4×4 is the homogeneous transformation matrix to transfer the pose

from frame {i} to frame {j}. The probe tip’s frame is centered on the US probe and
referred to as {p}. The frame of the robot flange is denoted as {f}. The transforma-
tion bTee can be derived from the measured joint angles and the forward kinematics
of the robot. The transformation eeTtcp can be inferred from the CAD model of the
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probe holder and the probe attached to it. To determine the transformation tcpTvol,
a spatial calibration can be performed. This is done either by using customized
phantoms [81]–[83] or by employing image-based methods [84]. The resulting trans-
formation tcpTvol contains the homogeneous rigid transformation tcpTvol,rgd from the
probe tip’s frame to the image frame as well as the image spacing represented as an
affine transformation S ∈ R

4×4 with spacing factors sx, sy, and sz for the respective
axes:

tcpTvol =




R

ox

oy

oz

0 0 0 1




︸ ︷︷ ︸
tcpTvol,rgd




sx 0 0 0
0 sy 0 0
0 0 sz 0
0 0 0 1


 .

︸ ︷︷ ︸
S

(4.2)

The transformation tcpTvol,rgd consists of a rotation matrix R describing the geomet-
ric relationship between the orientation of the probe tip’s frame {p} and the orien-
tation of the US volume frame {vol} as well as a translational offset o = (ox, oy, oz)T

between the origins of the frames (see Figure 4.2B). However, precise spatial calibra-
tion is an error-prone, time-consuming step. In addition, precise spatial calibration
is not always required. For example, methods for 3D volume reconstruction are
also possible without perfect spatial calibration, either by directly merging 3D US
volume data by volume-to-volume registration methods [85], or by using inertial
measurement units to track the probe’s orientation [86]. Furthermore, diagnostic
applications such as the one shown in this study can be performed without precise
spatial calibration. For this reason, a simplified option by determining an approxi-
mate transformation matrix tcpTvol,smp was used, which considerably simplifies the
workflow and improves usability. The aim of robotic US scans based on visual ser-
voing is to move the probe depending on the US volume or image. Instead of a
movement to a specific position, it is often sufficient to move the probe in a certain
direction, e.g. in the direction of the vessel to be tracked. Thus, the essential param-
eter is the rotation matrix R between the orientation of the probe tip’s frame {p}
and the US volume frame {vol}. This can be determined experimentally by posi-
tioning the probe attached to the robot flange in such a way that the cross-section of
the artery (or any other easy trackable structure) is visible in the volxy-plane of the
US volume. Its initial position is determined by manually selecting the cross-section
from the US image. The probe is then moved transversely for a small distance in
the positive tcpy-direction of the probe tip’s frame. The displacement of the vessel in
the volxy-plane can either be recognized manually by the operator or can be tracked
by a template matching algorithm described in Section 4.4.1. Finally, the difference
between the volx-values of the start and end position of the vessel is calculated. If the
difference is positive, the volx-axis and the tcpy-axis point in the opposite direction,
resulting in the rotation matrix R1 = (0, 0,−1;−1, 0, 0; 0, 1, 0)T. Correspondingly,
if the difference is negative, the volx-axis and the tcpy-axis point in the same direc-
tion, resulting in the rotation matrix R2 = (0, 0, 1; 1, 0, 0; 0, 1, 0)T. The offset values
(ox, oy, oz)T of the calibration matrix tcpTvol,smp can be derived geometrically as the
interface of the US station provides us with the size of the US volume (length l,
width w, depth d, see Figure 4.2B) in pixels as well as the corresponding image
spacing sx, sy, and sz. This allows us to calculate the offsets ox and oy between the
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probe and volume frames, assuming that the volume is located in the center under
the probe:

ox =
l

2
sx (4.3)

oy =
w

2
sy (4.4)

oz = 0. (4.5)

The offset oz is neglected since it is only a minimum distance in tcpz-direction be-
tween the origin of the probe frame and the US volume frame, as defined by the
arrangement of the transducer elements in the probe. This results in the following
transformation matrix for the case R = R1 as shown in Figure 4.2, B:

tcpTvol,smp =




0 0 −sz
l
2
sx

−sx 0 0 w
2
sy

0 sy 0 0
0 0 0 1


 . (4.6)

The described approximate calibration method offers the advantage of requiring
no additional time for spatial calibration with a phantom, as long as the probe
remains attached to the end effector in the same position. All necessary values for
Eq. (4.6) are obtained from the ultrasound station’s interface, allowing for complete
automation of the process.

4.3 Robot Control

To enable a successful examination, high-quality US images are essential while the
robot guides the probe along the femoral artery in the patient’s leg. For this pur-
pose, an interaction control scheme based on the internal joint and torque sensors
is employed that is adapted to the application of an US scan on a patient. The fol-
lowing requirements must be met, with the robotic US system designed to minimize
complexity by avoiding the use of external sensors or electronics:

1. Safe interaction control: The robot behaves compliantly, while a defined
contact force is applied with the probe. Moreover, robustness against measure-
ment errors resulting from the robot’s wrench estimation model is ensured.

2. Probe motion control: A specific movement of the probe is executed as
commanded, guided by visual servoing inputs based on US image feedback.

4.3.1 Safe Interaction Control

To ensure the patient’s safety and comfort, it must be possible to push the robot’s
links away at any time. This applies both to the probe attached to the end effector
and to any robot links (e.g. the robot’s elbow). As a result, a joint admittance
control scheme is applied and defined as

q̇ic =
(
τ d + τ ext

)
D−1, (4.7)
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where τ d represents the desired and τ ext the measured external joint torques, ob-
tained from the robot’s control interface. D ∈ R

7×7 is a diagonal damping matrix,
with damping factors di representing the diagonal entries. The resulting joint veloci-
ties are denoted as q̇c. If no desired torques are applied, τ d = 0 and the robot reacts
completely compliant. It therefore only compensates for its own weight and can be
moved freely in space. Now, a defined contract force fd is applied in the direction of
the probe’s z−axis. Thus, the desired wrench is defined as wd = (0, 0, fz,d, 0, 0, 0)T.
Using the transposed Jacobian matrix J(q)T ∈ R

7×6 for the measured joint positions
q, the desired joint torques corresponding to the defined wrench are calculated by

τ d = J(q)Twd. (4.8)

Substituting τ d in Eq. (4.7) by Eq. (4.8) leads to

q̇ic =
(
J(q)Twd + τ ext

)
D−1, (4.9)

representing the resulting joint velocities that enable a desired probe contact force
at the current position. It can be seen that there is no Cartesian force feedback used
to control the contact force. This could be integrated by adding a PI-Controller with
gains kp and ki to Eq. (4.8), resulting in an adaption of Eq. (4.9)

q̇ic,fb =
(
J(q)T

(
wd + kpwe + ki

∫
we(t) dt

)
+ τ ext

)
D−1, (4.10)

whereby steady-state wrench errors we = wd − wext could be eliminated. The
measured external wrench is defined by wext = (0, 0, fz,ext, 0, 0, 0)T and a precise
measurement is therefore essential to reduce the error between the desired and ac-
tual measured force. However, as no external force/torque sensor is used, the wrench
measurement is calculated based on the general robot dynamics equation (Eq. (2.8)
in Section 2.3.2). Thus, it depends on the current joint configuration of the robot
and the accuracy of the estimation of the external joint torques based on the man-
ufacturer’s model. In positions close to singularities, outliers with large errors can
therefore occur for wext. These errors could have drastic consequences, such as insta-
bility of the control or the application of falsely excessive contact forces, which could
result in injury to the patient. Therefore, when employing Cartesian force feedback
without an external force/torque sensor, it is crucial to ensure an optimized wrench
estimation model that enables precise measurements and minimizes the occurrence
of large outliers. A suitable method for this purpose is proposed in Chapter 6.

4.3.2 Probe Motion Control

The proposed interaction controller so far aims to apply a desired force fd in the
direction of the probe’s z−axis (one DoF). However, to enable autonomous US
examinations, it is necessary to simultaneously adjust the probe’s pose. First, the
probe’s orientation must be aligned appropriately to be placed flat on the skin.
Additionally, the probe’s position must be adjusted to move the probe along the
leg, to always keep the vessel fully visible in the US image. To achieve this, a
translational motion vd = (ẋ, ẏ, 0)T in the probe frame’s x− and y−axes (two DoF)
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as well as a rotational motion wd = (ϕ̇, θ̇, ψ̇)T around the x−, y− and z−axes (three
DoF) are defined. The joint velocities required to achieve the resulting desired twist
νd = (vd,wd)T are calculated using the Jacobian pseudo-inverse method [87]:

q̇mc = J†
νd. (4.11)

A precise motion can directly be computed, without the need for explicit inverse
kinematics calculations or complex path planning. However, when the Jacobian
matrix approaches singularities, the pseudoinverse amplifies small errors, causing
joint velocities to spike and destabilize the system. To counteract this issue, the
resulting joint velocities are limited to remain within safe and feasible ranges during
motion. A more comprehensive solution is achieved by the damped least squares
method, regularizing the pseudo-inversion calculation, which stabilizes the system
even in the presence of singular configurations. The damped least squares method
reduces the amplification of small errors by modifying the standard pseudoinverse
formula with a damping term:

q̇mc,dls = JT
(
JJT + λ2I

)−1
νd. (4.12)

The damping constant λ must be chosen to stabilize the pseudo-inversion calculation
by regulating small eigenvalues while remaining small enough to minimize deviations
from the exact solution and maintain accuracy in well-conditioned configurations. In
order to fulfil this compromise as well as possible, different approaches are provided,
e.g. in [88], allowing for dynamic adaption of the damping constant.

4.3.3 Control Implementation for Volunteer Study

To conduct the volunteer study, safe interaction control without Cartesian force
feedback and motion control were combined, by adding Eq. (4.11) to Eq. (4.9):

q̇c =
(
J(q)Twd + τ ext

)
D−1 + J†

νd. (4.13)

A contact force of 5 N was applied, thus the desired wrench was set to wd =
(0, 0, 5, 0, 0, 0)T. The damping factors di representing the diagonal entries of the
damping matrix D were experimentally determined and set to 5 Nms. For mo-
tion control, the pseudo-inverse method was preferred to the damped least squares
method, as a more precise positioning of the probe for performing the scan was
considered to outweigh the advantages of an increased numerical stability when cal-
culating the pseudoinverse of the Jacobian. However, to ensure the safety of the
control system, the calculated joint velocities q̇c were severely limited to 10% of
the maximum possible values q̇max = (9.8, 9.8, 10.0, 13.0, 14.0, 18.0, 18.0)T ◦

s
of the

robot. In this way, abrupt probe movements resulting from a poorly conditioned
pseudoinverse Jacobian can be prevented.

The joint velocities q̇c are transformed into discrete joint positions qc for a time
step t through numerical integration over the cycle time ∆t by using

qc(t+ ∆t) = qc(t) + q̇c∆t. (4.14)
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The resulting joint positions qc are used in the target values for the robot’s joint
impedance controller to further increase stability during contact with the environ-
ment. The joint impedance controller was parameterized with a stiffness of 500 Nm

rad

and a damping ratio of 0.9.

Probe position adaption

The translational movement vd = (ẋ, ẏ, 0)T of the twist νd in Eq. (4.13) was defined
to fulfill two objectives: Firstly, the probe must be guided forward along the leg,
starting from the area beneath the hip and moving toward the popliteal fossa. On
the other hand, a corrective movement transverse to the forward movement is re-
quired to adjust the probe’s position and keep the vessel centered in the US image.
The transverse correction movement must be performed when the distance ec (see
Figure 4.4) between the center of the US image and the center of the vessel exceeds
50 px to prevent the vessel from moving out of the image. Otherwise, if ec < 50 px,
the probe must be moved forward. The velocity at which the probe is moved in
both cases is set at ctrans = 0.01m

s
, which is roughly equivalent to a manual scan

by a physician. For the arrangement of the probe shown in Figure 4.2B, where the
probe’s tcpx−axis indicates the longitudinal direction of the vessel scan, this leads
to:

vd =





(0, sgn(ec) · ctrans, 0)T, if |ec| > 50 px,

(ctrans, 0, 0)T, if |ec| < 50 px.
(4.15)

In order to calculate the difference ec between the center of the US image and the
vessel, it is necessary to detect the vessel, which is explained in Section 4.4.

Probe orientation adaption

While scanning, the probe must be orientated accordingly to enable full probe con-
tact with the body. Therefore, a desired probe orientation Rd must be achieved,
which can be specified depending on the task requirements. To align the probe
according to the desired orientation, the error to the probe’s currently measured
orientation Rerr is calculated by the relative rotation matrix Rerr, which describes
the transformation from Rc to Rd with respect to the probe’s frame:

Rerr = R−1
c ·Rd. (4.16)

The rotation angle β between Rc and Rd is calculated using the trace of the rotation
matrix

β = arccos

(
tr(Rerr)− 1

2

)
, (4.17)

where the trace is given by the sum of the diagonal elements:

tr(Rerr) = Rerr,11 + Rerr,22 + Rerr,33. (4.18)

The rotation axis a is computed using the off-diagonal elements of the matrix Rerr:

a =
1

2 sin(θ)




Rerr,32 −Rerr,23

Rerr,13 −Rerr,31

Rerr,21 −Rerr,12


 . (4.19)
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Finally, the twist’s rotation vector wd is calculated, which represents a rotational
movement of the probe in the direction of the desired orientation Rd:

wd =





0, if ∥a∥ = 0,

β · a

∥a∥
, else.

(4.20)

To prevent the probe from rotating too quickly, the rotation speed is limited to a
value of crot,max = 10

◦

s
.

In the study presented in this chapter, the probe is placed and correctly aligned
by a physician before the automatic scanning procedure starts. Due to the relatively
slight curvature and the elasticity of the upper leg, the initial alignment of the probe
can be maintained while moving along the vessel. Thus, the initial orientation of the
probe therefore represents the desired orientation Rd during the scan. However, if
there is a greater curvature of the structure being examined, the probe orientation
must be automatically adjusted while being moved. This would be relevant, for
example, in a scanning scenario of the rib cage, which has a greater curvature and
also higher rigidity. Due to the lower compliance of the body surface, the probe will
lose contact more quickly if it is not optimally aligned according to the curvature. To
address this challenge, an advanced method for automatically adjusting the probe’s
orientation to align with the approximate surface normal is presented in Section 5.1
of Chapter 5.

4.4 Image Analysis

A two-step approach is used for artery tracking. In the first step, possible vessel
positions are determined using image processing. This is done either by searching
for the vessel position using template matching (see Section 4.4.1) or by extracting
the red-colored blood flow in the US Doppler images (see Section 4.4.2). In the
second step, the vessel positions identified are then checked for plausibility with the
previous time step (see Section 4.4.3).

4.4.1 Vessel Template Matching

The procedure of the first approach, which uses a template matching algorithm to
find the vessel’s position, is illustrated in Figure 4.3. This involves the physician or
operator of the system selecting the cross-section of the artery at the start position of
the scan. This selected image section represents the template that is subsequently
matched in the US images captured during the scan. At each (x, y)-position of
the image I the similarity with the template T is determined by calculating the
normalized correlation coefficient:

Call(x, y) =

∑
x′,y′(T(x′,y′) · I(x+ x′, y + y′))

√∑
x′,y′ T(x′, y′)2 ·∑x′,y′ I(x+ x′, y + y′)2

. (4.21)

Thus, the resulting matrix Call(x, y) contains a similarity value with the template
for each (x, y) position in the source image. Possible vessel positions are represented
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Update vessel
position

Plausibility
check

Match 
template to
new US data

Choose template
(start position)

Figure 4.3: Procedure of template matching vessel tracking. The vessel template is selected at
the scan’s start position. This template is then searched for in the new US images during the
scan. The thicker dashed red box indicates the potential position cv,1 with the highest correlation
coefficient. This position is then compared with the vessel’s position pt-1 from the previous time
step.

by the best matches, which is why the values of Call(x, y) are sorted in decreasing
order and then referred to as Cv. The second step in Figure 4.3 shows two of these
matches as examples, where cv,i represents the ith value of the sorted items. Thus,
cv,1 is considered to be the best match. It is important to prevent incorrect matches
in other image regions, as otherwise the robot may be guided away from the target
position. Therefore, potential vessel positions are then checked for plausibility with
regard to the position pt-1 from the previous time step (third step in Figure 4.3)
using the tracking algorithm in Section 4.4.3.

4.4.2 Vessel Doppler Signal

The Doppler signal, which is used to visualize blood flow, is of major importance
in clinical practice for the diagnosis of vascular diseases, including peripheral arte-
rial disease. Nevertheless, it’s rarely found in robotic US interventions. As a 3D
probe is used, the X-plane view of the ultrasound station can be used to enable
simultaneous visualization of the longitudinal and cross-sections of the vessel (see
Figure 4.4B). The procedure to find potential artery positions based on the Doppler
images is illustrated in Figure 4.5. The Doppler images showing the cross-section of
the artery are first converted into the HSV color space and detected flow areas are
determined by filtering all red-colored areas (first step in Figure 4.5). The values of
the corresponding HSV ranges are:

Hred ∈ [0, 10] ∪ [170, 180] (4.22)

Sred ∈ [50, 255] (4.23)

Vred ∈ [20, 255]. (4.24)

The resulting red areas are sorted according to their size in descending order and
referred to as Call. In the next step, they are grouped into clusters if they are close to
each other (see Algorithm 1). For this purpose, the Euclidean distances between the
largest area’s center and the centroids of the remaining areas are calculated. If the
distances are smaller than a threshold rcl = 50 px, which corresponds approximately
to the radius of the artery in the settings used, they are combined, and the centroid
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A B

Figure 4.4: A: Vessel position determined by template matching. B: Determination of the vessel
position from the Doppler X-Plane US image.

Update vessel
position

Plausibility
check

Merge regions, 
redetermine

centroid

Extract red
regions

Figure 4.5: Procedure of Doppler vessel tracking. Red regions are extracted and merged into
bigger clusters. The centroid of the merged cluster is indicated by the thicker red cross representing
the potential vessel position cv,1. The vessel’s position is updated following a plausibility check
concerning the vessel’s position pt-1 of the previous time step.

is redetermined (see Figure 4.5, second step). This merging of red areas is done
because the increasing or decreasing blood flow caused by the heart contraction
can result in many smaller, unconnected colored areas in the Doppler US image
(see Figure 4.5). The resulting merged clusters represent potential vessel positions
Cv. Here, cv,1 represents the largest red cluster and is therefore regarded as the
most likely match for the vessel’s position. Finally, cv,1 is checked for plausibility in
relation to the vessel’s position pt-1 from the previous time step.

4.4.3 Vessel Tracking

The artery to be tracked can now be determined from the potential vessel positions
Cv and is described in Algorithm 2, which is based on [80]. Due to the continuous
nature of the tracked vessel, the corresponding vessel centers should be close to
each other in successive images. Thus, the tracked vessel is updated based on the
minimum Euclidian distance between the potential vessel positions Cv in the current
image and the detected vessel center pt-1 in the last frame. In addition, a maximum
distance value dv = 50 pixels is defined to avoid incorrect assignments of the vessel
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Algorithm 1 Clustering and Merging Red Regions

1: Input: Sorted red areas Call

2: Output: Clustered red areas Cv

3: Cv, usedInd← {}, {}
4: for i = 1; i < len(Call); i← i+ 1 do
5: if i /∈ usedInd then
6: curClust, refV alue← {}, ci

7: usedInd← usedInd ∪ i
8: for j = 1; j < len(Call); j ← j + 1 do
9: if j /∈ usedInd & CalcEuclDist(refV alue, cj) ≤ rcl then

10: usedInd, curClust← usedInd ∪ j, curClust ∪ cj

11: end if
12: end for
13: Cv ← Cv ∪ curClust
14: end if
15: end for
16: return Cv

Algorithm 2 Vessel Tracker

1: Input: Previous tracked vessel position pt-1, vessel candidates in current image
Cv

2: Output: Current tracked vessel position pt

3: pt ← pt-1;
4: dmin ←∞
5: imin ← −1
6: for i = 1; i ≤ len(Cv); i← i+ 1 do
7: di ← CalcEuclDist(pt-1,Cv(i));
8: if di < dmin then
9: dmin ← di;

10: imin ← i;
11: end if
12: end for
13: if dmin ≤ dv then
14: pt ← Cv(imin);
15: end if
16: return pt
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center. If the distances of the clustered areas are all above the limit value or no vessel
candidate is detected at all, the vessel center of the previous image is retained.

4.5 Volunteer Study

To validate the proposed approach, a volunteer study with seven male and healthy
volunteers was performed, in which the femoral artery was scanned by a robot. All
volunteers signed informed consent, and the study was approved by the local Ethics
Committee of the University of Lübeck. An LBR iiwa 14 redundant robot with seven
DoF, an EPIQ 7 US station (Philips, Amsterdam, Netherlands), and the XL14-3
(Philips, Amsterdam, Netherlands) probe were used. For US data acquisition, the
PLUS framework [89] was used in combination with a customized Dicom Network
Library provided by Philips, allowing real-time access to image and volume data.
As the US station does not have a direct interface to the Doppler signal, a frame
grabber Cam Link 4k (Corsair GmbH, Munich, Germany) was used to receive the
colored Doppler images from the screen of the US station. The recording frequency
was 10 Hz for the Doppler X-Plane images and 25 Hz for the conventional 2D US
data. The image depth was set to 50 mm, the resulting image spacing was 0.098 mm

px
.

During the study, a physician was present constantly.
The procedure of the volunteer study was as follows: First, while the robot was

in gravity compensation mode with the US probe attached to the end effector, the
starting point of the scan was determined by the physician (Figure 4.6A). This was
the division of the common femoral artery into the profunda femoral artery and
the superficial femoral artery. Then two automatic US scans (Figure 4.6B) were
performed, with each experiment being repeated three times. The maximum scan
length of the superficial femoral artery was set to 20 cm. While scanning, either

A B

Figure 4.6: Experimental setup of the volunteer study. A: The physician positions the transducer
to the starting point of the artery scan. B: The femoral artery is scanned automatically by the
robot, using the Doppler signal tracking to center the vessel while moving along the proband’s leg.

template matching (see Section 4.4.1) or Doppler signal tracking (see Section 4.4.2
was used to track the vessel’s center. To position the probe appropriately, the
distance ec between the center of the US image showing the cross-section plane and
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the tracked vessel center (Figure 4.4) was calculated. If this distance ec exceeded the
defined threshold ethr = 50 px, the probe was moved by the robot in the direction
of the vessel. Otherwise, the probe was moved forward along the vessel as defined
in Eq. 4.15.

For evaluation purposes, the vessel tracking accuracy as well as the automatic
vessel centering were investigated. The actual vessel centers of the recorded US data
were labeled by another physician. In addition, the accuracy of the applied probe
contact forces was analyzed.

4.5.1 Vessel Tracking Accuracy

The total mean vessel tracking error of all scans performed is 13.9 (± 6.4) px or
1.36 (± 0.63) mm for the template matching approach and 10.7 (± 3.1) px or
1.05 (± 0.3) mm for the Doppler tracking approach. This results in a 23 % lower
error when using Doppler tracking. The difference is even more apparent when
the tracking accuracy is evaluated in relation to the distance to the start pose of
the scan. Figure 4.7 shows the error between the determined vessel center and the
labeled ground truth, depending on the distance to the scan’s start pose.
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Figure 4.7: Accuracy of vessel tracking over the distance to the start pose of all scans performed.
The blue line represents the mean tracking error using the template matching approach, the orange
line represents the mean error using the Doppler approach. The corresponding standard deviations
are indicated by the colored transparent bands around the curves.

The blue line represents the average error and the area highlighted in light blue the
standard deviation of the template matching approach. The orange line represents
the respective results for the Doppler tracking approach. It can be seen that the
tracking errors at the beginning of the scan are at about the same level of approx.
1 mm. After a scan length of approx. 100 mm, the error of the template matching
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approach increases, while the error of the Doppler tracking remains constant. The
more distance covered, the less accurate template matching becomes, which can
also be recognized by the very large standard deviation towards the end of the
scan. The reason for this is that the vessel geometry changes over the distance
traveled. This makes template matching, which uses the vessel cross-section at the
start of the scan as a reference image, less reliable. Especially towards the end of
the scan, it is difficult even for a physician to recognize the vessel cross-section. This
is where analyzing the blood flow using the Doppler signal is a great advantage, as
the vessel can still be detected. It should therefore also be noted that due to the
poorer visibility of the vessel towards the end of the scan, less accurate labeling
could influence the results, especially of the template matching approach. Another
advantage of vascular tracking using Doppler signals is the ability to differentiate
between veins and arteries based on the visualized blood flow color. This means
that false detections of purely image-based methods (e.g. template matching, or
neural networks trained on US images) due to the similarity between artery and
vein can be avoided. For future work, a combination of both methods could be
considered, which combines the advantages. In some cases, no Doppler signal can
be detected because the probe is not optimally aligned, even though the vessel is
visible. Furthermore, in patients with severe peripheral arterial occlusive disease,
the femoral arteries may no longer be sufficiently perfused, making it difficult or even
impossible to obtain a Doppler signal. The combination of template matching and
Doppler signal could then help to follow the course of the vessel into the periphery.
To include the change in the vessel cross-section over the scan, the template should
be updated repeatedly.
Some related work described in the literature achieved slightly higher vessel tracking
accuracies of 0.89 mm in [67] and 0.38 mm in [78]. However, their validation was
done on phantoms, and the neural networks used for recognition were trained with
data from the same phantom. In addition, the scan distance in the experiment
described in this chapter is 20 cm instead of 14 cm in [67] and [78], and thus much
larger. Especially in the last part of the scans, the leg vessel is more difficult to see,
which reduces the accuracy of vessel recognition in the realistic subject data.

4.5.2 Contact Force Accuracy

The forces acting on the end effector in the direction of the tcpz-axis of the probe for
all the scans performed are shown in Figure 4.8. The forces were measured using
the torque sensors in the robot’s joints and the force estimation model provided
by the manufacturer. It can be seen that after the start of the scan, the contact
force increases until the desired value of 5 N is reached. The average measured
force then decreases slightly until it reaches approx. 4.4 (± 0.7) N at the end
of the scan, which is 0.6 N below the desired target value. The deviation can be
explained by inaccuracies in the robot model. Friction and hysteresis effects can lead
to inaccuracies in the estimation of internal joint torques, particularly at slow speeds
and low external forces acting on the end effector. In addition, the gravity due to
the weight of the probe and the probe’s cable was neglected. The inaccuracy of the
estimation of the internal torques then also leads to an inaccurate estimation of the
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Figure 4.8: Contact forces fz acting in the direction of the tcpz-axis of the probe over the distance
to the start pose for all scans. The mean forces are shown as a dark blue line, and the corresponding
standard deviations are highlighted in lighter blue. The value of the desired contact force fd is
shown as a red line.

external torques τ ext, which are used for the robot’s force control (see Eq. 4.13).
This could affect the controller shown here, as no Cartesian force measurement is
used as feedback, which might be further investigated in future work.

4.5.3 Vessel Centering

To keep the vessel centered during movement, the position of the probe must be
adjusted. Figure 4.9 shows an example of the movement of the US probe in the
transversal direction to the vessel’s cross-section in blue. Moreover, the distance
ec between the center of the US image and the detected vessel center is shown in
red. During this scan, the threshold ethr = 50 px is exceeded nine times, which is
shown by the grey circles. Each time the threshold is reached, the probe is moved in
the opposite direction, which is illustrated by the step-like blue curve. This shows
that the robot follows the detected vessel cross-section. Therefore, the probe can be
guided along the vessel. However, it must be noted that there are many corrective
movements. This is because the compensation movement stops as soon as it falls
below the threshold value. If the vascular curvature continues, another correction is
required shortly afterwards, and so on. To reduce the number of required corrective
movements, a further threshold value ethr,ad < ethr can be introduced in future work.
A commanded compensation movement (triggered by exceeding ethr) then continues
until the distance between the image center and the vessel falls below this threshold
ethr,ad.
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Figure 4.9: The diagram on the left shows the movement of the US probe in the transversal
direction to the vessel’s cross-section in blue for an experiment. The distance ec between the
centerline of the US image and the detected vessel center is represented in red. Exceeding the
threshold ethr = 50 px is indicated by the grey circles. The right-hand side of the figure shows
an example of an US image in which the centerline (dot-dashed red line) to vessel (pt) distance
ec was higher than the defined threshold ethr = 50. This results in a corrective movement of the
probe to keep the vessel centered.

4.5.4 Scanning and Processing Times

The mean total scan time was 44.7 s for the template matching approach and 37.2 s
for the Doppler tracking approach. The lower scanning times for the Doppler track-
ing approach are due to more precise tracking, reducing false detections and unnec-
essary robot movements. The acquisition of standard 2D US images took on average
40 ms (25 Hz), while the acquisition of X-Plane Doppler data took 100 ms (10 Hz),
due to technical limitations of the hardware used. The template matching approach
for vessel tracking required 12 ms on average, while processing and tracking Doppler
images needed 10.5 ms.

From a clinical perspective, there are no fixed guidelines regarding the duration
of a diagnostic US scan. Rather, the divergence between individual examiners is
very strong and could be sharply reduced with the help of robotic US. An average
sonographic examination of the arteries of both legs is stated in patient information
forms to take around 30-60 minutes [4], [90]. Even though a direct comparison with
the scan times achieved is limited as patient preparation (e.g., undressing, applying
gel) was not included, the measured robotic US times are well below current clinical
routine, highlighting the system’s potential for increased efficiency.

4.6 Conclusion

In this chapter, a robotic system for automatic scanning of the leg artery (superficial
femoral artery) was presented. Two image-based methods were tested to detect the
artery and adjust the transducer position accordingly. First, template matching
was employed to track the cross-section of the artery in conventional US images. In

57



Automatic Robotic Doppler Sonography of Leg Arteries

addition, the colored Doppler US signal was used for vessel tracking, which proved
to be the more effective option. Compared to existing methods in literature that use
neural networks for vessel detection (e.g. [80], [78]), the approach shown has two
major advantages: Firstly, no training data or labeling is required. In particular, to
cover different US device settings and different patient-specific vessel morphologies,
an extremely large amount of training data would have to be available to ensure
robust vessel detection performance. Recording this data is difficult to achieve,
especially if data from patients suffering from vascular diseases is required. Secondly,
the outputs of the presented vascular tracking can be easily understood as there is no
black box behavior. This interpretability of the vessel tracking contributes to patient
safety, as the robot navigates along a path derived from these results, preventing
unexpected maneuvers.
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5ADDITIONAL FEATURES FOR ROBOTIC

ULTRASOUND

In the previous chapter, it was shown that arterial scans of volunteers could be
successfully performed with the robotic system, fulfilling the core functions. The
following chapter deals with the development of additional features to further expand
the system’s capabilities. The respective topics covered are outlined in Figure 5.1.

Automatic
robotic US
vessel scan

Pre-Scanning 
Phase

Robot base
placement

Probe holder 
geometry

Scanning Phase

Basic system with
core functions

Additional 
features

Probe orientation
adaption

Automatic US gel 
supply

Contact wrench
optimization

RQ1

RQ3

RQ4

Safe interaction
control

Probe motion
control

RQ2

Figure 5.1: Structure of the thesis. The essential topics required for an automatic robotic US
examination are addressed in individual chapters, with the content of this chapter highlighted in
dark blue.

Based on this, the following research question is addressed:

Research Question 3

®
How can the additional features of automatic probe orientation adaption
and US gel supply be integrated into the robotic US system?

An automatic adjustment of the probe’s orientation can be useful to scan strongly
curved surfaces with full probe contact. For that reason, a method to determine a
rotational compensation movement to automatically align the probe to the approx-
imate surface normal is proposed in the following Section 5.1. Subsequently, to
further increase the system’s degree of automation, an automatic US gel supply is
presented in Section 5.2. The robot’s seventh degree of freedom is exploited in com-
bination with a passive mechanism, requiring no additional electronic components.
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5.1 Automatic Probe Alignment3

Acquiring reproducible US images of high quality is challenging. The image quality
mainly depends on the contact force [92] as well as the orientation of the probe [93].
While physicians can rely on their experience, robot-assisted systems must be able
to automatically align the ultrasound probe with the correct orientation. It was
concluded in [94] and [95] that an orientation along the normal of the surface leads
to improved image quality. Several approaches in the literature focus on automated
normal probe alignment based on external sensors. In [96]–[98], depth cameras were
used, while [99] attached laser distance sensors to the probe holder to automatically
adjust the probe’s orientation to the surface normal. However, the integration of
additional sensors leads to an increased system complexity. For that reason, various
articles employed approaches, which are solely based on US data. For example, [95],
[100], [101] use confidence maps [102], to accordingly adjust the probe’s orientation.
Finally, [103] combines confidence maps with the robot’s estimated contact forces
acting on the probe to determine the optimal orientation.

In the following, a new method to align the central axis of the probe to the surface
normal at the point of contact is provided. This is done by analyzing the area of
3D ultrasound volumes directly below the transducer of the probe. A convolutional
neural network (CNN) is trained to estimate the inclination of the probe towards
the direction of the surface normal, such that the robot can correct the probe’s
orientation immediately.

5.1.1 Data Acquisition

The acquisition of training data was done with an LBR iiwa 7 robot and an EPIQ 7
US station with the XL14-3 probe at different locations on two leg phantoms and one
torso phantom (see Figure 5.2). US volumes were acquired at six different locations
on the torso phantom, at four different locations on the transparent leg phantom
and at two locations on the red leg phantom. First, the probe is aligned by hand
at a chosen location. The probe has full contact to the phantom surface and the
orientation is approximately aligned to the surface normal though no ground truth
is known. To acquire data with different contact angles at the contact point, in a
second step, the probe orientation is varied in a range from -15◦ to 15◦ at a step
size of 3◦ as visualized in Figure 5.3. This is done by rotating the probe around
the tcpy- and tcpx-axes of the tcp-frame, which is located in the center of the probe
as shown in Figure 5.3. ∆θIP and ∆θOP represent the angles by which the probe
must be rotated to be aligned with the approximate surface normal in the in-plane
and out-of-plane directions, respectively (see Figure 5.3). First, the probe is rotated
around its tcpy-axis by a corresponding angle of ∆θIP while ∆θOP = 0◦. Afterwards,
the probe is rotated around its tcpx-axis by a corresponding angle of ∆θOP while
∆θIP = 0◦. In addition, the probe pressure force onto the phantom surface is varied
for each probe orientation. The probe is moved in 2 mm steps in the tcpz-direction
until a depth of 10 mm is reached. This varies the range of contact forces that occur

3Parts of this section have been published in [91].
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with the aim of achieving higher data variability. During this process, the US data
as well as the force and position data provided by the robot are stored.

A B C

chest

abdomen

leg

Figure 5.2: Phantoms for data acquisition and validation. (A): Torso phantom. (B), (C): Leg
phantoms. The validation scans are marked with black tape.

surface

normal

In-Plane view Out-of-Plane view

Figure 5.3: For data acquisition, the probe orientation was varied between -15◦ and 15◦ in steps
of 3◦ in both rotation directions.

61



Additional Features for Robotic Ultrasound

5.1.2 Data Preparation

After acquisition, the data is prepared for CNN training. The proposed approach
for estimating the required US probe rotation angles ∆θIP and ∆θOP is based on
both, forces and images. Depending on the area of interest, US volumes can contain
highly different anatomical structures. To be invariant to this structural variability,
not the whole US volume, but only the area directly under the US probe, was used.
This transducer area, marked in Figure 5.4, has no information about the anatomical
structure but about the probe-surface contact. Transducer area patches are cut out
from the US volumes at a depth of 30 px as visualized in Figure 5.4.

x
y

c

transducer area

No-contact

artifact

Figure 5.4: A slice of a 3D US volume acquired at a probe orientation of ∆θIP = 0◦, ∆θOP =
−12◦. The transducer and the non-contact artifact are marked.

In a second step, these patches are resampled into a size of 30 px × 30 px ×
30 px. To extend the available data set, random intensity rescaling is applied to the
patches so that 12,548 data samples are available for training. The measured forces
eef are given in the end effector coordinate system. The forces eef are transferred
to the US probe coordinate system by applying the transformation matrix eeTtcp,
which is known from the CAD model of the probe holder, resulting in tcpf . Using
the probe contact force tcpf for angle estimation is an important aspect, since the
US image quality can be affected by both, pressure and orientation due to the soft
and flexible skin of humans or phantoms. In addition, a rough estimation for the
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rotation direction dt is calculated by determining the US volume moment M

M =
∑

x,y,z

xiyjzkI(x, y, z). (5.1)

Here, I(x, y, z) is the US volume intensity at position (x, y, z). As can be seen in
Figure 5.4, volumes acquired at a suboptimal probe orientation contain a shadow
artifact that extends over the entire depth of the US volume. Due to that, the volume
moment is shifted into the opposite direction. According to this, the parameter
dt = (dt,IP, dt,OP)T with dt,IP ∈ {−1, 1} and dt,OP ∈ {−1, 1} is set based on the
shift direction of the volume moment for the in-plane and out-of-plane angles of the
ultrasound probe. It should be noted that dt could also be received by labeling the
data, determining the volume moment is done to avoid the time-consuming labeling
process.

5.1.3 Convolutional Neural Network

The required probe rotation is estimated using a two-dimensional Regression CNN
visualized in Figure 5.5. The CNN consists of nine convolutional layers with relu
activation function, two max-pooling layers and four fully connected layers with
sigmoid activation function. In the output layer, a linear activation function is
used. The CNN gets a 30 px × 30 px × 30 px sized volume and the force vector
tcpf as input. Since the CNN used is a two-dimensional model, the information
along the depth axis of the US volume is handled as 30 different channels inside the
CNN. Output of the model are the angle predictions ∆θIP and ∆θOP for the required
rotation of the US probe. Training is performed using the rmsprop optimizer with a
batch size of 128, validation split of 10 %, early stopping, exponential learning rate
decay and a custom loss function, given in Eq. (5.2):

Loss = LRotation + LDirection. (5.2)

Here, LRotation (see Eq. 5.3) calculates the difference between the predicted US probe
rotation and the ground truth considering the rotation matrices Rp and Rt using
the Frobenius norm:

LRotation = ||Rp −Rt||F. (5.3)

The rotation matrix prediction Rp is generated using the predicted angles ∆θIP

and ∆θOP while Rt is known from the data acquisition. By using LDirection (see
Eq. (5.4)), predictions are penalized even stronger if the direction of the predicted
rotation is wrong:

LDirection =





1, if dp ̸= dt

0, otherwise.
(5.4)

Here, dp = (dp,IP, dp,OP)T denotes the rotation directions of the predicted angles
∆θIP and ∆θOP, where dp,IP ∈ {−1, 1} and dp,OP ∈ {−1, 1}. If these predicted
rotation directions do not match the directions dt = (dt,IP, dt,OP)T derived from
the US volume moment (see Section 5.1.2), an additional penalty is applied. With
this, the CNN is forced not to give rotation predictions that point into the opposite
direction as required. Note, that dt and dp are only used for training. When the
CNN is used for prediction, these calculations are not performed.
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Figure 5.5: Visualization of the CNN architecture. It receives an US volume and a force vector
as input and predicts the required rotation angles of the probe ∆θIP and ∆θOP.

5.1.4 Validation Experiments

For validation, a phantom study is performed where several automated US scans of
two different phantoms are executed. For each scan, the probe is positioned by hand
at a start position on the phantom and the following scanning procedure is executed
as shown in Figure 5.6. First, the contact force of the probe is adjusted to be in a
range between 3 and 5 N by adapting the probe pose in the tcpz-direction (see 1
in Figure 5.6). Afterwards, an US volume is acquired and the rotation angles to
align the probe are estimated by the CNN. If the absolute values of the predicted
angles are greater than 3◦, the probe is rotated appropriately (see 2 in Figure 5.6).
Otherwise, the probe orientation remains constant. This threshold is chosen due to
the step size of 3◦ in the training data acquisition. In the third step, the next path
point is approached by moving the probe 5 mm into the tcpx- direction (see 3 in
Figure 5.6). In total, two validation trajectories on the torso phantom and one on the
transparent leg phantom are chosen (see black tape in Figure 5.2). At each location,
five scans are performed. To evaluate the accuracy of the orientation alignment,
the surface normals of the corresponding paths are determined by a laserscan done
with an Artec Leo (Artec 3D, Senningerberg, Luxembourg) laserscanner. The path
is then divided equally into 24 areas for the scans on the torso phantom (chest
and abdomen) and in 16 areas for the scan on the leg phantom. The mean surface
normals of these areas are used to calculate the absolute angle error to the probe’s
tcpz-axis for each position of the trajectory.
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end pose

start pose

1

2

3

Figure 5.6: Procedure of validation scans: The probe tcpz-axis is automatically aligned with the
surface normal while scanning a curved tissue. θdiff,tot is the difference between the surface normal
at the start and the end position. Step (1): Probe position is adapted along the probe tcpz-axis in
order to achieve a contact force between 3 and 5 N. Step (2): An ultrasound volume is acquired
and the correction angles to align the probe with the surface normal are estimated, and the probe
is rotated. Step (3): Move probe 5 mm into tcpx-direction. The procedure is repeated 24 times for
the scans of the torso phantom and 16 times for the scan of the leg phantom.

5.1.5 Alignment Accuracy

For evaluation, the absolute angle errors measured between the mean surface normals
and the tcpz-axis of the US probe are investigated. The measured in-plane and out-
of-plane angle errors are summed and considered jointly. In Figure 5.7, the absolute
angle errors of all five iterations of the three validation scans are visualized. The
mean absolute angle error over all experiments is 5.0◦±2.8◦ and in 95 % of the probe
positions the angle error is ≤ 9.7◦. However, the results indicate that the accuracy
of the leg phantom is higher than of the torso phantom. In the leg experiments, the
mean angle error is 3.8◦±2.9◦ while the error on the chest and abdomen is 5.3◦±2.7◦

and 5.5◦ ± 2.6◦, respectively. Altogether, during the scans the probe had to rotate
for 61.8◦, 30.7◦ and 74.2◦ in the chest, abdomen, and leg experiments, respectively.
The robot was able to hold the probe in full surface contact the whole time during
all experiments. Outliers, meaning probe positions where the angle error is quite
high, could always be compensated in the following probe position.

5.1.6 Discussion and Conclusion

The goal of the presented approach is to automatically adjust the probe’s orien-
tation during the scan. Based on the US volume and the force acting at the end
effector, a target orientation Rd is calculated to align the central tcpz-axis of the
probe approximately normal to the surface of the scanned tissue. The results show
that trajectories at unknown curved surfaces can be scanned automatically by an
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Figure 5.7: Absolute angle error results for chest, abdomen and leg experiments. In each location
five iterations are performed. The sum of the in-plane and out-of-plane errors are visualized.

US robot, ensuring full probe contact. The proposed method is applicable even in
areas where orientation adaptions of more than 70◦ are required. The overall mean
angle error is 5.0◦ ± 2.8◦. Since the probe orientation is only adapted if the esti-
mated rotation is ≥ 3◦, this can be considered as high accuracy. Since the smallest
rotation in the training data is 3◦, the CNN is not expected to estimate smaller
angles accurately. In addition, although the method is validated by measuring the
error between the surface normal and the probe orientation, the CNN is not trained
to align the probe to the surface normal. When acquiring the training data, the
ground truth for the optimal probe orientation was set manually. Thus, the CNN
estimates the required rotation to reach US volumes without non-contact artifacts,
shown in Figure 5.4. This can be achieved even if the US probe is not optimally
aligned to the surface normal, thus, errors are expected when comparing the probe
orientation and the surface normal. This effect even increases at higher pressure
forces, which makes it necessary to use force information for an accurate rotation
angle estimation. Compared to results from [103] the performance of the methods
are comparable. Though, in contrast to [103], the presented approach is based on
3D US images so it is not necessary to perform a fan motion pattern for probe align-
ment. Another benefit of the proposed method is the invariance to the anatomical
area of interest. The results show that the CNN generalized for the chest, abdomen
and leg areas where the anatomy differs greatly. This was achieved by using the
transducer area of the US volumes instead of the whole US volume. These anatom-
ical areas of interest were, however, part of the training data, so the method was
not tested on completely unknown areas of interest. Thus, there is still potential
for improvement. The training data set should be extended with samples at rota-
tion angles less than 3◦ as well as data from further areas of interest to extend the
data variability. Another approach would be to determine only the direction of the
probe’s rotation to be aligned correctly, rather than directly predicting the exact
optimal orientation. With visual servoing, knowing which way to rotate is suffi-
cient, and calculating a precise angle is not necessary. Thus, instead of a regression
network, a classification network could be tested. Moreover, the method should be
tested on unknown phantom structures as well as on in-vivo data to investigate the
practical clinical application of this approach.
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5.2 Automatic US Gel Supply4

Ultrasound gel is used as a coupling medium in ultrasound procedures, thereby
ensuring the entry of sound waves into the body of the patient and providing ultra-
sound images of high quality. For this purpose, US gel is applied to the body of the
patient by therapy staff before the examination starts. However, an automated gel
supply system would be required for fully automated US scans. The properties of
US gel, though, make automated delivery difficult, as it has a very high viscosity.
Despite its practical relevance, this topic is still largely unexplored. One notable
exception is the work by [105], where a customized probe holder with an integrated
mechatronic US gel dispenser is presented. The system consists of a gel-filled sy-
ringe and a linear actuator that pushes the syringe plunger to dispense the gel. In
addition, a camera is used to verify the presence of US gel on the contact surface. A
neural network processes the input from the camera, providing feedback to ensure
that the gel has been sufficiently applied before the ultrasound examination begins.
Although the gel dispenser was able to demonstrate its functionality, it leads to con-
siderably increased system complexity due to the external mechatronic components.
This additional complexity can lead to problems with system reliability, patient
safety, and higher costs. The following approach for the automatic supply of US
gel avoids this problem by combining a passive mechanism and advanced motion
control to exploit the nullspace of a seven DoF redundant robot. This allows fully
automated robotic US investigations without the need of external electronics.

5.2.1 Mechanical Design

The LBR iiwa 14 redundant robot with seven DoF and an EPIQ 7 US station with
the X6-1 probe were used. To attach the US probe to the robot’s flange, a custom
US gel dispenser was developed. The proposed US gel dispenser consists of only
a few parts, which can be 3D printed easily. The mechanical design is shown in
Figure 5.8. A cosmetic gel tube with a filling quantity of 60 ml was used as reservoir
for the US gel. This tube was inserted in a 3D printed gel dispenser, which was
directly attached to the US probe holder. To achieve a flow of gel through the
nozzle of the gel dispenser, pressure must be applied to the tube. This was done by
means of a lever attached to the robot link between the sixth and seventh joints,
which acts as a push mechanism. Before the start of the robot-assisted examination,
this lever was fixed directly next to the gel reservoir. Thus, appropriate movement
of the seventh joint causes the tube to move into the lever and the resulting pressure
causes the gel to flow.

5.2.2 Robot Nullspace Control

In Section 4.3.2 of Chapter 4, the application of the Jacobian pseudoinverse method
for the probe’s motion control has already been described. The respective angular
velocities for a desired twist νd are calculated by Eq. (4.11). However, the robot’s
redundancy has not been taken into account so far. In the case of redundancy of the

4Parts of this chapter have been published in [104].
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Figure 5.8: Mechanical design of the gel dispenser attached to the end effector of a robot. It
consists of a 3D printed probe holder, where a gel reservoir is included. When the tube is pressed
in using the push lever, US gel is dispensed through the nozzle.

manipulator, a more general solution of Eq. (4.11) can be provided for simultaneous
execution of two Cartesian tasks T1 := (J1,νd,1) and T2 := (J2,νd,2) using task
prioritization [106]. The joint velocities q̇mc,p required to fulfil the two tasks and the
prioritization of T1 over T2 are calculated by:

q̇mc,p = J
†
1νd,1 + [J2(I− J

†
1J1)]

†(νd,2 − J2(J
†
1νd,1)). (5.5)

In the scenario considered here, the first task T1 is the Cartesian movement of the
US probe to scan a certain area of the body, specified as twist νd,1. This task is
given priority over the second task T2, which represents the rotational movement
ν2 of the tube into the lever, applying US gel. J1 is the Jacobian associated with
the Cartesian motion of the probe νd,1 and J2 is the Jacobian belonging to the
corresponding rotational motion νd,2 of the end effector to push the tube into the
lever. Since the US gel feed can be activated and deactivated, the following applies
to νd,2:

νd,2 =





(0, 0, 0, 0, 0,−0.5)T, gel supply activated

(0, 0, 0, 0, 0, 0)T, gel supply deactivated.
(5.6)

Since the calculation in Eq. (5.5) is performed with respect to the end effector coor-
dinate system (see Figure 5.10A), νd,2 represents a pure rotation with a rotational
velocity of −0.5

◦

s
around the eez−axis of the end effector in case of a desired gel

transport. This corresponds to the movement of the seventh joint in negative direc-
tion. In contrast, the position of the tube with respect to the lever remains constant
if the gel feed is stopped. Thus, the seventh joint is not moved.
The joint velocities q̇mc,p required for the desired movement, calculated according to
Eq. (5.5), are transformed into joint positions qmc,p by Eq. (4.14). These are com-
manded to the robot, which is controlled in joint impedance mode with a stiffness
of 500 Nm

rad
and a damping ratio of 0.9, ensuring compliance while moving.
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5.2.3 Validation Experiments

Automatic US gel supply is considered as an additional feature, not a core appli-
cation of the robotic US system developed within this thesis. Thus, two phantom
experiments are presented to demonstrate the functionality. In addition to per-
forming a vessel scan, another potential use case for a fully automated long-term
examination is also described. The experimental setup is shown in Figure 5.9. Dur-
ing the execution of experiments, the 2D US data and the measured joint positions
provided by the robot interface are stored.

US station

redundant 

robot

torso

phantom

leg phantom

US probe 

holder

Figure 5.9: Experimental setup, consisting of a robotic manipulator with the gel dispenser, US
station, a torso phantom, and a leg phantom.

Vessel Scan

The first experiment represents a linear scan of a vessel inside the leg phantom shown
in Figure 5.10A. The US probe was manually positioned on the dry phantom. Then
it was moved in the z direction of the probe for 4 mm, ensuring complete probe
contact with the surface during the scanning process. The probe was then moved at
a velocity of 0.01 m

s
on a straight path along five equally distributed way points for

a distance of 25 cm, whereby the orientation of the probe had to remain constant.
The direction of the translational part of νd,1 was calculated by transforming the
difference between the current probe position and the next path point to the end
effector frame. As soon as the second path point was reached, the supply of US
gel was started. After arriving at the third path point, the gel supply was stopped
again. Finally, the robot motion stopped when the last point of the path was
reached. This experiment was repeated for five times. Since gel application caused
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the seventh joint to move slightly into the tube, the initial position of the seventh
joint was adjusted accordingly during the repetitions.

1 2 3 4 5

1

2

3

4

5

end effector

tube

lever

A B

Figure 5.10: Validation experiments. (A): Vessel Scan. (B): Long-term US Examination.

Robotic long-term US Examination

As a second experiment, a robot guided long-term US examination on a torso phan-
tom (see Figure 5.9A) was performed, which represents a suprapubic scan of the
prostate and bladder. First, US gel was applied manually, and the probe was po-
sitioned accordingly at the target area. Again, it was moved in the z direction of
the probe for 4 mm, ensuring complete probe contact with the surface. Then, a
rectangular path consisting of four points was repeatedly followed, as shown in Fig-
ure 5.10B. The amount of gel between the probe and the phantom surface decreases
over time, resulting in a degrading US image. This image quality degradation was
detected by determining the mean value of all pixels of all US images of each path
round. If this value was lower than 80 % of the value that had been present at the
beginning of the experiment, i.e., after the first path round, the US gel feed was
activated. This resulted in a movement of the seventh joint by a step of 2°, so that
the lever was pressed into the tube and gel was supplied. Since the gel outflow is
placed slightly in front of the probe, the probe was moved to a fifth path point (see
Figure 5.10B) during gel delivery and lifted 4 mm from the body, which allowed the
gel to better reach the observed body region. The experiment was stopped when
the total examination time of 45 minutes was reached.

5.2.4 Results

Vessel Scan

As described in section 5.2.2, two tasks with different priorities must be performed
simultaneously. This means that the second priority motion of the seventh joint νd,2

to supply US gel must not influence the first priority movement νd,1 of the probe to
follow the path. This is confirmed by examining the error between the desired and
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the current probe pose while performing the scan. The norm of the translational
error in the probexy plane between the probe position and the path, which is shown in
blue Figure 5.11, was always below 3 mm with an average error of 0.8 mm over the
whole path. The average angular error of the probez−axis was 0.49° and is visualized
in green in Figure 5.11. Moreover, the movement of the seventh joint is shown on the
second axis on the right. When the second path point P2 at 6.25 cm was reached,
the gel supply was activated, which resulted in a movement of the seventh joint in
negative direction. After arriving at the third path point P3 at 12.5 cm, the supply
was stopped again, which resulted in a constant position of the seventh joint. Thus,
it can be shown that the two movements could be performed in parallel without
causing mutual influence.
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Figure 5.11: Translational error to path in xy plane (dark blue, left axis), z−axis angular error
(light blue, left axis) and position of seventh joint (turquoise, right axis) of the five vessel scans
performed.

The small errors are caused by the compliance of the robot in impedance control
mode. Due to unevenness on the surface and friction effects between the probe and
the phantom, there may be a slight deviation from the target path. It is interesting to
note that the error increased slightly as soon as the gel was applied and distributed.
This is probably due to the fact that the friction became lower and the probe could
be pushed more easily into one side due to the curvature of the phantom. To show
the influence of gel supply on image quality, the mean value of US images acquired
during the scan is presented in Figure 5.12. It can be seen that the mean values
increased sharply once the gel had been applied and distributed. As an example,
US images at the path positions of 11 cm, 13 cm, 15 cm, and 17 cm are also shown
in Figure 5.12, where the increase in image quality can be clearly seen.
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Figure 5.12: Mean of the pixel values of the US images of the five vessel scans performed, plotted
as a function of the distance of the probe from the start position. In addition, four exemplary US
images at the positions 0.11 m, 0.13 m, 0.15 m, and 0.17 m are shown.

Robotic long-term US Examination

This second experiment was performed to demonstrate the possibility of long-term
robotic US investigations without human intervention. Figure 5.13 shows the aver-
age of the pixel values of the US images acquired during one path round. It can be
seen that after approximately 17 minutes, the amount of gel was reduced to such
an extent that the image quality decreased. As soon as the mean pixel value of a
path round was below the threshold of 20.7, representing 80 % of the value at the
beginning of the experiment, the supply of US gel started and the image quality
increased again as the gel was distributed. This was repeated shortly thereafter at
the 23 minute time point. The reason for this is that the amount of gel supplied
the first time was not large enough. Afterwards, the image quality remained at a
constantly high level for about 15 minutes until gel was added for a third time. The
experiment clearly shows the potential for prolonging robotic US examinations since
without an automated gel supply, the examination would have been interrupted after
17 minutes.
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Figure 5.13: Mean of the path round pixel values of the US images of the long-term US exami-
nation.

5.2.5 Discussion and Conclusion

Robot guided US is becoming more interesting for a variety of clinical applications.
So far, US gel, which is necessary to obtain high-quality images, has been applied
manually by clinical staff. The goal of this approach was to automatically supply US
gel by appropriately controlling the nullspace of a seven DoF robot in combination
with a passive mechanism. This enabled US gel to be dispensed from a tube while
the probe is moving. The results showed that long, fully automated US examinations
can be made possible. For example, this might be of interest for possible applications
in radiation therapy, where no staff can intervene during irradiation. Although the
method showed promising results, some challenges remain to be addressed. First,
the lever, which serves as a push mechanism, must be positioned and fixed manually
before the examination, which is a difficulty in a realistic scenario. It would also be
possible to select a fixed position for the lever, but this would result in a limited
range of motion, since one degree of freedom less is available for positioning of the
probe. Singularities represent another challenge. As described in Eq. (5.5), the
pseudoinverse of J2(I − J

†
1J1) must be calculated. This matrix becomes singular

if the second prioritized task cannot be performed without affecting the primary
task. Thus, the problems that arise from the kinematic singularities, i.e. high
joint velocities and oscillations, arise. To overcome this problem, the damped least-
squares inverse can be used as described in [107]. The secondary task tracking will
then be less accurate, but this is not a problem in the presented application as
long as the rotation is in the direction of the lever. In addition, the mechanical
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design of the gel dispenser, especially the gel nozzle, could be improved. The design
should be made in such a way that the probe should not have to be lifted to apply
and distribute the US gel in a quasi-static task. Another challenge is the lack of
control over the volume of gel dispensed. Each activation of the push mechanism
may release a different amount of gel, which can result in uneven or unsufficient
coverage. Integrating a dosage-regulated mechanism could provide more consistent
and reliable gel application.
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6OPTIMIZATION OF CONTACT WRENCH

ESTIMATION5

Precise and robust contact wrench measurements at the end effector of the robot are
required to ensure that the US probe is guided with a specific contact force. This
ensures patient safety and reproducibility of the examination. A higher accuracy of
the determined wrench leads to enhanced overall sensitivity of the robot, and there-
fore allows for more complex applications. Furthermore, errors in the computational
model can lead to dangerous and harmful situations for patients. The aim of this
chapter is to improve the accuracy of the robot’s wrench estimation model without
using external sensors (Figure 6.1).

Automatic
robotic US
vessel scan

Pre-Scanning 
Phase

Robot base
placement

Probe holder 
geometry

Scanning Phase

Basic system with
core functions

Additional 
features

Probe orientation
adaption

Automatic US gel 
supply

Contact wrench
optimization

RQ1

RQ3

RQ4

Safe interaction
control

Probe motion
control

RQ2

Figure 6.1: Structure of the thesis. The essential topics required for an automatic robotic US
examination are addressed in individual chapters, with the content of this chapter highlighted in
dark blue.

This is done by focusing on a slow robot movement, i.e. a quasi-static case, as would
be used in an US examination. The following research question is to be answered:

Research Question 4

®
How can the accuracy of the robot’s wrench estimation as well as the
robustness be increased in quasi-static scenarios?

5Parts of this chapter have been published in [108].
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In the following, a learning approach is proposed to train the dependencies be-
tween joint torques, which are measured in each of the robot’s axes, and the end
effector contact wrenches. Thus, the accuracy and robustness of the wrench estima-
tion model can be increased. Furthermore, it is proven that the approach could be
also transferred to another robot with reasonable prediction accuracy and without
the need of acquiring new robot specific training data.

6.1 Related Work - Learning Approaches for Con-

tact Wrench Estimation

Integrated joint torque sensors provide crucial functionalities for safe human-robot-
interactions. The end effector wrench can be estimated based on the robot’s me-
chanical model provided by the manufacturer using the torque sensors in the joints
(see Eq. (2.8)). However, the computational models use the Jacobian, which loses
full-rank at singularities, causing the wrench estimation to fail. In literature, var-
ious methods have been proposed to use machine learning in the context of robot
control and contact force estimation. Artificial neural networks (ANNs) show im-
pressive capabilities in solving direct [109] and inverse kinematics [110] as well as in
dynamic control of redundant manipulators [111]–[113]. Earlier research addressed
the calibration of force/torque sensors for serial robotic manipulators, mostly focus-
ing on optimizing linear relations between joint torques and dynamic parameters
known as the Inverse Dynamic Identification Model (IDIM) [114]–[116]. Learning
approaches to optimize the IDIM were presented in [117]–[119]. In [120], neural
networks are used to map measured signals and resulting forces, to calibrate an ex-
ternal force/torque sensor mounted to an end effector. Although the authors show
accurate results and provide time-saving routines, unfortunately, instabilities near
singularities still exist, or additional external sensors are required. Smith et al.
showed interesting results by using a neural-network-based approach to determine
contact forces for haptic devices [121]. Unfortunately, the authors have to use biased
ground truth data and, therefore, it remains unclear how this affects the calibration
accuracy. A method using deep learning for reducing errors in identification of dy-
namic parameters of a 6-DoF robot is presented in [122]. Moreover, [123] includes
physical laws of the system (in the form of the Euler-Lagrange equation) into deep
neural network architectures. Thus, more accurate models can be obtained whilst
ensuring physical plausibility. In [124], the dynamic behavior of a 7-DoF force sens-
ing robot, focusing on low-velocity, small-scale, and locally isotropic motion, which
amplifies friction, joint elasticity, and hysteresis effects beyond the capabilities of
standard modeling and regression techniques is investigated. A hybrid model archi-
tecture that combines a rigid body dynamics model identified through parametric
regression with time-series neural networks and a joint-wise rotational history en-
coding to capture dynamic hysteresis is proposed. An accurate torque estimation
could be achieved even under complex friction and elasticity effects, whereby the
explainability by the physical predecessor model was maintained [124]. Another hy-
brid approach, combining a bootstrap aggregating algorithm with a long short-term
memory network, is proposed in [125] to enhance residual prediction accuracy for
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inverse dynamics models in industrial robots.
However, the papers do not relate to the external force estimation at the end

effector. This is done in [126], where deep learning is used to estimate end effec-
tor forces as well as joint torques of a 7-DoF robotic manipulator. Even though
promising results are shown, a validation of the estimation of end effector forces
and moments on a real robot is missing. The use of neural networks for calibrating
the robotic system provides several advantages. The system is capable of learning
unique mechanical characteristics of the manipulator, and the robot can therefore
be calibrated in a highly specialized way. Furthermore, critical arm positions and
singularities can be directly learned from the network as training points. Using a
sufficient amount of diverse input data, these points can be uniquely identified and
integrated into the model, resulting in a more robust calibration.

6.2 Acquisition of Datasets

The aim of this approach is to determine contact wrenches at the end effector. It is
investigated whether the contact wrench can be predicted from corresponding joint
positions as well as joint torque data. Different datasets, both simulated and real,
have been acquired to train and evaluate neural network models. An LBR iiwa 7
robot was used for the experiments and data acquisition. To further validate the
generalization capability, the method was also tested on an LBR iiwa 14.

6.2.1 Simulated Training Data

A large simulated dataset is generated, varying the applied forces, the distances
of the end effector to the force application point as well as the applied external
torques for randomized joint configurations. Thus, randomized end effector contact
wrenches are generated and the corresponding joint torques for an ideally static
case can be calculated. In the considered scenario, forces between -20 and 20 N
are applied at a point with a distance between 0 and 0.15 m to the end effector.
The range results from the intended application to measure the force acting on an
US probe attached to the end effector of a robot. Moreover, an additional external
torque between -2 and 2 Nm is applied at the end effector. The steps of generating
the simulated training data are explained as follows: Let eew ∈ R

6 be the wrench at
the end effector consisting of contact forces eef ∈ R

3 and contact moments eem ∈ R
3

(see Figure 6.2A). For each data point, a valid joint configuration, a contact force
eef ∈ R

3 and distance rfap to the force application point as well as an additional
external contact torque eemext are chosen randomly. The resulting moment eem

applied at the end effector can be calculated by

eem = rfap ×ee f + eemext. (6.1)

By using the transposed geometric Jacobian matrix J(q) of the end effector, the
corresponding external joint torques according to Eq. (2.7) can be calculated, con-
sidering an ideally static case. The simulated dataset consisting of 3,000,000 data
points is named datasettrain,sim.
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A B

Figure 6.2: (A) The end effector contact wrenches eefx, eefy and eefz are related to the measured
joint torques τ1, ..., τ7. (B) The robot was mounted in six different base orientations to record the
training data with a homogeneous distribution of gravity vector directions.

6.2.2 Real Training Data

The aim of this work is to precisely determine corresponding contact wrenches at
the end effector from given joint positions and torque data. Contact wrenches at
the end effector can result from various impacts: by external forces such as pushing
or pulling by hand, or while the robot actively pushes against an object with its
tool attached to the end effector. From a mechanical point of view, the resulting
wrenches are the same for both cases and can be measured via the joint torques.
In this study, the wrenches are simulated by mounting different masses on the end
effector. Gravity produces an equivalent force, which pulls the mass towards the
ground. Obviously, this static force will always point in the same direction in the
world coordinate system, but for varying robot positions it will create different
contact forces in end effector coordinates. With only one direction in world coordi-
nates, not all contact forces can be represented. Hence, six different base rotations
were used to solve this problem. The robot was therefore mounted in different
orientations, shown in Figure 6.2B, resulting in a more homogeneous representa-
tion of the contact forces in all directions. To determine an exact ground truth
for the end effector forces, specially manufactured calibration weights were used.
The weights are built from symmetric metallic discs. By appropriately stacking
combinations of these calibration weights on a metallic rod, which was attached to
the robots tool flange along the z-axis, it was possible to generate 10 equidistantly
distributed end effector forces in 2 N steps in the target range from 0-20 N. The pre-
cise total weights resulting from the combinations of stacked calibration weights are
mj ∈ {0, 202, 391, 616, 818, 995, 1199, 1401, 1603, 1808, 2002} g , for j ∈ {1, . . . , 11}.
Examples of how the calibration weights are stacked on the metallic rod to gen-
erate specific end effector forces are shown in Figure 6.3. For each mass, 5,000
measurements in newly randomly generated poses were acquired. Thereby, sensor
hysteresis is part of the data, as many different poses with different combinations
of approach directions are approached for each joint. In total, a dataset of random-
ized 330,000 data points with varying base rotations and calibration weights was
acquired. The force application point is chosen as the resulting center of mass of
the metallic rod with the appropriately stacked calibration weights. The centers
of mass of the corresponding combinations of the metallic rod and the calibra-
tion weights are comj ∈ {0, 2.5, 25.5, 28.2, 30.9, 33.4, 38.2, 40.7, 43.2, 42.3, 50}mm,
for j ∈ {1, . . . , 11}. These were determined from an accordingly created CAD
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A B

Figure 6.3: Calibration weights were stacked on a metallic rod attached to the end effector of the
robot to generate 10 equidistantly distributed end effector forces in the target range from 0-20 N.
Examples of appropriately stacked calibration weights to generate an end effector force of 8 N (A)
and 18 N (B) are shown.

Table 6.1: To calculate the six base transformations −1T0,i using Eq. (6.3) as shown in Fig-
ure 6.2B, different combinations of Tait-Bryan angles are used.

i Base rotation Ψ [◦] Θ [◦] Φ [◦]

1 g → z− 0 0 0
2 g → z+ 0 0 180
3 g → x− 180 −90 0
4 g → x+ 0 90 0
5 g → y− 90 0 90
6 g → y+ −90 0 −90

model in SolidWorks, where the different materials as well as their densities were
taken into account.

The exact contact forces for the ground truth can be determined as follows:
For a serial manipulator, the position and orientation of the end effector can be
calculated by coordinate transformations from the base along the joints by:

0T7 = 0T1
1T2

2T3 . . .
6T7 . (6.2)

Using Eq. (6.2), the transformation 0Ti, i ∈ {1, . . . , 7} to every joint i can be
computed as well.
Let −1T0,i be the robot base transformation defined by:

−1T0,i = Rz,Ψi
Ry,Θi

Rx,Φi
, (6.3)

using homogeneous rotations with six different combinations of the three Tait-Bryan
angles Ψi, Θi and Φi, i ∈ {1, . . . , 6}, denoted in Table 6.1.
Let g0 = 9.806 m

s2 be the gravity constant. The acceleration vector due to gravity is:

g =
(
0 0 −g0

)T
. (6.4)
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Then the forces induced by the calibration masses mj acting in the robot base
coordinate system (b) can be described by:

bfi,j = −1T0,i

(
g ·mj

1

)
, (6.5)

for i ∈ {1, . . . , 6} and j ∈ {1, . . . , 11}. Now let 0R7 be the end effector rotation
as upper 3 × 3 rotational matrix based on the homogeneous transformation from
Eq. (6.2), i.e.:

0T7 =

(
0R7 t

0 1

)
, (6.6)

with vector t as translational part. Let

0R7 =

(
0R7 0

0 1

)
, (6.7)

denote as the end effector rotation as homogeneous transformation with zero trans-
lation in the robot base coordinate frame. Then the forces acting in the end effector
coordinate system (ee) can be described by

eefi,j,n = 0R7
−1
n · bfi,j, (6.8)

for i ∈ {1, . . . , 6} base rotations, j ∈ {1, . . . , 11} calibration masses and n ∈
{1, . . . , 5000} measurements.

The forces are not acting directly in the end effector coordinate frame, but in the
center of mass of the metallic rod with the appropriately stacked calibration weights.
Thus, a moment eem is generated in the end effector, which can be calculated by

eemi,j,n = r com,j,n ×ee fi,j,n. (6.9)

For every end effector wrench eewi,j,n = ( eefi,j,n
eemi,j,n)T, the corresponding joint

positions qi,j,n and joint torques τ i,j,n are measured using the robot control soft-
ware KUKA Sunrise (KUKA, Augsburg, Germany) with the Fast Research Inter-
face (FRI) v1.13 [127]. However, the measured torques include the self-weight of the
robot links. The resulting torques depend on the joint positions and, more impor-
tantly, on the base orientation and the inherent direction of gravity. To decouple
the data, only the torques generated by the specific calibration weights are used for
training the neural network. To identify these isolated torques, the gravity torques
without mounted calibration weight τ 0 have to be estimated first (see Section 6.3.1)
and subtracted from the measured joint torques with mounted calibration weight
τ j(mj). The torques resulting only from the additional weight can therefore be
determined by

∆τ j = τ j − τ 0, (6.10)

for j ∈ {1, . . . , 11} calibration weights. To have a database for the estimation
of the gravity torques as well (see Section 6.3.1), two discrete measurements were
performed at each of the randomized positions. First, the joint torques without
mounted calibration weight τ 0(m0) were recorded. In a second measurement, the
torques with mounted calibration τ j(mj) were recorded at the very same positions.
Collecting the training data required approximately eleven weeks of continuous op-
eration of the robot. This large training dataset consisting of 330,000 randomized
positions is named datasettrain,real.
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Table 6.2: Base orientations of directional generalization datasetgen,dir.

data points Ψ [◦] Θ [◦] Φ [◦] load [kg]

1500 0.0 0.2 0.1 1.0
500 0.0 0.0 31.1 1.0
1500 0.5 29.1 0.2 1.0
1500 0.0 27.8 −14.6 1.0
1500 0.0 −43.3 0.7 1.0
1500 0.0 −31.7 39.4 1.0

6.2.3 Real Generalization Testing Data

As described in Section 6.2.2, six different base orientations are used to generate
combinations of contact forces. In a realistic scenario, however, these end effector
forces can occur from every direction. Thus, the network must be capable of gener-
alizing intra-directionally. To analyze the directional generalization performance, an
additional test dataset was acquired using five varying, unleveled base orientations.
Therefore, the manipulator was mounted on a hexapod, as shown in Figure 6.4.
This dataset is only used for evaluating the performance of the proposed models
(see Figure 6.6 and Figure 6.7 in Chapter 6.4.2) - it is not involved in any form
during the training process. Due to the lack of absolute precision of the hexa-

Figure 6.4: The LBR iiwa 7 was mounted on a hexapod to acquire the test data (datasetgen,dir),
to evaluate the intra-directional generalization performance.

pod, the actually reached Tait-Bryan angles, for calculating the base orientation
(see Section 6.2.3), were measured using an inclinometer with an accuracy of 0.1◦.
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A calibration mass of 1.0 kg (10 N) was used. The first dataset was acquired with a
known base orientation (zero rotation) as reference. Afterwards, the measurements
for each orientation were acquired. The dataset is named datasetgen,dir.

6.2.4 Real Transfer Testing Data

Generating a large robot specific training dataset as described in Section 6.2.2 is
quite time-consuming. To examine the transferability of the presented approach
to another robot type, an additional testing dataset was acquired. This dataset is
only used for evaluation purposes (see Figure 6.8 in Section 6.4.4), it is not involved
during the training process of the neural networks. This transfer testing dataset
was acquired with the LBR iiwa 14. This robot has similar geometric dimensions
and thus is well suited for a transfer experiment. Due to the increased time required
as well as the much larger self-weight of this robot, which does not allow mounting
on our lab wall or lab ceiling, only a dataset was generated in the ground base
orientation g → z− (see Figure 6.2B). For each calibration weight (0.2-20 N), 500
randomized positions were recorded in the same way as described in Section 6.2.2.
This results in a dataset of 5,000 positions, which is named datasettransf . The gravity
torques τ 0(m0) of the LBR iiwa 14 are greater than for the smaller LBR iiwa 7 since
the robot links are bigger and heavier. Thus, the gravity compensation parameters
according to Section 6.3.1 have to be redetermined for the LBR iiwa 14, which is
done in the same way as described in Section 6.4.1 using the datasettransf .

6.3 Model Learning

The aim of the presented method is to learn the relationship between the external
joint torques measured in the individual joints of the robot and the contact wrench
at the end effector. Two models are required for this purpose. The gravity com-
pensation model (see Section 6.3.1) first determines the static gravitational joint
torques depending on the robot configuration. The difference between the measured
torques in the joints and the weight forces then provides the external joint torques,
which are used to train a neural network to estimate the wrench (see Section 6.3.2).

6.3.1 Gravity Torque Compensation Model

For training of the neural network, the isolated torques ∆τ j generated by the specific
calibration weight are used. To calculate them according to Eq. (6.10), the joint
torques without mounted calibration weight τ 0 have to be estimated first. In a
static case, these torques τ 0 depend on the base orientation, the joint configuration
and the weight of the robot links. A simple data-driven approach based on linear
regression was used, which can be used without any knowledge of the masses as
well as the centers of gravity of the robot links. [128] showed that the joint angle
and joint driving torque can accurately regress the relationship between barycentric
coordinates of the link and the mass of the connecting rod in the cartesian coordinate
system. But instead of identifying the masses and centers of gravity of the robot
links separately, linear regression was used to directly calculate parameters wj, which
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can be used to approximate the acting gravity torques due to the following joint link
masses. The approach is based on the following mechanical relation:
For a 7-DOF manipulator, the relationship between a joint torque τ j and the gravity
forces gi acting in the centers of the following links can be shown to be:

τ j =
7∑

i=j

JT
m,i · gi, (6.11)

where
JT

m,i = (zj × rcom,i)
T

=




JT
m,x,i

JT
m,y,i

JT
m,z,i




T

=



zj,yrcom,i,z − zj,zrcom,i,y

zj,xrcom,i,z − zj,zrcom,i,x

zj,xrcom,i,y − zj,yrcom,i,x




T

,

(6.12)

is the linear velocity part of the transposed Jacobian for the center of mass rcom,i of
link i. Since the calculations are done with respect to the world coordinate system,
the force gi, acting in the center of mass of link i due to the gravity of mi, is described
by:

gi =




0
0

−mig0


 , (6.13)

where mi is the mass of link i and g0 is the gravity constant.
Taking into account all the joints of the manipulator, the following equation

system represents the relationship from Eq. (6.11):




τ1
...
τ7


 =




JT
m,1 · · · JT

m,7
...

. . .
...

0 0 JT
m,7







g1
...
g7


 . (6.14)

Due to Eq. (6.13), the equation system Eq. (6.14) can be simplified since always only
the third entry JT

m,z,i of the transposed Jacobian in Eq. (6.12) of link i is multiplied
by a value not equal to zero. Therefore, Eq. (6.14) can be written as




τ1
...
τ7


 =




JT
m,z,1 · · · JT

m,z,7
...

. . .
...

0 0 JT
m,z,7







−m1g0
...

−m7g0


 . (6.15)

In order to calculate the gravity torques of a robot according to Eq. (6.15), the
masses mi as well as the centers of gravity rcom,i of the links, which are used to
calculate JT

m,z,i according to Eq. (6.12), must be known. Since this is not the case
without doing an identification of the robot, the distance rcom,i to the center of mass
of the link i in Eq. (6.12) is replaced by the distance pi+1 to the following joint
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frames, which can be calculated from the geometric robot parameters for any joint
configuration. This results in:

J̃T
m,i = (zj × pi+1)

T

=




J̃T
m,x,i

J̃T
m,y,i

J̃T
m,z,i




T

.
(6.16)

Moreover, the unknown link masses mi in Eq. (6.15) are replaced by variables wi.
These variables wi can be understood as imaginary point masses, which are directly
located in the origin of the following joint frame. For example w1 would be the
imaginary mass of link 1, located in the origin of joint 2. Replacing mi by wi as well
as replacing JT

m,z,i by J̃T
m,z,i in Eq. (6.15) results in:




τ̃1
...
τ̃7


 =




J̃T
m,z,1 · · · J̃T

m,z,7
...

. . .
...

0 0 J̃T
m,z,7







−w1g
...

−w7g


 . (6.17)

This relationship describes the influence of the gravity force of the imaginary masses
on the joint torques of the robot. The goal is to determine fitting imaginary masses
wi, located in the origin of the following joints, which have the same influence on
the joint torques as the original masses mi located in the center of mass rcom,i of
the link. Then, approximated gravity joint torques τ̃i can be calculated according
to Eq. (6.17) for any joint configuration.

To determine wi, the equation system in Eq. (6.17) must be solved. This can be
done in the least-square sense using N measurements, where N ≫ 7. For calculating
the optimal linear regression solution x = (w1, ..., w7)

T, N = 500 was selected.

6.3.2 Neural Network Model for Wrench Prediction

External forces applied to a certain point of an attached tool lead to correspond-
ing contact wrenches at the end effector. The aim was to estimate these wrenches
eew based on the measured joint torques ∆τ , the current robot pose and the dis-
tance to the force application point, given in the input vector I. This estimation
was performed by training a regression model on simulated data for a static case
(Section 6.2.1) and retraining it with real training data (Section 6.2.2). A dense
feed-forward neural network with fully connected layers was used. The optimal
network architecture for the problem has been found by doing a hyperparameter
optimization varying the number of layers, the regularizer, the loss function as well
as the number of neurons. The neurons were modeled with rectified linear unit
(ReLU) activation functions [129]. The last layer consists of six neurons to predict
the wrench vector eef with linear activation. The activation functions gReLU and
glinear are defined as:

gReLU(x) = max(0, x) (6.18)

and
glinear(x) = x. (6.19)
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The wrench vector is predicted by propagating the input through the layers of the
network [130]. The relationship between eew and the measured joint torques ∆τ is
highly dependent on the robot’s current joint configuration as well as the distance
to the point of force application rcom in the end effector coordinate system. One
challenge was the identification of a suitable, unique representation of the robot’s
pose. It could be observed that the joint angles qi, i ∈ {1, . . . , 7}, alone were not
sufficient. Even by adding the end effector rotation and position as inputs, the model
was not able to learn the problem and did not converge. The high redundancy of the
robotic arm, especially the additional seventh DoF, greatly increases the complexity
of the function to be learned. Therefore, the translational and rotational part of
the homogenous pose matrices eeTi, i ∈ {1, . . . , 7}, of the individual joints regarding
the end effector frame were also fed to the network model. This resulted in 12
additional parameters per joint, i.e. the nine rotational parameters r1

i , . . . , r
9
i and

three translational parameters t1
i , ..., t

3
i for the i-th joint. The vector 0M′

i was defined
as the element-wise representation of the pose matrix 0Ti:

0M′
i = (r1

i , . . . , r
9
i , t

1
i , . . . , t

3
i ) ∈ R

12, i ∈ {1, . . . , 7}. (6.20)

Hence, the input I and the output O of the neural network can be written as:

I =(q1, ...,q7,∆τ 1, ...,∆τ 7,
eeM′

1, ...,
eeM′

7,

rcom,x, rcom,y, rcom,z) ∈ R
101,

(6.21)

O = (eefx,
ee fy,

ee fz,
ee mx,

ee my,
ee mz) ∈ R

6. (6.22)

The input I was normalized to have zero mean and a unified variance of 1
(zero centering). The model was implemented in Python using Keras [131] with the
Theano-Backend [132].

Optimal network architecture

Firstly, a deep feed forward neural network was trained with the idealized simulated
datasettrain,sim. To find an optimal network architecture for the problem of predict-
ing end effector wrenches, an autonomous hyperparameter optimization was done
using the optuna toolbox [133] and the LAMB optimizer [134]. In Table 6.3 the static
as well as the varied neural network parameters and their ranges are listed. The loss
function for training a particular neural network is an optimization parameter and
can vary between mean squared error and mean absolute error (see Table 6.3). In
order to compare the different tested network architectures with an equal metric to
find the neural network with the highest prediction accuracy, a separate evaluation
error using the root mean squared error was calculated. Training was done on four
GPUs of a DGX-2. The resulting optimal neural network model with the highest
prediction accuracy is named NN sim.

Retraining with real training data

The optimized neural network model NN sim resulted from a training process only
done with simulated data representing an idealized static case. In a real scenario,
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Table 6.3: Hyperparameter optimization - static and dynamic parameters

Parameter Type Value / Value
range

layers dynamic 1-20
neurons dynamic 1-1000
L2 regularization dynamic 1e−20 − 1e−3

loss dynamic mean squared
error, mean
absolute error

epochs static 500
batch size static 6000
early stopping patience static 1000

different inaccuracies like dissipative effects and measurement inaccuracies occur. In
addition, the exact isolated torques ∆τ j generated by the specific calibration weights
are unknown. Thus, the torques without mounted calibration weight τ 0 must be
estimated first, using the proposed gravity compensation model from Section 6.3.1.
Afterwards ∆τ j can be calculated according to Eq. (6.10).

To take into account the described inaccuracies, the model based on simulated
data NN sim was retrained with the real training datasettrain,real. This was done on
a regular desktop PC, with an Intel core i7 CPU and an nVidia GeForce GTX 1060
GPU. The resulting model is named NN retrain.
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6.4 Evaluation of Accuracy

The goal is to precisely estimate gravity joint torques as well as contact wrenches at
the end effector from given joint positions and torque data. A data-driven method
based on linear regression is used to approximate the static gravity torques without
any knowledge of the link masses nor the centers of gravity of the links. To estimate
the end effector contact wrench, an extensive database, consisting of both simulated
and real data, was acquired to develop and evaluate artificial neural network mod-
els. For generating real ground truth contact wrenches, ten specially manufactured
weights in the range of 0-2 kg (0-20 N) were mounted to the end effector. By us-
ing the constant gravity force and different robot base orientations, a homogeneous
representation of contact forces in all directions was realized. Due to various com-
binations of base orientations, calibration weights and robot poses, the database
consists of 330,000 randomized data points. See Section 6.2.2 for more details. For
evaluation purposes, the testing datasets (see Section 6.2.3 and Section 6.2.4) were
used, which were not included in the training of the neural networks.

Firstly, the performance of the proposed gravity compensation model is evalu-
ated in Section 6.4.1. Afterwards the capabilities of the neural network models to
precisely estimate contact wrenches at the end effector are illustrated (Section 6.4.2)
- even if another robot is used (Section 6.4.4).

6.4.1 Accuracy of Gravity Compensation Model

To determine the imaginary masses wi by solving the overdetermined equation sys-
tem in Eq. (6.17) 500 data points out of the datasettrain,real without mounted cali-
bration weights are used. Increasing the number of data points had not shown any
relevant change of the results. The datapoints are taken in equal parts from the 6
different base orientations. The optimal solution is (values in N):

x = −g0

(
w1 w2 w3 w4 w5 w6 w7

)T

=
(
0 0 74.56 0 47.1 0 7.85

)T
.

(6.23)

Dividing this through the negative gravity constant g0 results in

x̃ =
(
0 0 7.6 0 4.8 0 0.8

)T
, (6.24)

for the imaginary masses wi (values in kg). The result shows that only the param-
eters w3, w5 and w7 have values not equal to zero. So in the proposed model, the
gravity forces acting on the joint torques of the robot are generated only by three
imaginary masses. These are located in joint 4 (robot elbow), joint 6 (robot hand)
and in the end effector.

The determined imaginary masses wi are now used to estimate the static grav-
ity torques according to Eq. (6.17). The intra-directionality generalization dataset
datasetgen,dir without mounted calibration weights is used for evaluation. Figure 6.5
shows the absolute errors for the estimated static gravity torques of the joints using
the model. The absolute errors of the estimation of the robot’s integrated pro-
prietary force estimation model (PFEM) are also shown in Figure 6.5. The robot
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firmware does not directly output the estimated gravity torques, but the measured
joint torques as well as the calculated external joint torques. So for a comparison
with the proposed gravity compensation model, the external joint torques are used
to calculate the absolute error. For a robot without any weight attached to the end
effector, the external joint torques are lower the better the integrated model of the
gravity compensation is. Figure 6.5 shows that the proposed gravity compensation
model fits the zero torques in a static experiment slightly better than the integrated
model of the robot manufacturer. Especially the median error of the zero torques
for the second joint can be reduced from 1.0 N to 0.54 N (46 %). Moreover, the
variability could be reduced, except for joint 5. For joint 5 also the median of the
prediction error is 34 % higher using the proposed gravity compensation model.
The proposed model seems to have difficulties in estimating the torque in joint 5
induced by the masses of the following links 5, 6, and 7. Theoretically there would
be two imaginary masses m5 and m7 unequal to zero, which are located in joint
6 and the end effector and thus are taken into account for the computation of the
fifth joint torque. But considering the equation to approximate τ̃5 in Eq. (6.17), the
corresponding entry J̃T

m,z,5, which is multiplied by m5, equals zero. So only w7 has
an influence on approximating the gravity torque τ̃5, which explains the prediction
inaccuracy.
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Figure 6.5: Absolute error of the proposed gravity compensation model compared to the model
of the robot manufacturer, evaluated on the datasetgen,dir.

The obtained results show the applicability of the presented approach to deter-
mine static gravity torques of a robot without knowing the inertial parameters of
the links. It represents a simple to implement and time-saving option, since only
joint torque data of a few randomly generated poses need to be acquired.

88



6.4. Evaluation of Accuracy

6.4.2 Accuracy of Contact Wrench Estimation

For evaluation purposes, the contact forces and moments acting at the end effector
are considered separately. The prediction accuracies of the NNsim, which was only
trained with the simulated data for an ideal static case and the NNretrain, which was
retrained with the real datasettrain,real are compared with the robot manufacture’s
PFEM model.

Optimal neural network architecture

To find the optimal network architecture for the estimation of contact wrenches, an
autonomous hyperparameter optimization was done using the optuna toolbox [133]
and the LAMB optimizer [134]. The simulated training dataset was divided into
training (95 %) and validation data (5 %). In total, 700 different architectures were
tested, which needed a computing time of approximately 19 days. After 514 iter-
ations, the lowest validation error was found for a network architecture, consisting
of 14 hidden layers with 681 neurons and an L2 regularization of 1.23e-06. The
mean absolute error was used as loss function. The created network is referred to
as NNsim. On a regular desktop PC, with an Intel core i7 CPU and a low-cost
GPU (nVidia GeForce GTX 1060), one evaluation step takes 21.5 ms. The evalua-
tion time is thus quite high, which can be explained by the large size of the neural
network. Depending on the application, this might have to be taken into account
when choosing a network architecture. In the current setup assuming a static sce-
nario, where is no or almost no movement of the robot when the force is estimated,
the long evaluation time can be handled. Since slow movements are expected, the
reaction time is not critical in this context. Moreover, when using a more recent
mid-range GPU (nVidia GeForce RTX 3060), the evaluation time drops to 12.8 ms.
This illustrates the considerable advances in hardware performance over time and
suggests that inference delays may become less relevant for future applications.

Contact forces

Figure 6.6A shows the overall accuracy of the proposed calibration compared to
the PFEM based on all measurements of the datasetgen,rob in a linear scale. The
absolute error was calculated for the contact forces eef for each axis separately.
The calculation was based on the absolute difference between the ground truth (see
Section 6.2.2) and the output of the trained neural network eefann, as well as the
measured contact forces given by the PFEM eeffw. By using the neural network
model NNsim, the median absolute error could be reduced by 0.53 N (26.0 %) for
eefx, 0.56 N (27.5 %) for eefy, and 0.56 N (30.8 %) for eefz. The retrained model
NNretrain shows even better results. Here the median absolute error could be reduced
by 1.32 N (65.0 %) for eefx, 1.32 N (64.8 %) for eefy, and 0.75 N (41.5 %) for eefz.

Contact moments

Figure 6.6B shows the accuracy of the NN models compared to the PFEM. Again,
the absolute error was calculated for the three axis separately. By using the neu-
ral network model NNsim, the median absolute error could be slightly reduced by
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Figure 6.6: (A) Absolute end effector force error of the ANN approach compared to the PFEM
given for each axis in linear scale evaluated on the datasetgen,dir. The median error could be largely
reduced by the ANN, which was retrained with real robot data. (B) Absolute end effector moment
error of the ANN approach compared to the PFEM given for each axis in linear scale evaluated on
the datasetgen,dir.

0.06 Nm (15.1 %) for eemx, 0.05 Nm (12.7 %) for eemy and 0.01 Nm (9.7 %) for
eemz. In contrast, the retrained model NNretrain leads to a strong reduction of the
end effector moment prediction errors. A reduction of 0.37 Nm (93.4 %) for eemx,
0.37 Nm (93.3 %) for eemy, and 0.10 Nm (96.4 %) for eemz was achieved. The great
difference to the predictions of the NNsim as well as the PFEM could result from
the corresponding scenario, where the moments acting at the end effector in the
datasetreal are solely generated by the contact-forces and the distance to the force
application point. This is due to the experimental setup, where contact wrenches
were induced by masses, which were pulled towards the ground by gravity. Thus,
no additional external end effector moments were applied. As the neural network
NNretrain was retrained with these experimental data, it shows a better prediction
accuracy for the end effector moment as long as no additional external moments are
applied.

It must also be noted that the ground truth for the contact moments is based in
the center of mass of the metallic rod with the mounted calibration weights. These
were determined from an appropriately created CAD model, so small uncertainties
can possibly result. Nevertheless, it could be shown that the relationship between
end effector forces, the distance to the force application point and corresponding
end effector moments can be learned and precisely predicted by the neural network.

Due to the problematic issues pointed out regarding the contact moment, in
the following chapters the accuracy of contact forces acting at the end effector is
investigated in more detail. These are also of higher relevance for the intended
application of precisely estimating the force acting on an US probe attached to the
robot end effector.

90



6.4. Evaluation of Accuracy

6.4.3 Outlier Reduction

As shown in Figure 6.7A, a high number of large outliers in the PFEM data with
maximum errors in the range of 104 N could be observed. These high errors are
caused by numerical instabilities of the computational model used by the PFEM
near singular configurations. In contrast, the proposed solution provides much more
stable results than the integrated model.

In order to analyze the problems of incalculable contact forces at singular posi-
tions and numerical instabilities close to these positions in more detail, the contact
force errors were considered as a function of the arm position. To acquire this, the
manipulator’s reach was used as a relevant parameter. The reach indicates how
far the end effector is displaced from the shoulder. At maximum reach, the arm
is therefore fully extended and in a singular configuration. Figure 6.7B shows the
contact force root mean square error (RMSE) as a function of increasing reach.
With an increasing reach over 700 mm, the error grows dramatically. In addition,
the number and magnitude of outliers also rises massively. In contrast, the ANN
data shows much more stable results. The outcome indicates that different arm
positions have less impact on the model accuracy and, furthermore, that the model
is capable of robustly handling singularities. Clearly, this is counterintuitive: Fun-
damental mathematical laws render contact forces incalculable at singularities since
the matrix J from Eq. (2.8) becomes singular. Nevertheless, this does not mean
that contact forces in singularities cannot be detected at all, it only means that
specific contact forces may not generate torques in all joints, which, in turn, will
result in large errors when trying to compute the contact forces. Given that the
collected training data was generated randomly, it is exceedingly unlikely that the
robot was ever moved to an exactly singular position, but rather that it often came
close to one. This means that the model has learned to deal with close-to-singular
matrices J and, obviously, is capable of compensating adequately. Nevertheless, this
does not mean that the model can overcome mathematical impossibilities, it rather
means that it is less susceptible to numerical instabilities occurring close to singular
positions.

6.4.4 Transfer to another Robot

To examine the transferability of the approach to another robot, the accuracy of
contact force estimation of the additional testing dataset, which has been acquired
with the LBR iiwa 14, is shown in Figure 6.8A. By using the neural network model
NNsim, which was solely trained on simulated data for the robot geometry of the
LBR iiwa 7, the median absolute error could be slightly reduced by 0.23 N (12.3 %)
for eefx, 0.21 N (10.9 %) for eefy, and 0.16 N (9.5 %) for eefz. By using the network
NNretrain, which was retrained with the real data of the LBR iiwa 7, the force
errors could be reduced by 0.92 N (49.2 %) for eefx, 0.95 N (49.4 %) for eefy, and
0.79 N (47.3 %) for eefz. Furthermore, the accuracy of the estimation of the contact
moments can also be improved (Figure 6.8B). The retrained model NNretrain leads
to a reduction of the end effector moment prediction errors. It must be noted that for
the prediction of the contact moments, the same drawbacks as described in Section
6.4.2 arise due to the experimental setup used, which require further investigations.
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Figure 6.7: (A) Absolute end effector force error of the ANN approach compared to the PFEM
given for each axis in logarithmic scale, evaluated on the datasetgen,dir. The outliers could be
largely reduced by the ANN approaches. (B) Contact force RMSE as a function of increasing
manipulator reach in linear scale. A strongly rising error can be observed in the PFEM data from
a reach above 700 mm.

However, it is shown that the estimation of the contact forces could be improved
by the neural network models - even if another robot type is used. Especially the
NNretrain can greatly reduce the force prediction errors. Once again it should be
emphasized that no additional training data, neither simulated nor real, of the LBR
iiwa 14 were used. Retraining on a small real calibration dataset acquired on this
different robot would probably reduce the errors even more so that an accuracy
similar to the experiments with the LBR iiwa 7 in Section 6.4.2 could be achieved.
In this context, it must be noted that the experiments were done on a robot with
the same degrees of freedom and thus the same size of input data. For a transfer
to a robot with different degrees of freedom, the changed size of input data must
be taken into account. It might be an option to just replace the input layer of the
network for retraining.
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Figure 6.8: Absolute end effector force error (A) and moment error (B) of the ANN approach
compared to the PFEM given for each axis in linear scale, evaluated on the transfer data of the
LBR iiwa 14 datasettransf .
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6.5 Conclusion

The aim of this Chapter was to precisely determine corresponding contact wrenches
at the end effector from given joint position and torque data of a redundant se-
rial lightweight manipulator LBR iiwa 7. The results showed advantages of the
proposed neural learning approach compared to the PFEM. Firstly, the new cali-
bration method could increase the accuracy of end effector contact forces by 57.2 %
and the accuracy of end effector contact moments by 90 % compared to the manu-
facturer’s proprietary force estimation model. Secondly, it could be shown that the
calibration stability could also be strongly increased with the proposed approach.
In contrast to the PFEM, which revealed high outliers near singularities, the ANN
approach showed robust results. The evaluation indicated that different arm posi-
tions do not affect the accuracy and, furthermore, the proposed model can robustly
handle singularities.

After the promising results of this work, minor limitations remain. The cali-
bration was performed in a limited force range of 0-20 N, which is far below the
maximum loads of the manipulator. However, compliant robots are often used in
specialized practical applications within limited load ranges. Moreover, the results
show good generalization performance, even for estimation of the neural network,
which was soley trained with simulated data. Thus, using a huge simulation dataset
with an increased force range and a small real calibration dataset with larger dis-
tances between the calibration weights could be used. In addition, to further inves-
tigate the transferability of the method model to robots from other manufacturers,
which have a more different geometry, should be tested. In this context, a transfer
to a robot with different degrees of freedom and thus an input of a different size
must also be considered. A robot specific simulated dataset could be generated eas-
ily for any robot whose geometric data are known. Afterwards, a few robot specific
new recorded data points could be acquired and used for retraining and thus the
prediction performance could be improved.
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7CONCLUSIONS, CHALLENGES & OUTLOOK

In this thesis, a robotic ultrasound system was developed, capable of performing
automatic scans of the femoral artery for the diagnosis and therapy of PAD. Given
the increasing prevalence of PAD and the growing burden on healthcare systems,
particularly in industrialized nations with an aging population, such a system could
increase diagnostic efficiency and reduce staff workload. The work addressed four
research questions, with each question dealt with in a separate chapter (see Fig-
ure 7.1).

Automatic
robotic US
vessel scan

Pre-Scanning 
Phase

Robot base
placement

Probe holder 
geometry

Scanning Phase

Basic system with
core functions

Additional 
features

Probe orientation
adaption

Automatic US gel 
supply

Contact wrench
optimization

RQ1

RQ3

RQ4

Safe interaction
control

Probe motion
control

RQ2

Figure 7.1: Structure of the thesis. The essential topics required for an automatic robotic US
examination were addressed in individual chapters.

7.1 Robot-Patient Positioning

Firstly, in Chapter 3 the relationship between the geometry of the probe holder and
the positioning of the robot in relation to the patient was investigated by RQ1.

Research Question 1

®
How can a probe holder be designed to maximize the reachability of
target poses?

By determining adapted use-case specific probe holder geometries, it was ensured
that the anatomical regions to be examined could be optimally reached. The design
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of the probe holder geometry was optimized by compensating for oblique orienta-
tions of the robot’s base, which led to a higher reachability of target poses. The use
of an appropriate probe holder geometry strongly increased the number of potential
base placements with high reachability, especially in scenarios where the sixth joint
of the robot works close to its limit to reach the target pose. This effect was par-
ticularly noticeable when the target position had to be reached from the opposite
side of the patient. However, the optimal design of the probe holder geometry is
highly dependent on the poses and environment of the target. Thus, an optimized
one-size-fits-all solution is not possible. Rather, there is a trade-off between general
flexibility of probe alignment on the one hand and maximum range and specific
probe alignment on the other: A pure extension provides the greatest achievable
flexibility for probe orientations. In contrast, angling the probe increases the trans-
lational reach. In addition, target orientations that require a large inclination angle
aligned with the tool’s angulation direction can be achieved more easily, while those
oriented in the opposite direction are more difficult to reach. Consequently, it can
be concluded that an adapted probe holder geometry for US robots that always per-
form the same procedure (e.g. scan of the leg artery) could be feasible and useful.
Alternatively, a mechanism could also be considered where the mounting angle can
be changed manually depending on the application, e.g. with a screw that can be
tightened and loosened by hand. However, this requires the operator to correctly
assess the target poses and the most suitable mounting angle, which is difficult in
daily clinical practice. Another option for maximum flexibility in probe alignment
and simultaneous enlargement of the workspace could be a motorized remote cen-
ter mechanism [135] integrated into the probe holder. This would allow the probe
orientation to be set independently of the robot’s configuration. However, this is
also associated with greatly increased system complexity and hence increased costs,
which in turn represent barriers to implementation in clinics.

7.2 Automatic Robotic Doppler Sonography of Leg

Arteries

In order to perform a successful automatic scan of a vessel, requirements for the
robotic ultrasound system were categorized into mandatory core functions and ad-
ditional features. The second research question focused on the development and
validation of the core functions and was addressed in Chapter 4.

Research Question 2

®
How can the essential core functions of the robotic system be realized
to enable a straightforward automatic US examination of the femoral
artery?

A volunteer study was performed, demonstrating the feasibility of straightfor-
ward robotic US scans of leg arteries by fulfilling the core functions. An adapted
interaction control scheme with an applied probe contact force was realized to ensure
patient safety. To keep the artery centered while scanning, Doppler US has proven
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to be an effective option for artery tracking. Due to the ease of differentiation be-
tween veins and arteries based on the visualized blood flow color, false detection
as occurring with purely image-based methods (e.g. template matching, or neural
networks trained on US images) because of the similarity between veins and arteries
can be avoided. For future work, it could be useful to combine Doppler Signal track-
ing with image-based methods of the US images. Thus, the respective advantages
of the different approaches could be combined. In some cases, a Doppler signal may
not be detected even if the vessel is clearly visible because the probe is not optimally
aligned. In patients with occlusive arterial disease, the femoral arteries may also be
insufficiently perfused, making it difficult or even impossible to detect a Doppler
signal. The combination of image-based methods and Doppler signal tracking could
enhance the resilience of vessel tracking under challenging visual conditions. The
safe interaction control, employed in the experiments, delivered acceptable results
for contact force accuracy, although no Cartesian force feedback was used. Inte-
grating Cartesian force feedback could further increase the accuracy. This could be
achieved by attaching an external force/torque sensor to the end effector. However,
the associated increase in system complexity and costs may impact the feasibility
of clinical integration. Alternatively, contact forces could be estimated based on
measured external joint torques and the robot’s dynamics model. To ensure safety
and reliability, an improved contact wrench estimation model should be considered,
as discussed in Chapter 6.

7.3 Additional Features for Robotic Ultrasound

The feasibility of robotic ultrasound scans of leg arteries by fulfilling the core func-
tions was shown by the volunteer study. However, potential for improvement was
identified to extend the application field of the robotic US system and increase the
degree of automation. This requires the development of advanced approaches, which
were in focus of research question RQ3.

Research Question 3

®
How can the additional features of automatic probe orientation adaption
and US gel supply be integrated into the robotic US system?

Methods for a potential integration of the additional features have been devel-
oped in Chapter 5. Firstly, in Section 5.1 an approach to automatically adjust
the probe’s orientation was presented. Autonomous scanning of highly curved sur-
faces could be enabled. This would be necessary, for example, if the femoral artery
was also to be examined down to the lower leg. For automatic probe orientation
adaption, a CNN was trained to estimate the inclination of the probe’s orientation
towards the surface normal by analyzing the acquired 3D US volume as well as the
end effector wrench. It was shown that unknown, highly curved surfaces can be
scanned, and the probe orientation automatically adjusted in the direction of the
approximate surface normal. However, it should be noted that the method was
only tested on several known phantoms. Validation on unknown US phantoms and,
in a second step, on volunteers in the form of a study, must be carried out. The
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generalizability of the approach was improved by cropping the data used to train
CNN to the area of the US volume directly below the transducer. However, the
appearance of this area differs considerably in phantoms and humans. In addition,
the settings of the US device (e.g. probe model, depth, gains) as well as the amount
of US gel applied, have a major influence. The reproducibility and hence the safety
of the approach are therefore only guaranteed to a limited extent. A huge amount
of training data with varying anatomies and US settings would have to be collected
first to ensure safe use on humans.

In Section 5.2, a method for the automatic supply of US gel was proposed. The
elbow rotation in the robot’s nullspace was exploited in combination with a passive
mechanism to automatically dispense US gel from a tube. The method was validated
by two phantom experiments, which demonstrated that the movement for applying
US gel did not affect the probe’s target movement. Thus, the examination time for
automatic long-term US examinations, where no staff can enter, could be greatly
increased. The major advantage of this approach is that it is based on a simple and
cheap 3D printable design, where no additional electronics are required, which would
increase the system’s complexity and cost. The seventh degree of freedom of the
robot can be used effectively in combination with the push mechanism to dispense
the US gel. However, there are also some drawbacks. The fixed attachment of the
push mechanism to the link between joint 6 and joint 7 reduces the robot’s maneu-
verability. This is particularly critical if free movement of the end effector around
its z-axis is required. The presented method for automatic gel supply is therefore
primarily suitable for previously known short, repetitive paths. Consequently, a
potential useful application would be the automatic robotic acquisition of extensive
US data sets, which are necessary for the training of neural networks, for instance.
Challenging data acquisitions like this no longer depend on repeated manual renewal
of the US gel, allowing for long-term studies and the generation of large datasets
without human monitoring. For use in a realistic clinical setting, the strongly lim-
ited maneuverability of the robot is likely to be an issue. The simple design of the
dispenser could principally be used well here with minor improvements - however,
the lever for delivering the gel should be decoupled from the robot kinematics by an
actuator to maintain the full flexibility of the robot.

7.4 Optimization of Contact Wrench Estimation

Accurate measurements of the wrench at the end effector of the robot are essential,
not only for robotic US but any interaction task of the robot with its environment.
The end effector wrenches are estimated using internal models of the robot man-
ufacturers. Large errors can occur here, particularly in the proximity of singular
configurations. Thus, Chapter 6 addressed the following research question, RQ4.

Research Question 4

®
How can the accuracy of the robot’s wrench estimation as well as the
robustness be increased in quasi-static scenarios?
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A learning approach was proposed to train the dependencies between joint torques,
which are measured in each of the robot’s axes, and the end effector contact wrenches
in Chapter 6. Thereby, the accuracy and robustness of the robot wrench estimation
model could be increased. In particular, extreme outliers that occurred in the man-
ufacturer’s estimation model when the robot was close to singularities were greatly
reduced. These errors could have drastic consequences, such as instability of the in-
teraction controller or the application of mistakenly excessive contact forces, which
can lead to patient injury. The proposed learning approach can therefore be used
for more reliable redundant wrench estimation and increase the overall safety of the
robotic system. However, some limitations remain here as well. The training data
were acquired in a limited force range of 0-20 N, which is considerably lower than
the maximum load capacity of the manipulator. However, for applications involving
contact with humans, such as in ultrasound robotics, this range is typically suf-
ficient, as only low interaction forces are required. For a broader applicability of
the approach with a larger force range, the variance of the training data must be
increased accordingly.

7.5 Outlook

Overall, the methods developed in this thesis represent a step towards future fully
automated US examinations. However, a number of challenges still need to be
overcome before such a system can be introduced into clinical practice.

Correct robot-patient positioning proved to be necessary before US scanning to
completely and reliably cover the target area. In a clinical setting, the challenge
arises to realize the calculated optimal robot-patient positioning. This requires
either moving the robot base or instructing the patient to adjust their position
relative to the robot accordingly. Both options involve further difficulties and need
to be tested in a clinical setting. The smooth interaction between the robot and
the patient or hospital staff is of particular importance here, as this has a major
influence on the acceptance of such a system in daily clinical practice.

For the robotic US scan itself, it was demonstrated that a basic configuration in-
corporating core functions of the system provides effective results for the considered
application of a femoral vessel scan. By developing additional features, the system
can be further improved for specific applications, but it must always be critically
assessed whether the benefits outweigh the associated risks of the features in terms
of increased system complexity, comprehensibility, and therefore patient safety.

In addition, a fully automated US examination must also include a diagnosis
after the US data acquisition, which needs to be developed in the next steps. The
standardization of the movement sequence of the probe made possible by the robot
might be advantageous, as it facilitates the use of data-driven methods, such as
artificial intelligence, to evaluate the acquired data. Finally, by combining automatic
US image acquisition and automatic evaluation for diagnosis, a fully autonomous
US robot could be realized, which would greatly improve future patient care.
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