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the tip of the iceberg noun phrase

:a small part of something (such as a problem) that is seen or known
about when there is a much larger part that is not seen or unknown

//The news is shocking, but we may find out that the stories
we’ve heard so far are just the tip of the iceberg.





Summary

Interventional procedures such as catheter-based surgeries are presently state-of-
the-art for the treatment of heart disease. These surgeries require accurate imaging
of the patient’s anatomy which is facilitated by robotized C-arm X-ray systems. These
robotic systems are the mainstay of interventional healthcare and their continued
development is fundamental to the success of heart disease treatment.

One of the major challenges in today’s interventional rooms is addressing the risk
of collisions between the C-arm and its surroundings. A collision with the patient,
medical staff or equipment during a procedure not only compromises human safety,
but also damages equipment and delays patient treatment. Although present day
C-arms are equipped with collision prevention and harm reduction strategies, the
primary responsibility of overall safety lies with the medical staff. This inevitably
leads to two drawbacks. First, it creates additional manual workload in a time when
healthcare is facing shortage of personnel. Second, it leads to suboptimal clinical
workflow which prolongs treatment time and increases expenses.

To address these limitations, this dissertation aims to leverage the well documented
benefits of autonomous robots in reducing human effort and improving workflow ef-
ficiency. Automating C-arm X-ray systems provides an opportunity to explore their
potential to assist medical staff and optimize clinical workflow for interventional
healthcare. To enable autonomy, a collision avoidance framework is proposed which
will allow the C-arm to execute tasks without human guidance while prioritizing
safety in the environment.

The first key concept, developed as part of this framework, is a robust opti-
mization methodology to plan the location and orientation of multiple sensors in
the presence of dynamic occlusions. The optimal solution provides a guarantee on
workspace visibility regardless of occluder positions. Further, the method provides
insights on the impact of worst-case occlusion scenarios leading to a broader per-
spective on sensor network optimization.

The second feature is a context aware trajectory planning framework to enable
autonomous navigation for C-arm systems. A hierarchical decomposition of the
framework into a decision-making layer and trajectory planning layer ensures that
the autonomous motion of the C-arm is both collision-free and socially acceptable.
Moreover, the framework’s modular architecture preserves generality and allows
using different methods to build the trajectory planning framework.

A third and final contribution is an RGB-D camera based safety system which
automates the patient positioning process. Prior to high-speed imaging scans, a
low-speed safety-run for the C-arm is executed to check the C-arm trajectory for
collisions. The current practice involves multiple manual iterations leading to pro-
longed treatment times. The proposed safety system is aimed at eliminating the
safety-run, leading to improved clinical workflow for imaging scans.



ii Summary

The efficacy and feasibility of the concepts discussed above are supported by simula-
tion and experimental results obtained for C-arm systems operating in interventional
rooms. The results indicate that the proposed collision avoidance framework lays a
strong foundation to enable autonomy for C-arm X-ray systems.
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Chapter 1
Introduction

Abstract
The concepts developed in this dissertation contribute to two communities: Healthcare and
Robotics. This chapter provides the relation between those communities in the context of this
dissertation. Further, it introduces the research objectives and briefly discusses the method-
ologies used to address these objectives.

1.1 Heart Disease, Robots & Collisions

CARDIOVASCULAR disease (CVD), which affects the heart and blood vessels, is
one of the leading causes of mortality worldwide [1]. The most common form

of CVD is Coronary Artery Disease (CAD) in which blood flow to the heart is reduced
due to cholesterol build-up in the walls of the arteries. CAD is responsible for 45% of
all deaths in Europe [2] and is predicted to impact 44% of the US adult population
by 2030 [3]. Given the severity of CAD, its diagnosis and treatment has shown rapid
improvement since the early 2000s [4].

The standard clinical practice to assess and treat CAD is coronary angiography
[5], which is an interventional procedure involving the entry of a catheter into the
patient body to improve blood flow [6]. Contrary to traditional surgical procedures,
which are associated with significant morbidity and mortality [7], catheter-based
surgeries are minimally invasive. They limit collateral damage during surgery, lead-
ing to less postoperative complications and faster patient recovery [8]. During coro-
nary angiography, visualisation of occluded arteries and catheter guidance requires
three dimensional (3D) X-ray images of the patient’s anatomy [9]. To facilitate imag-
ing, interventional procedures rely on C-arm X-ray systems. These systems acquire
multiple 2D projections of the region of interest (ROI) and a reconstruction algo-
rithm then merges the raw 2D projections into a 3D reconstruction [10].

The routine use of C-arm systems in surgeries is a prime example represent-
ing the integration of robotics in healthcare [11, 12]. Over the last decade, med-
ical robots have been significant in catering to larger number of patients and re-
ducing burden on the clinical workforce [13]. A medical robot by definition is an
information-driven medical device that enables human surgeons to treat individual pa-
tients with greater safety, improved efficacy, and reduced morbidity than would oth-
erwise be possible [14]. True to this definition, C-arm systems have proven to be
essential for interventional healthcare and the advancement of CAD treatment is
thus directly linked with their technological evolution. The work in this dissertation
is a step in the direction of next-generation interventional imaging systems.
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Figure 1.1: C-arm X-ray imaging system.

A. C-arm X-ray Robots

System Description

A C-arm system (Fig. 1.1) typically consists of an X-ray source and a flat-panel detec-
tor which are mechanically connected by a C-shaped beam (C-arm). X-ray radiation
to expose the ROI is generated by the source while the detector captures the resulting
2D X-ray image [15]. The C-arm is connected to the sleeve, which is in turn attached
to an L-arm mounted to the ceiling or the floor. The L-arm can rotate around the
vertical z-axis (θz), the C-arm can rotate inside the sleeve about the x-axis (θx),
and the C-arm along with the sleeve can be rotated about the y-axis (θy). All three
rotation axes meet at the ISO-center, restricting the motion of the system to the sur-
face of a sphere. The ROI is aligned with the ISO-center and the C-arm is positioned
to obtain 2D images from multiple viewpoints. Translation movements in the hor-
izontal plane can be provided by table motion (both in x and y directions) or, for
ceiling-mounted systems, linear tracks on the ceiling.

Image Acquisition Workflow

Acquiring 3D X-ray images for coronary angiography procedures usually involves
the following sequence of tasks (Fig. 1.2):

1. Navigating the C-arm to the patient bed from its prescribed stand-by position
prior to imaging. (Axes involved: x , y , θz)
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2. Executing a low-speed safety-run to ensure collision-free rotation of the C-arm
during image acquisition. This is done as part of the treatment planning pro-
cess. (Axes involved: θx , θy , table motion in x and y direction)

3. High-speed rotational movement of the C-arm to obtain multiple 2D projec-
tions of the ROI. This is termed as a Rotational Angiography (RA) scan. The
high-speed rotation is necessary to minimize X-ray radiation exposure. (Axes
involved: θx , θy)

4. Awaiting instructions to remain bed-side or move back to stand-by position
(Axes Involved: None)

5. Navigating the C-arm back to its original stand-by position post imaging. (Axes
involved: x , y , θz)

Initiate

Procedure

Execute

RA Scan

Terminate

Procedure

Navigate to

Patient Bed

Execute

Safety-Run

Navigate to

Stand-by

Position

Await

Instructions

1 2

3

4 5

Figure 1.2: Illustration of the imaging workflow during coronary angiography.

In this dissertation, the focus lies on the tasks prior to and post the Rotational An-
giography scan, i.e., tasks 1, 2 and 5 (grey box in Fig. 1.2). They form an integral
part of the CAD treatment process as they facilitate the necessary workflow required
to obtain X-ray images. Suboptimality in these tasks leads to delays in patient treat-
ment and increase in medical expenditure. Major factors resulting in suboptimal
workflow are discussed in the next section.

B. Collision Risk & Safety Measures

Collisions are a major cause for concern in shared human-robot workspaces such as
interventional environments [16]. An interventional room is a dynamic and clut-
tered space (Fig. 1.3) consisting of both moving and static elements in the form of
medical staff, patients, ceiling mounted lights, monitors, medical equipment and
cables. In such an environment, the multi-directional (and sometimes high-speed)
movements of the C-arm introduce the risk of collisions. Specifically, while naviga-
tion, the C-arm can collide with a medical cart in its way or a nurse moving across
the room [17] (Fig. 1.3a). During Rotational Angiography imaging scans, safety is
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θ
z

(a) C-arm Navigation
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Figure 1.3: Collision risks (red) due to movements of the C-arm in dynamic and cluttered interventional
environments.

compromised if the C-arm collides with the shoulder [18] or arm [19] of the patient
(Fig. 1.3b). Apart from damaging the C-arm and the colliding medical equipment,
collisions lead to more serious issues such as patient injury, workflow disruption and
suspension of the procedure altogether [20, 21].

The detrimental nature of collisions has thus motivated investigation of safety
measures in various forms. C-arm systems presently deployed in hospitals mainly
depend on built-in collision prevention strategies. Capacitance or pressure sensors
embedded in the flat-panel detector or X-ray source immediately stop C-arm motion
when triggered by an object very close to the C-arm. There also exist model-based
software that reduces C-arm speed or restricts its motion within a pre-defined space
(usually near the patient table) [10]. For cases where collision prevention is not
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successful, damage reduction strategies have been developed. The C-arm control ar-
chitecture detects (not predicts!) a collision based on the difference between actual
and expected torques. Upon collision detection, the C-arm is stopped and retracted
over an appropriate distance.

Besides hardware-based safety measures, medical staff executes a low-speed
safety run for Rotational Angiography scans. Prior to the actual high-speed scan,
the C-arm trajectory is checked to rule out collisions with surrounding objects and
ensure patient safety [22].

C. Caveats to Standard Approaches

While standard approaches are successful at mitigating collisions, they are restricted
to detecting a collision after it has occurred (torque-based approach) or reactive col-
lision prevention with a localized part of the C-arm (e.g., capacitance sensor only
on the detector). Due to these limitations and to ensure overall safety, the primary
responsibility for collision-free C-arm motion lies with the clinical staff. Navigat-
ing the system is traditionally executed using manual controls and a joystick in-
terface with the medical staff constantly vigilant of collisions [23]. Moreover, as
mentioned before, the low-speed safety-run for RA scans is completely manual. If a
collision is detected during the safety-run, the C-arm stops, the patient is manually
re-positioned and the safety-run is executed again. This procedure can often take
several iterations before a RA scan is judged to be collision-free [24].

In its present state, the approach to safety in interventional healthcare leads to
two main drawbacks:

1. Primary dependence for safety on medical staff creates additional burden on
the workforce in a time when healthcare is facing increased shortage of per-
sonnel [25].

2. In order to treat the growing number of CAD patients, cumbersome and time-
consuming procedures such as the safety-run lead to suboptimal clinical work-
flow and delays in patient treatment [26].

Based on these observations it is of interest to develop automated procedures and
systems that can assist medical staff in maintaining (and possibly increasing) overall
safety in the interventional room. Moreover, automating certain repeatable tasks
(such as the safety-run or C-arm navigation) allows a more optimal clinical workflow
to reduce costs and treatment times. It is for these reasons that today’s healthcare
providers are increasingly considering autonomous robots as one of the solutions
to overcome shortages in healthcare resources and improve the efficacy of medical
procedures [27, 28].
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1.2 Robot Autonomy & Collision Avoidance Systems

Modern society contains numerous examples of (semi-)autonomous robots that as-
sist and work together with humans. These examples include (but are not limited
to) applications such as manufacturing, aerospace, agriculture, construction, min-
ing, logistics and transportation (see [29] for a detailed account of robotic applica-
tions). Healthcare is not far behind in extracting the benefits of robot autonomy with
a growing interest in (semi-)autonomous medical robots to assist diagnosis, therapy
and surgical procedures [30–32]. For these robots, efforts have been directed at de-
veloping features that enable system independence, functioning as assistant systems
in close cooperation with medical personnel [33].

In a general sense, autonomy of a system implies that it has the intelligence
to carry out a task without human (operator) guidance while prioritizing safety in
the environment [34]. Executing a task autonomously necessitates that the robot
(i) is tasked with a desired (achievable) goal; (ii) has the capability to perceive its
(changing) environment; (iii) can reason about the conditions and make decisions;
and (iv) has the ability to execute an action (if required). This autonomous task
has to be executed bearing in mind safety of the other (possibly moving) elements
in the workspace. Ensuring robot autonomy thus requires the development of Col-
lision Avoidance Systems (CAS) which consider the objectives (ii) - (iv) mentioned
above. The importance of collision detection and avoidance has long been recog-
nized and many researchers have successfully developed a variety of approaches for
autonomous robots and intelligent vehicles [35, 36].

The overall goal of a CAS is to enable an autonomous agent to safely share a
workspace with humans and other devices without compromising on the function-
ality of the device/system. A generic CAS has three basic functions, namely sensing,
perception and navigation [37]. Fig. 1.4 depicts the functional architecture of a CAS.

Sensing Environment

Representation

Obstacle

Detection

Perception

Navigation

Figure 1.4: Architecture of a Collision Avoidance System (CAS) to enable robot autonomy.
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Sensing

Autonomous systems cannot operate safely without acquiring external information
of their environment. The sensing module in a CAS enables data acquisition about
the robot’s (changing) surroundings using appropriate sensors such as cameras,
radars, ultrasound, sonar, etc. In an ideal case, it would be preferable to obtain
a global model of the robot’s surroundings to execute motion commands relative to
this model. However, since a complete model is almost never available, sensing is a
means to compensate for this lack of knowledge. The reader is referred to [38–41]
for a detailed overview of sensing modalities for autonomous robots.

Perception

The perception function enables an autonomous system to reason about its environ-
ment based on data from sensors. As a first step, sensor information is collected
and processed to construct a representation or map of the environment. This map
enables robot localization with respect to its surroundings. Map building and space
representation are well studied concepts and the reader is guided to [42–46] for an
in-depth discussion.

Once a reliable map is obtained, object detection algorithms are utilized to lo-
cate and classify objects in the environment [36, 47]. The location and type of the
object are used to confirm the existence of a collision risk and whether an avoidance
manoeuvre is required to overcome the predicted collision. The perception function
is always an inherent primitive to the collision avoidance strategy [48].

Navigation

The navigation function is responsible for enabling the robot to execute an action to
reach its goal position. In a CAS, the main role of navigation is to determine how the
risk of collisions can be resolved while still allowing the robot to achieve its objec-
tive. Autonomous robots operating in dynamic and obstructed environments must
react to situational changes and a collision avoidance manoeuvre can be considered
a two part process [37]. First, depending on the situation in the environment, a
decision-making module selects a collision avoidance action. Part two is the actual
execution of the selected actions that need to be planned by a motion planning al-
gorithm [49, 50]. Basic actions include stopping or reducing velocity, while more
complex actions could assume a deviation from the original path of the system to
avoid a collision with an obstacle.

Despite a multitude of research that addresses the challenges in developing an indi-
vidual modality of the CAS or the integrated system as a whole, there is no ‘one size
fits all’ solution for every application. Indeed, it is clear from literature that each
application comes with its own inherent set of challenges. This dissertation consid-
ers the prospect of developing safety systems for interventional environments and
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addresses the challenges that lie therein. The sequel presents details of these chal-
lenges, the research objectives they lead to and the concepts developed to address
them.

1.3 Challenges, Objectives & Contributions

Inspired by the established advantages of (semi-)autonomous robots and the desire
to enhance the capabilities of C-arm X-ray imaging systems, the general objective of
this dissertation is stated as

Develop a collision avoidance framework to automate C-arm X-ray robots
such that they can autonomously provide assistance to medical staff and
optimize clinical workflow for interventional healthcare.

This dissertation aims to provide the necessary foundation and corresponding con-
cepts required to tackle the above problem. To this end, automating tasks 1, 2 and
5 of the image acquisition workflow (Fig. 1.2) is addressed in a sequential manner.
This leads to the following three research directions:

1. As a prerequisite to collision detection, a methodology to determine the place-
ment and orientation of sensors in the environment is developed.

2. A collision-free trajectory planning framework is proposed to automate C-arm
navigation prior to and post imaging, i.e., automating tasks 1 and 5.

3. A collision prediction and avoidance system is developed to automate the cum-
bersome and time consuming low-speed safety-run executed prior to Rota-
tional Angiography scans, i.e., automating task 2.

A. Sensor Planning in Dynamic Robotic Environments

Challenge & Objective

Populated human-robot environments primarily rely on a multi-sensor network for
collision detection in a target workspace. An important design problem is planning
the optimal configuration (location and orientation) of different sensors as it im-
pacts the network’s ability to successfully detect collisions. The major challenge in
sensor planning is accounting for dynamic occlusions due to a changing environ-
ment. Dynamic occlusions are inherently unpredictable and occur when a sensor
loses sight of the target workspace due to obstruction by moving objects. The ma-
jority of existing research employs probabilistic optimization frameworks to deal
with the uncertainty of occlusions. However, they suffer from unreliability and/or
unavailability of probability distribution functions which are essential in modelling
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this uncertainty. This limitation is highly detrimental for collision detection tasks
and leads to the formulation of the following objective:

Develop a methodology to determine the optimal configuration of a sen-
sor network such that coverage area is maximized and the uncertainty
associated with random occlusions is accounted for.

Contribution

Chapter 2 proposes a non-probabilistic (robust) optimization methodology for sen-
sor planning to overcome the drawbacks associated with probability distribution
functions. Using minimax optimization, the developed approach ensures a cer-
tain guarantee on workspace visibility regardless of locations and positions of ran-
domly occurring occlusions. To elaborate, an optimal sensor configuration is de-
termined by considering occluder positions that cause maximum occlusion of the
target workspace, i.e., sensor configurations are optimized for worst-case visibility
with respect to uncertain occlusions. Analysis of the approach is provided by con-
sidering the C-arm X-ray system and a simulation environment which mimics the
dynamically changing behaviour of the interventional room. Although results are
illustrated on the C-arm system, the proposed sensor planning approach is generally
valid for applications with changing environments.

B. Context Aware Trajectory Planning for Autonomous Robots

Challenge & Objective

Collision risks during robot navigation in populated environments necessitate the
need for planning safe trajectories. However, in a human-centred environment, mo-
bile robots should not only move in a safe manner but also in a socially acceptable
way. To this end, in many applications such as hospitals, the robot is expected to
follow a certain prescribed path while navigating from start to finish. Moreover, a
swerving manoeuvre is not always required to avoid collisions. In some cases, it
is expected that priority is given to certain occupants (e.g., a nurse moving across
the room) and the robot ‘gives way’ to them during navigation. This process makes
the robot’s autonomous movements more natural and comfortable for humans. In
other words, the robot should be aware of the context in which it is navigating. To
address this challenge, the following objective is formulated:

Develop a trajectory planning framework for autonomous robots such that
generated trajectories suffice the dual requirement of being collision-free
and socially acceptable in human-centred environments.
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Contributions

Chapter 3 presents the design and analysis of a trajectory planning framework
which enables the (i) autonomous; (ii) safe; and (iii) intuitive navigation of mobile
robots in dynamic human-centred environments. To enable context-aware naviga-
tion, a hierarchical (and modular) architecture for the framework is proposed which
integrates a high-level decision making module with a low-level trajectory planner.
Decisions include waypoint tracking, ‘giving way’ to priority obstacles and point sta-
bilization at goal position. Decision making is formulated as a hybrid automaton in
which each mode represents a situation dependent behaviour of the C-arm. Within
each mode, a trajectory planner is developed using Model Predictive Control (MPC)
to generate safe, collision-free trajectories. Additionally, the MPC planner is required
to guide the robot along a desired path which is segmented into a series of station-
ary waypoints. The resultant framework is experimentally validated by considering
autonomous navigation of a commercially available C-arm system.

An important aspect of the framework in Chapter 3 is its modularity which allows
decision making, trajectory planning and robot guidance to be addressed by differ-
ent approaches. The advantage of this modularity is presented in Chapter 4.

Chapter 4 is based on a novel guidance strategy for autonomous robots that en-
ables the robot to follow a desired path. While the waypoint tracking approach
yields good results as long as obstacles do not lay on the waypoints, it results in
deadlock situations when waypoints are blocked by obstacles. This prevents the
robot from moving forward towards its goal, rendering the trajectory planner in-
complete. To overcome this, an Adaptive Virtual Target (AVT) is formulated which
plays the role of a moving waypoint and acts as an obstacle-free reference for the
robot to track. Further, to improve AVT tracking by the robot, an adaptive velocity
function adapts the AVT speed in order to minimize deviation of the robot from the
desired path during obstacle avoidance manoeuvres. Simulation results presented
for C-arm navigation show that the AVT approach prevents deadlock situations and
allows the C-arm to successfully reach the goal position. Results are also presented
to illustrate an additional benefit of the adaptive velocity function which prevents
the ‘corner cutting’ behaviour of the robot while tracking a curved path. The devel-
oped strategy proves to be an effective solution to the application of (cooperative)
path following for (multi-agent) robotic systems.

C. Workflow Optimization for Medical Imaging Procedures

Challenge & Objective

Successfully catering to the large number of CAD patients entails avoiding delays in
patient treatment. At present, RA image acquisition workflow is hampered by pro-
longed patient setup during treatment planning. Correct positioning of the patient
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prior to the high-speed RA scan is imperative to ensure patient safety. For this, a
low-speed safety-run is executed during which the C-arm trajectory is checked for
collisions. If a collision is detected, the C-arm stops, the patient table is re-positioned
and the safety-run is executed again. This procedure often takes several manual iter-
ations leading to additional workload for medical personnel and suboptimal clinical
workflow which prolongs patient treatment time. The aim to tackle this challenge
leads to the following objective:

Automate the treatment planning process for medical imaging procedures
to optimize clinical workflow and minimize manual workload while pre-
serving, if not enhancing, the current standard of patient safety.

Contributions

Chapter 5 considers automation of the safety-run to ease burden on medical staff
and eliminate multiple manual iterations. A depth camera based safety system (col-
lision prediction and avoidance) is designed which highlights potential collisions
between the C-arm detector and the patient prior to the RA scan. If a collision is
detected, a re-positioning of the treatment table is computed in order to avoid this
collision. Due to patient size and/or treatment position some scans can never be
collision-free. A unique feature of the approach is its ability to predict an infeasible
scan without multiple manual iterations. The safety system’s potential is experimen-
tally illustrated for both single and dual axis RA scans. Importantly, the system is not
constrained by the experience and training of the clinical staff providing flexibility
to the image acquisition workflow.

In summary, this dissertation presents the design and analysis of a collision avoid-
ance framework to automate C-arm systems for interventional healthcare. The
framework is introduced as a first comprehensive proof-of-concept which aims to op-
timize clinical workflow and assist medical staff to reduce manual workload. While
the scope of this work is restricted to interventional X-ray systems, the concepts de-
veloped are applicable to other mobile robots employed to navigate in dynamic and
unpredictable environments. These include, but are not limited to, service robots in
hospitals, autonomous driving, marine patrolling by autonomous surface vehicles
(ASV’s) and search and rescue operations by unmanned aerial vehicles (UAV’s).
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1.4 Overview

In addition to the main chapters discussed in the previous section, this dissertation
closes with concluding remarks and recommendations for future work in Chapter 6.
A graphical overview of this dissertation is presented in Fig. 1.5.

Note to the Reader

The concepts and results in this dissertation lay a solid foundation to achieve the
goal of complete autonomy for interventional environments. However, numerous
challenges lie ahead in this endeavour. This dissertation is therefore, just the tip of
the iceberg.

This Dissertation

Future Challenges
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Minimax Sensor Planning

Trajectory Planning Framework

Collison-free Rotational Angiography

Figure 1.5: Overview of this dissertation.
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Chapter 2 is based on:

1. R. Mohan and B. de Jager, “Robust Optimal Sensor Planning for Occlusion
Handling in Dynamic Robotic Environments,” IEEE Sensors Journal, volume
19, number 11, pages 4259-4270, 2019.
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2. R. Mohan, W. Vergouwen, E. Silvas, H. Stoutjesdijk, H. Bruyninckx and B. de
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Chapter 2
Robust Optimal Sensor Planning for

Occlusion Handling in Dynamic Robotic
Environments

Abstract
Optimal sensor planning for workspace detection in robotic environments is hindered due
to sensor occlusions. These occlusions are often dynamic. Probabilistic optimization frame-
works, which generally deal with the uncertain nature of these occlusions suffer from unreli-
ability and/or unavailability of probability distribution functions. This chapter proposes and
analyses a robust optimization approach (minimax) which generates sensor configurations
based on occlusion scenarios that cause maximum obstruction of the robotic workspace. The
optimal solution is independent of probability distribution functions and provides a guaran-
teed level of workspace visibility regardless of occluder positions, thus accounting for random
occlusions. The method also allows the user to determine the impact of the worst-case oc-
clusion scenarios leading to a broader perspective on sensor planning. Evaluation of the
approach for a mobile medical X-ray robotic system in a simulation healthcare environment
shows the effectiveness of the proposed method.

2.1 Introduction

POPULATED human-robot environments such as hospitals, museums, production
shop floors, etc., primarily rely on a network of multiple sensors for detecting

a target workspace. Consequently, planning the optimal location and orientation
of different sensors in the target environment is an important design problem as it
impacts the performance and cost of the network [1]. A particular sensor config-
uration (location and orientation) defines the size and shape of the coverage area,
thereby directly impacting the network performance in terms of the amount of space
observed by the network. Additionally, sensor costs and installation constraints pre-
vent utilizing a large number of sensors in an environment [2]. Sensor planning
of the limited number of sensors is thus formulated as an off-line constrained opti-
mization problem which aims to maximize the coverage potential while accounting
for location and task specific constraints [3].

Determining the optimal sensor configuration for multi-sensor networks is only
a partially resolved problem [4]. One of the major challenges in sensor planning is
accounting for dynamic occlusions due to a changing environment [5, 6]. In human-
robot environments, an occlusion occurs when a sensor (such as a ceiling mounted

This chapter is based on:
R. Mohan and B. de Jager, “Robust Optimal Sensor Planning for Occlusion Handling in Dynamic Robotic Environments,”
IEEE Sensors Journal, volume 19, number 11, pages 4259-4270, 2019.
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camera) loses sight of the target workspace due to obstruction by objects, human
beings or the robot itself [7]. Due to the constantly changing environment, these
occlusions are dynamic. They cause random loss of object capture from the sensors
and are problematic since their inherent nature is unpredictable and random. The
sensor planning problem in the presence of these random occlusions is thus formu-
lated using decision theory, i.e., to determine an optimal configuration (decision) in
the presence of inaccessible or inaccurate information on occluder behaviour (un-
certainty) [8].

This chapter addresses the uncertainty associated with random occlusions in the
sensor planning optimization problem. The main contribution is the proposal and
analysis of a non-probabilistic optimization approach that explicitly accounts for
the non-deterministic nature of dynamic occlusion without the need for probability
distributions. Moreover, it promises a certain guarantee on sensor coverage irre-
spective of occluder locations. The approach determines an optimal sensor con-
figuration by considering occluder positions that cause maximum occlusion of the
target workspace. Such an approach is termed as minimax, where the aim is to opti-
mize the worst-case performance with respect to uncertainties [9]. The focus lies on
sensor planning of static networks employed to detect a robotic workspace where
dynamic objects appear randomly to occlude the sensors.

The rest of this chapter is organized as follows. Section 2.2 provides details of
associated literature and the main motivation behind this work. The optimization
framework along with minimax optimization is discussed in Section 2.3. Section 2.4
provides a numerical validation of the proposed optimization approach. Evaluation
of the methodology is illustrated in Section 2.5 using a simulation environment.
Section 2.6 is dedicated to concluding remarks.

2.2 Background and Motivation

A. Prior Work

Sensor planning for visual coverage is an exhaustively studied concept and can be
regarded as fundamentally stemming from the Art Gallery Problem (AGP) [10]. The
AGP provides the solution to finding the minimum number of omni-directional sen-
sors that can completely observe a given 2D space [11]. There are multiple exten-
sions to the AGP for different applications, however these are restricted in terms of
accounting for dynamic occlusions in a 3D space. A detailed account of these exten-
sions and related shortcomings can be found in [12–16] and references therein.

To deal with the non-deterministic, unpredictable nature of dynamic occlusions,
the majority of existing research employs a probabilistic framework [14–17]. Ob-
taining an optimal sensor configuration S∗prob thus involves minimizing the expected
value of a probabilistic cost function
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S∗prob = argmin
S∈S
E[NV (Oµ,S)] (2.1)

where NV is the occluded workspace, S is the space of all sensor configurations and
µ is the probability distribution function defining the set of positions of dynamic
occluders O around the workspace.

Apart from probabilistic approaches, a deterministic worst-case approach to sen-
sor planning has also been considered. A necessary and sufficient condition on the
number of sensors to guarantee visibility considering worst-case occluder positions
is proposed in [14]. The occluding objects are treated as point objects and the vis-
ibility of the sensors is based on the ability to observe a certain point O in space or
on the object. The visibility analysis states that n > k is the minimum number of
sensors (n) required in the presence of k ∈ N > 0 occluding objects to guarantee
visibility of O from at least one sensor. The analysis is limited to point objects in 2D
and analysis is not treated as a sensor planning problem accounting for constraints
on the number and configuration of sensors.

Worst-case occluder positions has also been addressed in [15], which introduces
a sensor configuration quality metric based on the likelihood of dynamic occlusion.
The visibility of the sensors is considered for a target point or a particular feature
point on a target. The expected probability of occlusion of this target point is com-
puted by drawing a subset of occluder positions from a given probability density
function of occluder positions. To this end, only the worst-case occluder positions
are sampled, which are assumed to be the locations that are very close to the target
point. Again, the analysis in [15] is limited to point objects and analysis is provided
in 2D space while it is also possible that the worst-case occlusion occurs when the
occluder is close to the sensor instead of only the target point.

B. Motivation and Contribution

For probabilistic sensor planning as given in (2.1), the probability distribution func-
tion (µ) of occluder positions around the workspace is the overarching defining fac-
tor. While this methodology works well in literature for surveillance and tracking
tasks, the following limiting observations can be drawn:

1. These works either assume that µ is known apriori [16, 17] or is approximated
from measured historical data [14]. In practical applications, however, the
involved distributions are seldom known exactly [18, 19]making probabilistic
frameworks vulnerable to the unavailability of µ.

2. The accuracy of the optimal solutions of probabilistic optimization problems
is only as good as the accuracy of the distribution functions utilized. In the
case of unavailable distributions the data is generated by subjective judgement
[18]. This might prove to be highly inaccurate.
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Based on the these observations, this work proposes a robust (minimax) approach
to sensor planning problem. Minimax is a non-probabilistic robust optimization
method that stems from game theory, where an optimal minimizing strategy is de-
veloped against an adversary that maximizes your loss [20, 21]. An optimal sensor
configuration S∗minimax is determined by considering occluder positions O that po-
tentially try to maximize the occluded robotic workspace NV .

S∗minimax = arg min
S∈S

max
O∈O

NV (O,S) (2.2)

Minimax is independent of probability distribution, thereby making it free of the
unreliability or unavailability of a distribution function. Moreover, probabilistic so-
lutions are only feasible for the “average” case and may prove to be poor against
specific (critical) scenarios [14, 22]. Design of minimax sensor configurations is ro-
bust to effects of random occlusions since all possible scenarios (under user-specified
constraints) are considered.

The main contributions of this work are:

1. In the absence of trustworthy probability distribution functions on occluder
scenarios, this work provides a non-probabilistic robust optimization approach
to sensor planning for applications which encounter random occluding ob-
jects.

2. Optimal sensor configurations obtained from the proposed approach ensure a
certain guarantee on workspace visibility regardless of locations and positions
of randomly occurring occlusions.

3. The visibility analysis and optimal planning of a multi-sensor network is per-
formed in three dimensional space R3 as opposed to analysis in R2 in previous
works which treat occlusions [14, 15]. This provides a more realistic solution
for applications like workspace detection in 3D environments.

The robust optimization approach is evaluated using a simulation environment in
which the robotic workspace and moving objects are modelled as polyhedra in R3.
Analysis of the approach is provided by considering a medical X-ray system as the
mobile robot and the simulation environment mimics the dynamically changing be-
haviour of the hospital room in which the robotic X-ray system operates.

C. Caveats to Minimax Optimization

1) Conservativeness

It is important to note that minimax optimization solutions are conservative since
all emphasis is placed on guarding against the worst possible case [8]. However, for
critical applications such as collision detection it is far more important to consider
the worst-case scenario such that a collision does not go undetected. Moreover, the
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proposed approach is also an augmentation to the existing probabilistic frameworks
since probability or range of uncertainty can easily be integrated within minimax
[23, 24].

2) Computational Demands

Minimax optimization problems are generally known to be computationally de-
manding [25, 26]. Moreover, sensor planning optimization results in non-convex
objective functions. Under these difficulties, researchers opt for metaheuristic search
algorithms to effectively solve these problems [27]. This chapter also resorts to an
existing heuristic algorithm to solve the minimax sensor planning problem. It should
be noted that faster and/or tailored algorithms for the sensor planning optimization
problem exist [28], however that is not the main focus of this chapter. In general, the
concept of robust optimization proposed in this work is independent of any specific
optimization algorithm and this choice is left to the user.

2.3 Optimization Framework

This section provides basic definitions of elements that constitute the robust opti-
mization framework. The definitions are presented in a generalized manner, such
that they are not overly restricted to specific classes of robotic systems or occluder
types. All definitions are provided with reference to Fig. 2.1 and are developed in
R3.

R

O1

O2

W

E

S1

S3

S2Z

X

Y

Figure 2.1: Generalized representation of the human-robot environment E , which contains the robot
workspace (W), the robot body (R), occluder configuration Ô = O1 ∪ O2 and sensor configuration
Ŝ= [S1 S2 S3]T .
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A. Environment Model

The general space in which humans and robots co-exist for a considered application
(e.g. museum hall, hospital room, etc.) is defined by E ⊂ R3. E contains all ob-
jects, including the robotic manipulator, static and dynamic objects and the set of
all possible sensor locations.

Definition 2.1 (Convex Polyhedron). A convex polyhedron P ⊂ R3 is a set of points
obtained by the intersection of a finite number of closed half-spaces [29], i.e., it can
be written as

P =
�

γ ∈ R3 | Aγ≤ b
	

(2.3)

for some A∈ Rm×3 and b ∈ Rm for a polyhedron with m faces.

Definition 2.2 (Non-convex Polyhedron). A non-convex polyhedron is the union of
a finite number of convex polyhedra such that the union cannot be represented as
(Eq. (2.3)) [30].

The environment model consists of the following elements:

1) Robotic Workspace

The robotic workspaceW is the target space which should be detected. The workspace
is represented as a combination of nw ∈ N > 0 convex polyhedral spaces Wi ⊆ E ,
i ∈ {1, 2, . . . , nw} which represent the space in which the robotic manipulator oper-
ates. A combination of these workspaces forms the primary workspace W , which is
defined as

W =
nw
⋃

i=1

Wi (2.4)

The shape, size and location of W changes according to the operating condition of
the manipulator.

2) Robotic Manipulator

The body of the robotic manipulator is modelled as a (non-)convex polyhedron R
and is a combination of nr ∈ N> 0 convex polyhedra R j ⊂ E , j ∈ {1,2, . . . , nr}, such
that

R =
nr
⋃

j=1

R j (2.5)

This combination facilitates flexibility in the construction and simulation of varying
body shapes and their movements.

Remark 2.1. The manipulator is constrained from containing disjoint point sets.

∀k ∈ {1,2, . . . , nr},∃l ∈ {1,2, . . . , nr} \ {k} such that Rk ∩Rl 6=∅ (2.6)
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3) Occluding Objects

Apart from the robotic manipulator, other objects which reside in E can act as oc-
cluders for a particular sensor. The number of occluders no ∈ N ≥ 1 present in the
environment depends on the specific application at hand. Each occluding object
Ok ⊂ E , k ∈ {1, 2, . . . , no}, is modelled as a (non-)convex polyhedron and is permit-
ted to exist in a (user-defined) polyhedral space Ck ⊆ E , i.e., Ok is allowed to move
in Ck.

At any instant, the combination of no occluding objects and their specific loca-
tions in Ck at that instant forms a particular occluder configuration Ô, i.e.,

Ô=
no
⋃

k=1

Ok (2.7)

where each Ok is present at some particular location within its respective space Ck.
All possible occluder configurations are defined by the set O, i.e, Ô ∈ O. The

set O forms the various scenarios for the minimax optimization problem (2) from
which one or more will be recognized as the worst-case scenario.

Remark 2.2. Occluders are non-overlapping with each other and with the manipu-
lator body.

∀g, h ∈ {1, . . . , no} : g 6= h =⇒ Og ∩Oh =∅ (2.8)

Ô∩R =∅ (2.9)

Remark 2.3. The robot manipulator can also be considered as a part of occluding
objects if it obstructs a part of the workspace for a particular sensor.

B. Sensor Configuration Model

The sensor configuration model contains the set of all possible sensor configurations,
the user-defined constraints on these configurations and the available sensor types
along with their respective intrinsic parameters (e.g., depth, field of view, accuracy,
etc.).

There exist ns ∈ N ≥ 1 sensors in a sensor configuration. Let each sensor Sq ∈
R1×np , q ∈ {1, 2 . . . , ns} be modelled by np ∈ N≥ 1 parameters which include (but
are not restricted to) the sensor location in R3, pan and tilt angles, etc.

Sq =
�

p1 p2 . . . pnp

�

(2.10)

A combination of ns sensors and a particular value of their parameters forms a sensor
configuration Ŝ ∈ Rns×np , i.e.,

Ŝ=
�

S1 S2 . . . Sns

�T
(2.11)
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Depending on user-defined constraints, the parameters of each sensor can be varied.
Consequently, multiple sensor configurations can be formulated which reside in set
S , i.e., Ŝ ∈ S . An optimal sensor configuration Ŝ∗ will be obtained from this set S
as the solution to the optimization problem (2.2).

C. Visibility Model

Given a sensor configuration Ŝ, occluder configuration Ô and a robotic workspace
W , the amount of workspace visible to the sensor configuration is based on boolean
operations on polyhedra (intersection, union, difference, etc.). The following defi-
nitions are introduced for the analysis of workspace visibility:

Definition 2.3 (Viewing Pyramid). The viewing pyramid PVq of a sensor Sq in a
sensor configuration Ŝ is the maximum possible space that can be observed by the
sensor. PVq depends on the range and field of view (FoV) of a sensor and is modelled
as a regular pyramid [31] (Fig. 2.2). The apex of the pyramid is the centre of the
sensor, while the height is limited by maximum range Rmax . The maximum possible
space observed by a sensor configuration Ŝ is thus defined as

PV =
ns
⋃

q=1

PVq, PV ⊂ E (2.12)

The location and orientation of any PVq in E depends on the sensor location and the
pan and tilt angle values of the sensor.

α

β

Rmax

S

Figure 2.2: Pyramid of vision (PVq) for sensor Sq with maximum range (Rmax ) and field of view (hori-
zontal α, vertical β).

Definition 2.4 (Blind Space). The set of all points in W which are not in the range
and/or field of view of any sensor in Ŝ is defined as the blind space B, i.e.,

B =W \PV (2.13)

Definition 2.5 (Occluded Space). The set of points in W which are occluded by
the face(s) of a polyhedral object (Ô and/or R) for all sensors in a particular sensor
configuration is defined as occluded space H, which is computed as
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X =
ns
⋃

q=1

no
⋃

k=1

Mqk

Yq = PVq \
no
⋃

k=1

Mqk

Z =
ns
⋃

q=1

Yq

H = X \Z

(2.14)

where Mqk is the space occluded by an object Ok for sensor Sq and Yq is the non-
occluded FoV of sensor Sq. An illustrative example to compute H is provided in
Fig. 2.3.

O2

O1

O3

S1

S2

S3

W

M22

(a) Occluded space for S2 (M22) - Gray,
M21 =M23 =∅.

O2

O1

O3

S1

S2

S3

W

M11

M12

M33

(b) Occluded Space S1 and S2 - Gray,
M13 =M31 =M32 =∅.

O2

S

S2

S3

W

(c) Computing Ocluded Space H (blue) according to
Eq. (2.14). Non-occluded FoV of sensors (Yq) - green.

Figure 2.3: Illustrative example - Occluded space (H) computation for ns = 3 sensors and no = 3
occluding objects (yellow).

Based on the visibility analysis explained above, the fraction of workspace not visible
to the sensor network NV (Ô, Ŝ) is the ratio of the volume of the blind and occluded
space (H ∪B) to the volume of W not occupied by any objects.

NV (Ô, Ŝ) =
Vol(H ∪B)

Vol(W \ (Ô∪R))
(2.15)
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D. Sensor Planning - Minimax Optimization

The theory presented previously discusses a function or metric which is a measure
of the target space (non-)visibility for a certain sensor configuration, given a specific
location of the occluders. As presented in (2.2), sensor planning in the presence of
dynamic occlusions is considered as a robust optimization problem (minimax). To
this end, the cost function for the problem is the metric NV given in (2.15). The
minimax optimization problem is defined as

Ŝ∗ = arg min
Ŝ∈S

max
Ô∈O

NV (Ô, Ŝ) (2.16)

The optimal sensor configuration Ŝ∗ minimizes the maximum NV (worst-case)
over the set of all possible occluder configurations O. The elements of the set O are
treated as uncertainty and elements of set S are the design variables which aim to
provide a robust optimum sensor configuration. For each Ŝ ∈ S , ∃Ô ∈ O such that
NV (Ô, Ŝ) =max(NV (O, Ŝ)). This is identified as the worst case scenario for Ŝ. The
optimization tries to find Ŝ for which this worst-case value is minimum over all S .

A sensor configuration Ŝ∗ and an occluder configuration Ô∗ are said to consti-
tute the minimax robust optimal solution if, for Ô∗, any configuration other than
Ŝ∗ produces a higher NV . Additionally, for Ŝ∗, any occluder configuration different
from Ô∗ gives lower NV , i.e., Ŝ∗ has its worst performance in the presence of Ô∗.

For the purpose of implementation, this work converts the problem in (2.16)
into the following bi-level optimization problem.

Ŝ∗ =arg min
Ŝ∈S

NV (Ô∗, Ŝ)

s.t. lm ≤ pm ≤ um, ∀m ∈ {1, . . . , np}

Ô∗ = arg max
Ô∈O

NV (Ô, Ŝ)

s.t. Ok ⊆ Ck, ∀k ∈ {1, . . . , no}

(2.17)

where lm ( respectively um) is the lower (respectively upper) bound on each sensor
parameter pm and each individual occluder Ok ∈ Ô is constrained in the polyhedral
space Ck.

Minimax problems, in general, have a global optimum termed as the saddle-value
by considering concave-convex (or convex-concave) objective functions [32]. The
minimization is computed over the convex part and maximization takes place over
the concave argument. However, this only holds for cases where the concave-convex
function is defined by the product of convex sets [33]. Solving the optimization
problem of the form (2.17) is non-trivial as both the upper (minimization) and lower
level (maximization) optimization problems have non-convex objective functions
and the overall objective function for the minimax problem is not concave-convex.
As an example, consider Fig. 2.4, which presents the objective function (NV ) for the
upper level problem for the use case presented in Fig. 2.10. The occluder locations



2

2.4 Validation 29

are fixed as in Fig. 2.10 and only two out of the twenty optimization parameters are
varied to illustrate non-convexity of the objective function. It can be observed that
the optimization problem is likely to encounter multiple local minima and regions
with zero gradient.
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Figure 2.4: Cost Function associated with the use case presented in Fig. 2.10. Varying only 2 out of the
20 optimization variables illustrates the non-convexity of the cost function.

Due to these characteristics, moving away from classical gradient-based opti-
mization methods seems appropriate and the derivative-free pattern search algo-
rithm [34] is utilized for obtaining the optimal solution for both levels in (2.17). Al-
though a global optimum cannot be guaranteed in this work since pattern search al-
gorithms require a continuously differentiable objective function to establish global
convergence [35], the multi-start method is utilized to obtain trustworthy solutions.
Varying the initial condition for the optimization problem and running the algorithm
multiple times led to similar optimal solutions. Additionally, in lower dimensional
cases, the optimal solution from pattern search is checked against an exhaustive
search solution and is found to concur.

2.4 Validation

This section provides a numerical validation of the robust optimization methodol-
ogy for sensor planning described in Section 2.3. First, an example is presented
which illustrates the computation of the non-visible volume fraction for a given sce-
nario. Further, the same example is utilized for validation of the robust optimization
method.
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A. Illustrative Example - Visibility Model

Consider the scenario presented in Fig. 2.5. A single static occluder O is located in
the workspace W (hollow rectangle with black outline) and a sensor S is installed on
a wall in the room to capture the workspace visibility. The pyramid of vision (PV) is
illustrated with the hollow pyramid with gray outline. Simulation parameters of the
elements are presented in Table 2.1. The visibility analysis is carried out in MATLAB
using the toolbox MPT 3.0 for polyhedral operations [36].
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Figure 2.5: Validation example - Visibility model: Workspace (W) - Hollow Rectangle | Occluder (O) -
Yellow | Blind Space (B) - Red | Occluded workspace (H) - Blue and Green.

Table 2.1: Simulation Parameters - Validation Scenario

Element Parameter Value [Unit]

Workspace (W) Size 1×3×2.5 [m3]
Occluder (O) Size 0.5×0.5×2 [m3]
Sensor (S) Location (3,0,1) [m]

Horizontal FOV (α) 35[◦]
Vertical FOV (β) 75[◦]
Maximum Range (Rmax ) 4.5 [m]

1) Blind Space

As observed in Fig. 2.5, W extends beyond PV as the sensor is limited by its maxi-
mum range. The sensor is thus not able to capture any part of the workspace beyond
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4.5 [m] in the Y-direction. The blind space is represented by the red polyhedron and
is computed as

Vol(B) = 1× 0.5× 2.5= 1.25 [m3]

2) Occluded Space

To generate the space occluded by an object O for a sensor S, vectors connecting
the apex and base of the sensor’s FOV pyramid are constructed. These vectors pass
through each of the vertices of the occluding object, creating a polyhedral space
behind the occluder. Only the polyhedral space which is a part of the workspace is
considered and the set difference of this space and the occluder gives the occluded
volume.

The occluded volume H is represented by the combination of a cuboid, HA
(blue), formed behind the occluder, and a right triangular prism, HB (green), formed
between occluder top and workspace ceiling. The occluded space is computed as

Vol(HA) = 0.5× 1× 2= 1.0 [m3]

Vol(HB) =
1
2
× 0.5× 1.5× 0.5= 0.1875 [m3]

Vol(H) = Vol(HA) + Vol(HB) = 1.1875 [m3]

3) Non-visible Volume Fraction

NV can be computed as follows:

NV (O,S) =
Vol(H ∪B)

Vol(W \ (Ô∪R))

NV (O,S) =
1.1875+ 1.25

7.5− 0.5
NV (O,S) = 0.3482

B. Validation - Robust Optimization for Sensor Planning

The sensor planning method in (2.17) is validated based on the scenario in Fig. 2.5.
The occluder O is constrained to move within the workspace, i.e, the constraint
space Ck (k = 1) is the polyhedral space W itself. For simplicity of presentation, ten
different configurations of O are presented in Fig. 2.6a with the occluder shown at
configurations 1, 5 and 8. All possible locations of O form the occluder configuration
set O. To construct the set S of sensor configurations, the sensor X-coordinate is
considered as the parameter pm to be varied, with m = 1. The constraints on this
parameter are set as lm = 2.5 [m] and um = 3.5 [m], with the Y and Z coordinate
remaining fixed at 0 [m] and 1 [m] respectively.

Fig. 2.6b is an illustrative representation of the optimization problem in (2.16).
It presents the values of NV over the entire design space for the scenario at hand with
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(a) Set of occluder configurations. The occluder O is
shown at configurations 1, 5 and 8 for illustration.
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Figure 2.6: Illustrative representation of the robust optimization problem for the validation example:
(a) Set of occluder configurations | (b) Values of NV over the entire design space of the optimization
problem | (c) & (d) Occluder configurations for the optimal sensor configuration S= [3, 0,1].

the black crosses representing the maximum NV for a certain sensor configuration,
i.e, the worst-case scenario. The minimum worst-case over all sensor configura-
tions is represented by the black triangles. According to the optimization problem,
the sensor configuration associated with this minimum worst-case is the optimal
solution, i.e., S∗. The sensor location associated with this minimum worst-case is
S = [3, 0, 1] (placed central to the workspace width) and the associated occluder
configurations are presented in Fig. 2.6c and Fig. 2.6d. For any position of the oc-
cluder, only one occluder face creates an occlusion of the workspace. For any other
position of the sensor, there are always two occluder faces creating an occlusion
and this occluded volume is higher than that created by a single face. Further, the
associated occluder configurations from Fig. 2.6c and Fig. 2.6d are also intuitively
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Figure 2.7: Philips Allura FD20 C-arm system.
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Figure 2.8: Polyhedron block structure of the
X-ray system in Fig. 2.7. The dimension of each
block in Y direction is 0.7 [m].

expected since the occluder closest to the sensor cause the most amount of space to
be occluded behind it.

The optimization problem in (2.16) is solved for this scenario in MATLAB using
the pattern search algorithm with a mesh tolerance of 10−6 as the stopping criteria.
An analytical justification for using mesh size as the stopping criteria is provided in
[37]. The optimal solution provided by the algorithm (S∗ = [3, 0,1]) matches that
of the exhaustive search approach described above, thus validating the global con-
vergence guarantee of pattern search. Since the cost function (Fig. 2.6b) is continu-
ously differentiable, the algorithm provides the global optimum for the optimization
problem.

2.5 Simulation and Results

In this section, the applicability and potential of the robust optimization method
is illustrated by focusing on a medical interventional X-ray system as the robotic
manipulator. A description of the X-ray system along with the interventional envi-
ronment it operates in is provided. Results of the sensor planning approach are then
presented for two medical use cases of the X-ray system.

A. Interventional X-ray System and Simulation Environment

Interventional X-ray systems (Fig. 2.7) are used in modern minimally invasive surg-
eries for providing high quality 3D images of the interior of the human body [38].
Two primary use cases are considered for the X-ray system. The first is an automated
parking/docking movement in which the system is moved to a parking position in
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(a) Constraint Satisfaction, θ = α/2
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S
Wall Surface

Blocked FOV

(b) Constraint Violation, θ = 0◦

Figure 2.9: Schematic (top view) of the constraints on the pan angle (θ) of a sensor (S). Here, α is the
horizontal FOV and ~n is the sensor normal.

the room. This is done using the linear motion in the x-y plane. The second use
case is a medical scan termed 3D Rotational Angiography (3DRA) which utilizes the
rotation of the C-arm about the y-axis. The robust optimization method for sensor
planning to detect collisions is evaluated using these use cases in a simulated inter-
ventional room which contains common elements for both the use cases. Apart from
the system itself, the interventional room comprises of at least two moving humans,
i.e, a doctor and nurse, a patient table and a monitor on which the X-ray images
are viewed. The environment contains a fixed number of sensors (ns = 4) which
are constrained to be placed only on the four walls of the room and the ceiling. No
sensors are placed on the floor so as to prevent the disruption of the work-flow. The
pan (θ) and tilt (φ) angles for a sensor are constrained according to (2.18)

α

2
≤ θ < π−

α

2
β

2
≤ φ < π−

β

2
(2.18)

where α and β are the horizontal and vertical FOV of the sensor. The constraints
guarantee that the FOV of the sensors is never completely blocked by the wall (or
ceiling) they are mounted on. This is schematically represented in Fig. 2.9a for the
pan angle. The pan (or tilt) angle is considered as the angle formed between the
sensor normal (~n) and wall (or ceiling) surface on which the sensor is mounted with
the angle defined as positive counter-clockwise. If the pan angle value violates the
constraints (2.18), the FOV would be occluded by the wall surface as represented
in Fig. 2.9b with θ = 0◦.

It is important to note that a real-world interventional room contains more el-
ements than the ones described, however, for the sake of simplicity other entities
such as medical carts, operation lights, additional medical staff, etc. are omitted.
The simulation parameters are presented in Table 2.2.
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Table 2.2: Simulation Parameters

Parameter Symbol Value

Environment E Automated Parking - 10×8×4 [m3]

3DRA - 8×5×4 [m3]

Workspace W Automated Parking - W1 ∪W2

W1 - 3×4.1×3.8 [m3]
W2 - 8.5×1.1×3.8 [m3]

3DRA - 2.2×2.3×2.5 [m3]

Occluding Objects

Number of Occluders no 5

X-ray System - Dynamic R Dimensions presented in Fig. 2.8

Doctor - Dynamic O1 0.75×0.75×1.8 [m3]
Nurse - Dynamic O2 0.75×0.75×1.8 [m3]
Table - Static O3 Base - 0.5×0.5×1.3 [m3]

Table Top - 3×0.4×0.2 [m3]
Monitor - Static O4 2×0.5×1 [m3]

Sensors

Number of Sensors ns 4

Sensor Parameters np 5

Horizontal FOV α 70◦

Vertical FOV β 60◦

Maximum Range Rmax 4.5 m

B. Use Case 1: Automated Parking

The X-ray system occupies a significant amount of space around the patient table.
Once imaging of the patient body is complete, it is required to move the system away
to free up space for the doctors to continue with the surgery. For this purpose, the
system has a dedicated spot in the interventional room where it can be “parked”.
Collision-free parking of the system from the table to the parking spot necessitates
sensor planning to efficiently detect possible collisions. This problem is analogous
to the collision-free motion of mobile robots.

Figure 2.10 presents the optimal solution to the minimax sensor planning prob-
lem for the automated parking use case. The parking motion is simulated by move-
ment of the system (R) from the patient table to the parking spot by considering
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Figure 2.10: Optimal sensor configuration Ŝ∗AP and associated occluder configuration for Automated
Parking: NV = 0.09 | Blind Space (B) - Red | Occluded Space (H) - Blue | Robot (R) - Gray | Doctor
(O1) - Yellow | Nurse (O2) - Orange | Table (O3) - Light Gray | Monitor (O4) - Purple. The FOV (not to
scale) of each sensor is shown for illustrative purposes.
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lateral movement in W1 and longitudinal movement in W2. The dynamic occluders
O1 and O2 are constrained to move in the polyhedral spaces (C1 and C2) represented
by the green boxes (dashed) with dimensions 4×2×1.8 [m3] for O1 and 3×1×1.8
[m3] for O2. The location of static occluders O3 and O4 remains constant and their
respective constraints C3 and C4 are the polyhedral occluders themselves.

Sensors S1, S2 and S3 are constrained to the walls while S4 is attached to the
ceiling. Varying the coordinates of the sensors according to respective wall (or ceil-
ing) dimensions and the pan and tilt angles according to (2.18) creates the set of
sensor configurations.

C. Use Case 2: 3D Rotational Angiography (3DRA)

Rotational Angiography is an image acquisition technique used to obtain a three
dimensional image of the patient’s heart. The X-ray system is positioned at the
end of the patient table and the C-arm makes an angular rotation about the X-axis,
acquiring X-ray images of the patient’s heart during the entire rotation. During this
scan, it is imperative that the C-arm does not collide with the patient or the table,
thus necessitating accurate workspace detection

The 3DRA scenario along with the optimal solution to (2.17) is presented in
Fig. 2.11. The C-arm of the X-ray system (R) makes a 90◦ rotation about the X-axis
with the C-arm at 90◦ shown in Fig. 2.11 and at 0◦ shown in Fig. 2.10. The dynamic
occluder constraints (C1 and C2) are represented by the green boxes (dashed) of
dimensions 4.5×1.5×1.8 [m3] for O1 and 4.5×1.7×1.8 [m3] for O2. The constraints
for the static occluders are as described in the previous use case.

Similar to the automated parking use case, S1, S2 and S3 are constrained to the
walls while S4 is attached to the ceiling. Constructing various sensor configurations
is carried out in the same manner as before.

Table 2.3: Optimal Sensor Configurations

Scenario Sensor X [m] Y [m] Z [m] θ [◦] φ [◦]

Automated Parking S1 5.00 0 2.00 118 0

Ŝ∗AP S2 10.00 4.05 1.96 35 0

S3 0 8.00 2.93 45 0

S4 2.75 6.00 4.00 78 93

3DRA S1 2.50 0 2.50 80 0

Ŝ∗3D S2 0 2.75 0.50 90 0

S3 4.50 5.00 1.00 79 0

S4 3.62 4.25 4.00 46 58
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Figure 2.11: Optimal sensor configuration Ŝ∗3D and associated occluder configuration for 3DRA: NV =
0.02 | Blind Space (B) - None | Occluded Space (H) - Blue | Robot (R) - Gray | Doctor (O1) - Yellow
| Nurse (O2) - Orange | Table (O3) - Light Gray | Monitor (O4) - Purple. The FOV (not to scale) of each
sensor is shown for illustrative purposes.
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D. Discussion

Sensor planning for the two use cases is carried out using the minimax optimiza-
tion problem in (2.17) and the optimal solutions are presented in Table 2.3. The
associated worst-case occluder configurations along with workspace visibility are
presented in Fig. 2.10 and Fig. 2.11. The results provide the following insights:

1. The solution is obtained without an explicit probability distribution while still
accounting for random occlusions. Further, since the minimax problem con-
siders optimization over the complete set of occluder configurations, the op-
timal solution accounts for critical scenarios.

2. The proposed optimization approach provides a guarantee on the performance
of the optimal sensor configuration. Firstly, it is guaranteed that the worst-case
NV for Ŝ∗ is the lowest compared to all other sensor configurations. Further,
regardless of occluder configuration, the visibility for this optimal solution Ŝ∗

will always be higher than the worst-case NV .
3. For the automated parking use case, the worst-case workspace visibility oc-

curs at the beginning of the parking motion, i.e., when the C-arm is at the
patient table. The occlusion of the workspace (blue) exists in the region be-
tween R and O2 since the nurse occludes sensor S1 and C-arm occludes S4.
It is interesting to note the shape of the occluded volume since the shape and
dimensions are such that no object can completely occupy this space. The
volume along the Y-axis is not wide enough for a complete object to envelop
it. Moreover, if an additional object exists next to O2 then only part of the
object will be invisible while most of it can still be detected and a potential
collision can be avoided. This suggests that worst-case visibility is not always
most critical for collisions.

4. The worst-case scenario for 3DRA shows most of the occluded space to be
around the patient table due to the occlusion by the system itself. Since the
safety of the patient is of prime importance, the optimal sensor configuration
in Fig. 2.11 might not cater to that. Contrary to the parking use case, the
worst-case scenario for 3DRA is also a critical collision scenario. Although
increase in the number of sensors could be helpful, placing a sensor on the C-
arm itself could prove to be more valuable to provide visibility of the critical
space.

Apart from generating a sensor configuration for the use cases, the visibility anal-
ysis along with the optimization results provide insights to the user on the impact of
the worst case situation. These insights can further be used to assess the criticality
of the worst-case scenarios and account for them during medical procedures.

E. Impact of Varying Number of Occluders

Robust optimization for sensor planning is based on an initial estimate of occluders
no present in the environment. It is thus important to discuss the effect of no devi-
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ating from the initial estimated value. Consider the 3DRA use case in Fig. 2.11 with
the optimal solution Ŝ∗3D for no = 5 occluders (Table 2.3). An extra object O5 (e.g.
a small cart) is now added to the environment and is constrained to exist in poly-
hedral space C5 represented by the red dashed boxes (Fig. 2.12a). The lower-level
optimization problem in (2.17) is solved for this situation with Ŝ = Ŝ∗3D. The oc-
cluder configuration Ô∗+, which maximizes the cost function NV (Ô, Ŝ) is presented
in Fig. 2.12a with NV = 0.4 which is much larger than NV = 0.09 for Ŝ∗3D with no =
5. This implies that Ŝ∗3D does not adapt well to the additional occluder and the sen-
sor configuration needs to be adjusted in order to reduce NV . To this end, the upper
level optimization problem in (2.17) is solved with occluder configuration Ô = Ô∗+
and the adjusted optimal sensor configuration obtained Ŝ∗+ is compared with the
previous optimum in Table 2.4 (adjusted values presented in blue). As observed in
Fig. 2.12b, Ŝ∗+ reduces NV to 0.17 with parameters being adjusted for all 4 sensors.

In general, the optimal sensor configuration needs to be adjusted when no devi-
ates from the initial estimate. Similarly, a change in occluder size, shape and location
constraints will also lead to solving the optimization problem (2.17) again in order
to find a new optimum.

Table 2.4: Impact of Varying Occluders for 3DRA: Comparison of Optimal Sensor Configurations

Scenario Sensor X [m] Y [m] Z [m] θ [◦] φ [◦]

Ŝ∗3D, no = 5 S1 2.50 0 2.50 80 0

(Fig. 2.11) S2 0 2.75 0.50 90 0

S3 4.50 5.00 1.00 79 0

S4 3.62 4.25 4.00 46 58

Ŝ∗+, no = 6 S1 2.50 0 2.50 65 0

(Fig. 2.12b) S2 0 3.75 0.50 74 0

S3 2.50 5.00 1.00 79 0

S4 3.62 4.25 4.00 72 70

F. Computational Complexity

The highest computationally intensive operation while calculating the objective func-
tion NV in (2.17) is the set-difference operation (B \A) on multiple polyhedra. In
MPT 3.0, the set-difference operation of two convex polyhedra does not result in a
single non-convex polyhedron, but in multiple convex polyhedra depending on the
number of clipping planes involved in the set-difference. Consider the example in
Fig. 2.13 where B \A (Fig. 2.13a) leads to the creation of 3 polyhedra (Fig. 2.13b).
As a result, in (2.14), increase in |X | and |Z | leads to a large number of resulting
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(a) Worst-case occluder configuration Ô∗+ for Ŝ∗3D, NV = 0.4

0
8

1

2

Z
 [

m
]

3

6

4

X [m]

4

0
2

Y [m]

2

40

(b) Optimal sensor configuration Ŝ∗+ for Ô∗+, NV = 0.17

Figure 2.12: Impact of varying no for 3DRA: Blind Space (B) - None | Occluded Space (H) - Blue |
Robot (R) - Gray | Doctor (O1) - Yellow | Nurse (O2) - Orange | Table (O3) - Light Gray | Monitor (O4)
- Purple | Cart (O5) - Red.
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polyhedra in the output, i.e., large |H|a. Fig. 2.14 presents the computation time
required as a function of output polyhedra generated during a set-difference oper-
ation in MPT 3.0. The results illustrate exponential time complexity as the number
of output polyhedra |H| becomes large. Since evaluating NV is directly dependent
on computing H, the time complexity associated with the minimax optimization
problem is also exponential.

Exponential time complexity hampers the overall computational efficiency of
the minimax optimization problem. Relying on more computationally efficient al-
gorithms for polyhedral operations such as [39] could prove to be more appropriate
to ease computational demands.
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Figure 2.14: CPU time required to compute number of polyhedra (|H|) as the output of a set-difference
operation H = X \Z

a| · | denotes the number of polyhedra in a set.
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2.6 Conclusions

This work addressed the problem of optimal sensor planning for target workspace
detection in the presence of random occlusions. Treating random occlusions as un-
certainty in the sensor planning problem, a robust optimization (minimax) approach
is proposed to generate optimal sensor configurations. The approach evaluates oc-
cluder configurations that potentially maximize the occluded volume in a target
space and computes sensor configurations that guard against these scenarios to pro-
vide visibility guarantees.

The approach is evaluated in a 3D simulation environment with a medical X-ray
system as the robotic manipulator and elements in the hospital room as dynamic
occluders. The result is free of probabilistic distributions and no apriori assump-
tions are made about the probability of location of occluders. Further, since the
optimal solution guards against the worst-case scenario, a certain visibility of the
target workspace is always guaranteed regardless of occluder positions. The visibil-
ity analysis in three dimensions also provide insights to the user on the impact of the
worst-case situation on workspace visibility, thus opening up a broader perspective
on sensor placement in dynamic and uncertain environments.
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Chapter 3
A Trajectory Planning Framework for

Autonomous Navigation of Interventional
Healthcare Robots

Abstract
Interventional procedures used to treat heart disease rely on robotized C-arm systems to ob-
tain X-ray images of the patient during surgeries. Navigating these systems in the operating
room is prone to collisions between the C-arm and the surrounding objects. Primary respon-
sibility of collision-free navigation lies with the medical staff, leading to increased burden on
healthcare workforce and suboptimal clinical workflow. This chapter presents a collision-free
trajectory planning framework to automate C-arm navigation in the interventional room. A
hierarchical structure is proposed which integrates a high-level decision making module with
a low-level trajectory planner. Decision making, formulated using a hybrid automaton, al-
lows the C-arm to consider different situations in the environment and adjust its behaviour
accordingly. Situations include waypoint tracking, ‘giving way’ to priority obstacles and point
stabilization at goal position. For each situation-dependent behaviour, collision-free reference
trajectories for the C-arm are generated using Model Predictive Control (MPC). Simulation
and experimental results demonstrate the efficacy of the approach in enabling successful
collision-free, autonomous navigation of C-arms.

3.1 Introduction

ROBOTIC systems are popular in healthcare as they have the potential to improve
life expectancy, cater to larger number of patients and reduce burden on the

clinical workforce [1]. Interventional healthcare, a medical sub-division that treats
heart diseases and tumours, has integrated the frequent use of such robotic systems
to enhance catheter-based surgeries. During these surgeries, robotized C-arm sys-
tems are used to obtain three-dimensional (3D) X-ray images of the patient to aid
catheter guidance [2]. A C-arm system (Fig. 3.1) typically consists of a flat detec-
tor 1© and an X-ray source 2© mounted on the ends of a “C” 3© which is ceiling
suspended by an L-arm 4©. Translation and rotation in the horizontal plane are
provided respectively by linear tracks on the ceiling 5© and L-arm rotation about a
vertical axis passing through detector and source.

Prior to an imaging procedure, it is required to navigate the C-arm from its pre-
scribed stand-by position to the patient bed. Additionally, post-imaging, the C-arm
has to be returned back to its original position. Navigating the C-arm in an interven-

This chapter is based on:
R. Mohan, W. Vergouwen, E. Silvas, H. Stoutjesdijk, H. Bruyninckx and B. de Jager, “MPC-based Trajectory Planning for
Autonomous Navigation of Interventional Healthcare Robots”, Control Engineering Practice, Under Review, 2020.
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Figure 3.1: C-arm X-ray imaging system in an interventional room.

tional room is not a trivial task as there exists a risk of collision between the C-arm
and surrounding objects in the room (e.g. medical equipment, clinical staff). Any
collision leads to immediate termination of the procedure which is both expensive
and time consuming [3]. Although present day C-arm systems are equipped with
reactive collision prevention strategies (capacitance sensors on the detector and/or
X-ray source) that stop the C-arm when triggered, these solutions exist more for
patient safety during imaging rather than C-arm navigation in the room [4]. Since
C-arm movements are traditionally executed using a manual joystick interface, pri-
mary responsibility to ensure collision-free navigation lies with the clinical staff [5].
In its present state, manual C-arm navigation creates additional burden on the med-
ical workforce and suboptimal clinical workflow [6].

To overcome these challenges, today’s healthcare providers are increasingly con-
sidering robot autonomy as a solution. Motivated by this, a framework for collision-
free autonomous navigation of C-arm systems is proposed in this chapter. Automat-
ing repeatable tasks (like C-arm navigation) not only limits burden on medical work-
force but also allows workflow optimization to reduce costs and treatment times [7].

A. Background and Related Work

1) Semi-automated C-arms

In the past, researchers have addressed the topic of assisting medical staff via semi-
automatic positioning solutions for C-arm systems [8–13]. However, these approaches
restrict themselves to positioning the C-arm for acquiring a desired X-ray image
during a surgical procedure. The operator-free navigating of C-arm systems in the
interventional room is not considered. As such, most approaches only provide an
appropriate target position and orientation for the C-arm without a detailed nav-
igation strategy. Thus, medical workforce is still required to complete the task of
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moving the C-arm to this desired position and/or orientation. More importantly,
apart from [10] and [13], which only consider collisions with the patient during
imaging, there exists a considerable gap in literature to deal with obstacles dur-
ing (semi-)autonomous C-arm motion. Another aspect that needs consideration is
enabling autonomous systems with socially acceptable motion for humans in the
shared environment [1, 14]. This intuitive user interaction between the user and
robot is limited to [9, 10] among the existing solutions.

2) Trajectory Planning for Autonomous Robots

In the context of autonomous robot navigation, collision-free trajectory planning is a
key aspect to develop robot autonomy [15]. Collision-free trajectory planning is de-
fined as real-time planning of a robot’s transition from one feasible configurationa to
the next, satisfying the robot’s dynamic/kinematic constraints while simultaneously
avoiding obstacles [16].

Autonomous robots operating in dynamic and obstructed environments must
react to situational changes while planning trajectories to their desired goal. This
necessitates a hierarchical approach which consists of a high-level decision making
layer and a lower-level collision-free trajectory generation layer [17]. Rule-based
approaches such as Finite State Machines (FSM) or Automata are widely incorpo-
rated for the decision making layer [18]. Automata are proven to work well when
there exists a structure in the application which calls for situation dependent deci-
sion making of the autonomous agent [19]. In the interventional room, a trajectory
planner should be able to make situation depended decisions, e.g., forcing the C-
arm to give way to a moving nurse. In order to exploit such pre-defined behaviour
of C-arms, this chapter formulates decision making using Hybrid Automata where
the discrete transitions between different automaton modes correspond to a deci-
sion. In each mode, collision-free trajectories are generated based on the robot’s
state space model and obstacle avoidance conditions.

Collision-free trajectory generation itself is an exhaustively studied concept in
robotics and several methodologies to generate safe trajectories have been proposed.
Among these sampling based methods, graph search algorithms, artificial poten-
tial fields (APF’s) and optimal control formulations are most widely implemented
[16, 20, 21]. However, these methods either suffer from an inability to incorporate
robot dynamics and kinematic constraints or require computationally expensive re-
planning for a changing environment [22–24]. More recently, Model Predictive Con-
trol (MPC) has received attention from researchers to address these shortcomings
for collision-free trajectory planning of (semi-)autonomous robots [25] (for basic
notions in MPC see [26, 27]). This is due to MPC’s ability to systematically account
for the robot’s dynamics along with formulating time-varying obstacle avoidance
constraints for a dynamically changing environment [28, 29]. The main advantage

aConfiguration refers to an object’s position and orientation relative to a reference frame. It can also
include linear and angular velocities
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of the MPC approach is that collision avoidance is guaranteed, under the conditions
that the optimization problem has a feasible solution and environment informa-
tion is available to a sufficient level of certainty [22, 30]. MPC-based collision-free
trajectory planning has been successfully implemented for autonomous driving, au-
tonomous surface vehicles (ASV), unmanned aerial vehicles (UAV) and general mo-
bile robotic applications [31–34]. However, the advantages offered by MPC-based
trajectory planning have not yet been utilized to automate healthcare robots barring
limited examples such as [35] and [36].

B. Proposed Approach and Contributions

This chapter presents a hierarchical trajectory planning framework which enables
the (i) autonomous; (ii) safe; and (iii) intuitive navigation of robotized C-arm sys-
tems inside the interventional room. The framework is decomposed into a high-level
decision making module and a low-level trajectory planning module. Decision mak-
ing is formulated as a hybrid automaton in which each mode represents a situation-
depended behaviour of the C-arm. The discrete transitions between each mode rep-
resent rule-based decisions. Decisions include (pre-defined) waypoint tracking, ‘giv-
ing way’ to priority obstacles and point stabilization at goal position The trajectory
planner is developed using Model Predictive Control (MPC) to generate collision-
free trajectories between starting and end positions. Obstacle avoidance is formu-
lated as positional constraints which enables the C-arm to be steered away from
potential collisions during navigation. Moreover, the predictive capabilities of MPC
account for the dynamic motion of moving obstacles in the environment.

It is also important that the autonomous motion is intuitive for the medical staff.
For this, the C-arm is expected to follow a pre-defined path during navigation. Fol-
lowing this desired path makes the autonomous movements of the C-arm (and any
robot in general) more natural and predictable for humans [37]. To this end, a
traditional waypoint tracking [38] approach is used in which the desired path is
segmented into a series of stationary waypoints along which the C-arm is guided by
the MPC-based trajectory planner.

The main contributions of this chapter are:

• automating C-arm navigation for interventional rooms by developing a collision-
free trajectory planning framework. To the best of the authors’ knowledge, this
is the first work addressing this topic;

• the modular, hierarchical design of the proposed framework which allows dif-
ferent methods to formulate decision making, trajectory planning and path
following. The approach is thus not restricted to hybrid automata or MPC;

• experimental results validating the proposed approach and providing insights
into autonomous behaviour of a commercially available C-arm system. The
proposed methods are not restricted to C-arm systems and can be adapted
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to general mobile robotic applications with dynamic, human-centred environ-
ments.

The remainder of this chapter is organized as follows. Section 3.2 presents the
problem formulation. The proposed collision-free trajectory planning framework is
discussed in Section 3.3. Sections 3.4 and 3.5 provide a simulation and experimen-
tal validation of the proposed approach, respectively. Section 3.6 is dedicated to
concluding remarks.

3.2 Problem Formulation

Prior to formalizing the trajectory planning framework, it is important to specify
the general problem being addressed. In this section, elements which are required
to define the trajectory planning problem are introduced. First, a model of the C-
arm and the surrounding environment is provided. Further, the formal problem
statement and an application example are given. This is a running example used to
illustrate the validity of the proposed approach.

A. Notations and Definitions

The following notations and definitions are used throughout this chapter: Let R, Rn

and Z+ denote the set of real numbers, n-dimensional coordinate space and set of
non-negative integers, respectively. For any set X ⊆ Rn, int(X ) denotes the interior
of the set. Let A ∈ Rm×n denote a m × n matrix, 0n ∈ Rn×n denote an n × n zero
matrix and Im ∈ Rm×m denote an m×m identity matrix. For any vector x ∈ Rn and
symmetric matrix M, ||x||2M = xᵀMx denotes the weighted squared 2-norm. A scalar
value is represented as x ∈ R or X ∈ R and an optimal value is denoted by (·)∗.

Definition 3.1 (Convex Polyhedron). A convex polyhedron P ⊂ R3 is a set of points
obtained by the intersection of a finite number of closed half-spaces [39], i.e., it can
be written as

P =
�

w ∈ R3 | Aw≤ b
	

(3.1)

for some A ∈ Rm×3 and b ∈ Rm for a polyhedron with m faces, w is a point in P that
satisfies (3.1).

Definition 3.2 (Non-convex Polyhedron). A non-convex polyhedron is the union of
a finite number of convex polyhedra such that the union cannot be represented as
(3.1), [39].

Definition 3.3 (Time-varying Polyhedron). A time-varying polyhedron PTV repre-
sents a polyhedron which is translating and/or rotating in time [40], i.e., PTV(0) is
a convex polyhedron as in (3.1) and ∀t ∈ N≥ 1, PTV(t) is

PTV(t) = S(δ(t))PTV(t − 1) + q(t) (3.2)
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where S(δ(t)) is the rotation matrix, δ(t) ∈ [0, 2π] is the angle of rotation and
q(t) ∈ R3 is the translation vector of a specific reference point in PTV.

B. Environment Model

Let the interventional room in which the C-arm, medical equipment and humans
co-exist, be defined by E ⊂ R3. All objects in E are represented by polyhedra in R3.

1) C-arm Geometry

The C-arm geometry R is modelled as a union of two connected, non-overlapping,
non-empty convex polyhedra Rf and Rb, which represent the front and back of the
C-arm, respectively (Fig. 3.2).

R =Rf ∪Rb, int(Rf)∩ int(Rb) =∅ (3.3)

rISO

RfRb

T

rISO

RfRb

Figure 3.2: C-arm geometry (R) with Side View (bottom) and Top View (top). C-arm Front (Rf) - White
Dashed Rectangle | C-arm Back (Rb) - Gray Rectangle | Heading Direction - Red Arrow | ISO-centre
(rISO) - Black Dot | Patient Table (T ) - Cyan Rectangle.

The front Rf can be positioned over the patient table T without collisions due
to the space resulting from the C-shaped arm. This, however, does not apply to the
back of the C-arm Rb, since this part can collide with the patient table. Given these
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constraints, the following conditions should hold when the C-arm is close to the
table T :

Rb ∩ T =∅, Rf ∩ T 6=∅ (3.4)

Remark 3.1. The environment is modelled in R3 to represent a scenario such as
(3.4). However, for navigation purposes the C-arm trajectory is planned in the hori-
zontal plane only as translation motion in the vertical plane is not possible. Through-
out this chapter, the results are visualized is the horizontal plane (top view) for sake
of clarity.

At any given time instant t ∈ R≥ 0, space occupied by the C-armR(t) is represented
by a time-varying polyhedron as defined in (3.2). The motion of a polyhedron is
specified (for each time instant) by the location of a particular reference point. In
practice, rotation of the C-arm in the horizontal plane is executed by rotating it
about a vertical axis passing through ISO-center without changing the ISO-center
position. Furthermore, lateral and longitudinal motions are achieved by altering the
ISO-center position in the horizontal plane. Thus, for the C-arm polyhedron R the
reference point is the ISO-centre rISO.

2) C-arm Motion

The C-arm’s motion is defined with respect to the location of its ISO-center and is
modelled as a holonomic system, with state (x), control (u) and output (y) vectors
chosen to be

x(t) =
�

x(t) y(t) θ (t) vx(t) vy(t) ω(t)
�ᵀ

u(t) =
�

ax(t) ay(t) α(t)
�ᵀ

y(t) =
�

x(t) y(t) θ (t)
�ᵀ

,

(3.5)

where x(t) and y(t) are the lateral and longitudinal positions, θ (t) is the orienta-
tion, vx(t) and vy(t) denote lateral and longitudinal velocity, ω(t) is angular ve-
locity, and ax(t), ay(t), α(t) are the lateral, longitudinal and angular accelerations,
respectively of rISO for all t ∈ R ≥ 0. The C-arm kinematics are expressed by the
linear time-invariant (LTI), continuous-time system as

d(x(t))
d t

= Ax(t) +Bu(t)

y(t) = Cx(t),
(3.6)

where

A=

�

03 I3

03 03

�

,B=

�

03

I3

�

,C=
�

I3 03

�

. (3.7)

The system model in (3.7) will eventually be utilized in the formulation of the Model
Predictive Control (MPC) based trajectory planner. Since practical implementation
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and evaluation requires a discrete-time approach [41], the continuous time system
(3.6) is discretized using zero-order hold with a discretization period Ts. This leads
to

xk+1 = Adxk +Bduk

yk = Cdxk,
(3.8)

where Ad, Bd and Cd are the discretized versions of the matrices in (3.7) and k ∈ Z+
is the discrete time instant connecting to real time t = kTs.

3) Obstacle Modelling

All other elements in E besides the C-arm (like humans or medical equipment) are
assumed to be obstacles. Consider n ∈ N ≥ 1 obstacles in the environment, which
are modelled as time-varying polyhedra of the form (3.2). Obstacles are denoted by
Oi , i ∈ {1, . . . , n}. Throughout this chapter and without loss of generality, Oi ⊂ R3

is a cube or cuboid with geometric centre as the reference point.

Remark 3.2. Static obstacles (e.g., a cabinet) are assumed to be a special case of
moving obstacles (e.g. medical staff) with time-invariant S(δ) and q.

Remark 3.3. Obstacles are non-overlapping with each other.

∀g, h ∈ {1, . . . , n} : g 6= h =⇒ Og ∩Oh =∅ (3.9)

Remark 3.4. The movements of some obstacles are given priority over the C-arm’s
motion in the environment. The C-arm must wait and allow the priority obstacle to
pass through before moving further. These obstacles are termed as ‘priority obstacle’
and are represented as Ôp, p ∈ {1, . . . , n}. It should be noted that Ôp =Oi for some
i ∈ {1, . . . , n}. An example of Ôi in the context of this chapter is a nurse moving
across the interventional room. In a more general context, this is analogous to au-
tonomous vehicles giving right-of-way to pedestrians crossing an intersection [42].

4) Obstacle Enlargement

In order to ensure collision avoidance, it is required that the C-arm polyhedron R
must not overlap with any obstacle polyhedron Oi, i.e.,

R∩Oi =∅, ∀i ∈ {1, . . . , n}. (3.10)

However, directly implementing the constraint (3.10) in the MPC optimization prob-
lem is not trivial and computationally inefficient [43, 44]. To overcome this, the ac-
tual obstacles are enlarged in size (length and width) with the largest dimension, i.e,
length of R and are denoted by Osafe

i , i ∈ {1, . . . , n}. It allows treating the robot as a
point mass (3.5) and explicitly formulating collision avoidance as state constraints
in the MPC optimization problem for numerical feasibility [45].

Although standard practice in robot motion planning [15, 46], obstacle enlarge-
ment is highly conservative and limits the solution space. Addressing this conserva-
tiveness using alternatives (e.g., [47, 48]) is proposed as a part of future work.
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5) Desired C-arm Path - Waypoints

In order to follow a desired path, which is intuitive and expected by the medical staff,
it is not sufficient to provide the trajectory planner with only start and end positions.
The approach in this work consists of segmenting the expected path into multiple
stationary waypoints along which R should be steered. The trajectory planner aims
at sequential tracking of these virtual waypoints, which are positioned at desired
apriori known locations in space. These points can either be generated manually or
by a global path planning algorithm.

The desired path is segmented into a sequence of q ∈ N≥ 1 waypoints such that
each waypoint, p j ∈ R3, j ∈ {1, . . . , q} is defined as

p j =
�

φ j θ j

�ᵀ
(3.11)

where φ j = (x j , y j) ∈ R2 is the desired lateral and longitudinal position and θ j ∈ R
is the desired orientation for the C-arm at waypoint p j .

C. Problem Statement

Given a description of the environment, C-arm, obstacles and waypoints to be tracked,
the general collision-free trajectory planning problem can be formulated as follows
(Fig. 3.3):

Given a C-arm R as described in (3.8) and q ∈ N ≥ 1 waypoints as in (3.11),
consider each waypoint p j , j ∈ {1, . . . , q} to be associated with a closed neighbourhood
ball B j(p j) with centre φ j and radius γ > 0, i.e., B j(p j) = {z ∈ R2 : ||z − φ j || ≤
γ}. Derive an optimal reference trajectory (x∗,u∗) starting at an initial configuration
x0 such that R converges to final configuration xf after passing through the ordered
sequence of neighbourhoods B j , j ∈ {1, . . . , q} while avoiding time-varying obstacles
Oi , i ∈ {1,2, . . . , n}.

The neighbourhood around each waypoint (borrowed from [49]) is constructed
to account for situations in which obstacles block a forthcoming waypoint. This
results in a deadlock where the C-arm tries to approach the waypoint while simul-
taneously trying to avoid a collision. To prevent this, it is sufficient to generate a
trajectory that satisfies rISO ∈ B j for some t ∈ R ≥ 0 instead of forcing the C-arm
to pass through p j . The radius γ is chosen equal to the circumradius of the largest
obstacle in the environment.

D. Application Scenario

Based on the problem statement above, the application scenario (Fig. 3.3) consid-
ered in this chapter aims at planning a trajectory for the C-arm R from its dedicated
stand-by configuration x0 in the interventional room to a final position (e.g. patient
table) xf prior to an imaging procedure. Let O1 be a static obstacle (e.g. a cabinet)
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Figure 3.3: Schematic (top-view) representation of the navigation procedure for the X-ray system (R)
in the interventional room E .

and O2 be a moving object (e.g. medical staff) with a known path (purple dashed).
A trajectory has to be planned for R, which is required to

(i) move from initial configuration x0 to final configuration xf.
(ii) follow a desired path which is expected by medical staff, i.e., pass through

neighbourhoods B j , j ∈ {1, 2, 3}.
(iii) ensure the system R is at rest and has a desired final orientation, i.e., point

stabilization at xf.

while

(a) avoiding collisions with O1 and O2.
(b) waiting and giving way to O2 if it is a priority obstacle.
(c) accounting for R’s system constraints such as (among others) maximum input

acceleration.

The problem is formulated based on the following set of assumptions:

A1 R is equipped with sensor systems which measure its position in the inter-
ventional room as well as the relative positions and velocities of surrounding
humans and objects.

A2 R is equipped with an obstacle classification system which recognizes priority
obstacles such as the medical surgeon.

A3 R is equipped with prediction systems which estimate the motion trajectories
of surrounding objects over a time horizon.
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A4 R is equipped with low-level control systems capable of following the planned
trajectory.

A5 For the trajectory planning problem to be well-posed, the initial and goal con-
figurations should be admissible. Thus, it is assumed that the initial and goal
positions are always obstacle-free.

3.3 Trajectory Planning Framework

Using the elements described in Section 3.2-B. and the objectives (i)-(iii) and re-
quirements (a)-(c) in Section 3.2-D., the trajectory planning framework is formal-
ized in this section. The framework integrates situation-dependent decision making
with collison-free trajectory planning in a hierarchical two-layer architecture. The
decision making is formulated as a hybrid automaton where the transitions between
different modes correspond to a decision. In each individual mode, the reference
trajectory is generated as a solution to a constrained Model Predictive Control (MPC)
problem.

A. Hybrid Automaton for Decision Making

Planning a collision-free trajectory for the C-arm involves making a decision which
governs its situation-dependent behaviour. This decision making process is defined
by a discrete-time hybrid automaton [50], Σ= {M,X ,I ,U ,D,ε, f } with

1. M = {m1, m2, m3} is a set of 3 discrete modes.
2. X ⊆ R6 and U ⊆ R3 are the continuous state space and input space of the

system.
3. I ⊆M×X is a set of initial states.
4. D ⊆M×M is the set of discrete transitions.
5. ε: D → 2X is an event function, which assigns an event set ε(δa,b) ⊆ X to

each transition δa,b = (ma, mb) ∈D.
6. f : M→ (X ×U ) is a flow functionb.

Each of the three modes is explained as follows:

1) Waypoint Tracking (m1)

This mode corresponds to objective (ii) in which the C-arm should follow the de-
sired path by means of visiting the neighbourhoods of the waypoints to be tracked.
Additionally, it is expected that requirements (a) and (c) are satisfied. In this mode,
obstacles do not have priority and an evasive manoeuvre for both static and moving
obstacles is acceptable.

bFor computational tractability, the discrete-time, linear dynamics given in (3.8) is considered as the
flow of the automaton
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2) Obstacle Prioritization (m2)

In some cases, allowing a moving obstacle to cross the C-arm’s path without gen-
erating an evasive manoeuvre might be required. These obstacles are termed as
‘priority obstacles’ and this mode of Σ corresponds to requirement (b). The trajec-
tory planner should force the C-arm to slow down and wait for the obstacle to be at
a certain safe distance before moving ahead.

3) Point Stabilization (m3)

This mode addresses objective (iii) which imposes strict requirements onR to achieve
a particular orientation and come to a complete stop at the goal configuration. In
other words, point stabilization is required which refers to the problem of steering
a system to rest (i.e., zero velocity) at a final target point and with a desired orien-
tation [51]. The specification to track the waypoints is not necessary after a certain
distance from the goal as convergence of R to xf takes priority.

m1 m2 m3

ǫ(δ1;2)

ǫ(δ2;1)

ǫ(δ1;3)

(m1;x0) 2 I

Figure 3.4: High-level decision making automaton (Σ) of the trajectory planning framework.

Consider three decision events, ε(δ1,2), ε(δ2,1) and ε(δ1,3) which enable transi-
tions between the modes described above (Fig. 3.4). The events are defined as:

ε(δ1,2) = {xk|∆(xk, Ôp)< η}

ε(δ2,1) = {xk|∆(xk, Ôp)> η}
ε(δ1,3) = {xk|∆(xk,xf)< ξ},

(3.12)

where∆(·, ·) is the shortest euclidean distance between the two entities in bracketsc,
xk is the current state of the C-arm, Ôp is a priority obstacle and η,ξ are constant,
user-defined distance values.

The initial state of the automaton is always (m1, x0) ∈ I . Since mode m3 (point
stabilization) is the target mode for the automaton, no transition back to m1 (δ3,1)
exists from there. Also, from an application perspective, it is assumed that once

cFor computing the euclidean distance, only the first two elements of the state vector xk are consid-
ered, i.e., longitudinal position (xk) and lateral position (yk). Further, the shortest euclidean distance
between a point and a convex set (Ôp) is obtained by solving the projection problem [52, Ch 8].
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m3 is activated the C-arm is close enough to its goal configuration and no moving
obstacles will cross its path. Thus, the transition δ3,2 does not exist.

Remark 3.5. If no priority obstacles exist, mode m2 will never be visited and the tra-
jectory planner will execute an evasive manoeuvre to avoid both static and moving
obstacles.

Remark 3.6. The automaton described above holds for planning a collision-free
trajectory both prior to and post imaging, with the only difference being the initial
and final configurations provided to the automaton.

Remark 3.7. Although this work considers only three modes and three events, the
structure of the automaton allows more modes and decision events to be added
easily.

B. MPC-based Trajectory Planning

While the situation-dependent behaviour of the C-arm is handled by the hybrid au-
tomaton formulation, the resulting trajectories within each mode are determined
using Model Predictive Control (MPC). The MPC-based planner aims at addressing
the objectives and constraints in a mode using the following general constrained
optimization formulation:

min
Uk

J(xk,Uk)

s.t. system kinematics as in (3.8)

system constraints

obstacle avoidance constraints

(3.13)

where Uk = [u0, u1, . . . ,uN−1] is the vector of stacked inputs obtained over a pre-
diction horizon N and J(xk,Uk) is a cost function. At each time instant, k, the
optimization problem is solved in a receding horizon manner with the current state
xk and prediction horizon N . The optimal input sequence U∗k = [u

∗
0, . . . ,u∗N−1] is ob-

tained and the first element u∗0 is used as a control input to the C-arm model (3.8).

For each mode in M, to satisfy the objectives and requirements, a definition of
the cost function and obstacle avoidance constraints are required. The MPC tra-
jectory planner for each mode is formulated in Table 3.1. Trajectory planning is
executed as follows:

1. The planning is initialized given the initial continuous and discrete state x0 and
m1, respectively. The MPC planner minimizes the cost function as in (3.14).
The first term of the cost function penalizes (using penalty matrix Q) de-
viations from the forthcoming waypoint p j . This satisfies objective (ii) of
the application. The second term discourages large system inputs to ensure
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Table 3.1: MPC-based Trajectory Planning for Different Modes of the Hybrid Automaton

Waypoint Tracking (m1) Obstacle Prioritization (m2) Point Stabilization (m3)

min
Uk

N−1
∑

`=0

||y` − pj||2Q + ||u`||
2
R

s.t. x`+1 = Adx` + Bdu`
y` = Cdx`
x` ∈ X ,y` ∈ Y ,u` ∈ U

y` /∈Osafe
i , ∀i ∈ {1, . . . , n}

(3.14)

min
Uk

N−1
∑

`=0

||x` − xw||2P

s.t. x`+1 = Adx` + Bdu`
y` = Cdx`
x` ∈ X ,y` ∈ Y ,u` ∈ U

(3.15)

min
Uk

N−1
∑

`=0

||x` − xf||2P + ||u`||
2
R

s.t. x`+1 = Adx` + Bdu`
y` = Cdx`
x` ∈ X ,y` ∈ Y ,u` ∈ U

(3.16)

smoother trajectories. Obstacle avoidance is ensured using the constraint
y` /∈ Osafe

i , which restricts the planned trajectory from entering the obsta-
cle’s safe zone. At each time instant k, U∗k is obtained which steers the system
according to the flow function (3.8). As long as the system state does not sat-
isfy ε(δ1,2) in (3.12), the mode remains unchanged for the next time instant
k+ 1.

2. If a priority obstacle Ôp is at a distance η from the current robot position
(xk, yk), a transition from m1 to m2 is triggered. The MPC planner (3.15)
minimizes the error between current state xk and desired waiting state xw =
[yk 0 0 0]ᵀ, i.e., forcing the C-arm to stop. The transition back to m1 is
achieved when the obstacle has passed by and is at a distance η from the
C-arm’s standstill position. Both, the smoothness objective term and obstacle
avoidance constraint are omitted since the C-arm is stationary and the moving
object is expected to avoid the C-arm.

3. As a final phase, transition from m1 to m3 is triggered by xk ∈ ε(δ1,3), in
which the MPC planner (3.16) aims to steer the C-arm to the final configura-
tion xf. This is ensured by the first term of the cost function with the second
term being responsible for smoothness. The obstacle avoidance constraint is
dropped assuming no obstacles are present when the C-arm is close to its goal.
Trajectory generation is completed once the continuous state of the hybrid au-
tomaton has reached xf, which also satisfies objective (i) and (iii).

The optimal trajectory is then passed to a trajectory tracking controller as reference
signals. Fig. 3.5 presents a schematic illustration of the information flow during
trajectory planning.
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Figure 3.5: Information flow during trajectory planning.

3.4 Simulation Results

The simulation results for the trajectory planning framework are illustrated on two
variants of the application scenario described in Section 3.2-D.. One variant con-
siders obstacle-free trajectory planning while the other is simulated with obstacles
present in the environment. In both scenarios, the planner aims to find a collision-
free trajectory which allows the C-arm to move from start to end configuration while
following a path expected by the medical staff. It is assumed that the waypoints for
the C-arm are generated beforehand and provided to the trajectory planner. Addi-
tionally, the position of both obstacles is know apriori at all time instants.

The trajectory planning algorithm described in Section 3.3-B. has been imple-
mented as a constrained MPC problem in MATLAB using the Multi-Parametric Tool-
box (MPT3.0) [53] with the design parameters in Table 3.2.

A. Obstacle Free Motion

A simple obstacle-free navigation situation is considered (Fig. 3.6), where R needs
to move from its starting configuration (x0 = [2 2 π/2 0 0 0]ᵀ) in the stand-by po-
sition (blue circle) to its final configuration (xf = [5 5 −π/2 0 0 0]ᵀ) at the patient
table (green circle). Fig. 3.6a presents a schematic illustration of the results. The
desired path is presented by the yellow curve and the waypoints along with associ-
ated neighbourhoods are presented in red and purple, respectively. Additionally, the
trajectory planned by the MPC-based planner (blue curve) and the C-arm geometry
for specific time instants is provided (for clarity the geometry is not plotted for all
time instants). Until the last waypoint p3, R visits the neighbourhoods of the 3 way-
points. This represents behaviour in m1 and illustrates the MPC-planner’s ability to
autonomously steer the C-arm along a desired path. After visiting the final neigh-
bourhood B3, the planned trajectory shows that R successfully converges to the
goal configuration. At a certain instant, deviation of the C-arm trajectory from the
desired path is observed, indicating the switch from m1 to m3. The state evolution
of the C-arm (Fig. 3.6c) indicates that R is stationary at the final position (vx , vy ,ω
= 0) an is oriented at the desired angle, i.e., facing the patient table (θ = −π/2).
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(a) Obstacle-free motion (Top View)
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(b) Obstacle avoidance motion (Top View)
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(c) State evolution - Obstacle-free motion
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(d) State evolution - Obstacle avoidance motion

Figure 3.6: MPC-based trajectory planning: C-arm Front (Rf) - White Dashed Rectangle | C-arm Back
(Rb) - Gray Rectangle | Heading Direction - Red Arrow | Starting configuration (x0) - Blue Circle | Final
configuration (xf) - Green Circle | Desired Motion Profile - Yellow | MPC trajectory - Blue | Patient Table
- Cyan Rectangle | Waypoints (pd) - Red Circles | Neighbourhoods (B j) - Purple Circles | Static Obstacle
(O1) - Black Square | Moving Obstacle (O2) - Green Rectangle | O2 Path - Purple Dashed.
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Table 3.2: Design Parameters - Simulation Results

Interventional Environment

E 7×7 [m] R 2.14×0.3 [m2]

O1 0.6×0.6 [m2] O2 0.5×0.3 [m2]

MPC-based Trajectory Planner

Ts 1 [s] xmin = 0 [m] xmax = 7 [m]

Dp 12 [s] ymin = 0 [m] ymax = 7 [m]

N 12 [-] θmin = −π/2 [rad] θmax = π/2 [rad]

P I6 vxmin
= −0.15 [m/s] vxmax

= 0.15 [m/s]

Q 0.005 · I3 vymin
= −0.15 [m/s] vymax

= 0.15 [m/s]

R I3 ωmin = −0.2 [rad/s] ωmax = 0.2 [rad/s]

x0 [2 2 π/2 0 0 0]ᵀ axmin
= −0.1 [m/s2] axmax

= 0.1 [m/s2]

xf [5 5 −π/2 0 0 0]ᵀ aymin
= −0.1 [m/s2] aymax

= 0.1 [m/s2]

αmin = −0.14 [rad/s2] αmax = 0.14 [rad/s2]

Waypoints

p1 φ1 = [2.1 3.0]ᵀ [m], θ1 = 1.466 [rad]

p2 φ2 = [2.5 4.7]ᵀ [m], θ2 = 1.344 [rad]

p3 φ3 = [3.5 5.5]ᵀ [m], θ3 = 0.7 [rad]

Although the planned trajectory successfully steers the C-arm to its goal, the vx and
vy demonstrate a non-smooth profile. Oscillatory behaviour is observed where the
velocity initially increases and is reduced right before the C-arm visits a neighbour-
hood. This behaviour is a consequence of the MPC formulation in which the sys-
tem inputs are penalized along with the distance from a reference waypoint (3.14).
Also, the waypoints are provided sequentially to the MPC-planner, i.e., the planner
is unaware of the existence of future waypoints. Therefore, optimization cost is min-
imized by moving R towards the current reference waypoint for which the velocity
is initially increased. As the C-arm nears the waypoint, high input values contribute
more to optimization cost than distance from the waypoint. Hence, the input accel-
eration switches sign to decelerate the C-arm. Although not ideal, this behaviour
is tolerated in simulation as it is not highly detrimental to the trajectory generation
process. The issue can be resolved by adding a preview of the future waypoints in
the prediction horizon or choosing alternate Q and R penalty matrices.
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B. Obstacle Avoidance Manoeuvre

To study the efficacy of the trajectory planner to avoid collisions, a more complex sce-
nario is considered (Fig. 3.6b). The C-arm encounters a static obstacle O1 (a cabinet
- black square) and moving obstacle O2 (nurse - green rectangle) which intersects
the desired C-arm path (blue curve). The path of O2 is represented by the purple
dashed curve. Note that O2 is not a ‘priority obstacle’ and thus the mode m2 is not
activated in this scenario. The MPC-based trajectory planner is expected to account
for this situation based on the obstacle avoidance constraints in (3.13) and plan an
alternative trajectory accordingly. Figure 3.6b presents the collision-free trajectory
(yellow curve) and the C-arm geometry at the starting and goal configuration. The
beginning and end positions of O2 are also plotted. First, it is important to note
that despite the presence of obstacles the C-arm is able to visit the neighbourhoods
for all the waypoints (mode m1). A major difference from the obstacle-free case is
the deviation of the planned trajectory from the desired path due to the influence of
obstacle avoidance behaviour. Additionally, point stabilization at the goal configura-
tion is successfully achieved (mode m3) as can be observed from the state evolution
in Fig. 3.6d.

The collision avoidance manoeuvres are presented in more detail in Fig. 3.7.
For the static obstacle, the C-arm geometry at specific time instants during the ma-
noeuvre is presented in Fig. 3.7a while the methodology for obstacle avoidance is
illustrated in Fig. 3.7b. The planned trajectory is presented by the blue curve and
the prediction horizon, N , the respective time instant is shown by the green dotted
curve. The location of O1 is provided to the MPC planner by the sensor system as
in assumption A1. Using N , a constraint violation, y ∈ Osafe

1 , occurs for the first
time at k = 1. The MPC-planner initially continues to search for a feasible trajectory
such that R can pass through the neighbourhood B1 (purple circle) of waypoint p1
(red circle). At k = 7, R visits B1 after which the MPC-planner searches for a feasi-
ble trajectory (k = 10 to 16) along the edge of the obstacle’s safety margin (dashed
black) till R has successfully avoided O1 at k = 16. Figure 3.8 presents the collision
avoidance scenario with the moving obstacle. The collision is avoided in a similar
manner to that explained above with the only difference being that the MPC-planner
accounts for the change in obstacle location using N while planning a trajectory. As
the C-arm approaches the obstacles, the MPC-planner intervenes in time to move
the C-arm away from the obstacles while still respecting the kinematics of the C-arm
and constraints on the actuation signals (Fig. 3.6d).

C. Impact of MPC Parameters on System Behaviour

Choosing optimal parameter values for the MPC-based planner has a considerable
effect on the system’s behaviour. The impact of sampling time, Ts [s], and predic-
tion horizon, N [-] is studied here. Both these parameters are related by N = Dp/Ts,
where Dp [s] is the prediction duration. To study the change in Ts, Dp was changed
such that the prediction horizon, N , remained constant for all scenarios. This en-
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(b) Collision-free trajectory generation

Figure 3.7: Time-lapse of the collision avoidance manoeuvre - Static obstacle (O1).
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Figure 3.8: Time-lapse of the collision avoidance manoeuvre - Moving obstacle (O2).

sures that only the impact of altering Ts is studied. Varying N in parallel to Ts would
not provide a fair refection of the impact of Ts. For the same reason, the impact of
varying N is studied for each scenario with a constant Ts.

1) Sampling Time Ts

The sampling time determines the frequency at which the state space model (3.8)
can be updated. Using the setup in Fig. 3.6b, the effect of sampling time was inves-
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tigated by testing different values of Ts ∈ {0.50, 0.75,1.00, 1.25} [s]. The resulting
collision free trajectories which avoid the top-left corner of O1’s safety margin are
presented in Fig. 3.9a. With increasing values of Ts, the trajectory “cuts the corner”
of the safety margin. At each sampling instant, the MPC-planner imposes collision
avoidance constraints on the generated trajectory. However, the intra-sample be-
haviour is ignored. While the discretized trajectory constraints rISO from entering
the obstacle polyhedron (Fig. 3.9b), the continuous trajectory connecting the dis-
crete samples enters the obstacle safety margin. This is especially apparent when
comparing Ts = 0.50 [s] and 1.25 [s] (Fig. 3.9b).
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Figure 3.9: Effect of varying sampling time on generated trajectories: Ts = 0.5 (blue), Ts = 0.75 (red),
Ts = 1.00 (yellow), Ts = 1.25 (purple).

At first glance the solution seems to be shorter sampling times. However, this
comes with a high computation cost as the optimization problem has to be solved
at more time instants [54]. Another solution, although conservative, is obstacle
enlargement which is utilized in this chapter. From Fig. 3.7 it is clear that the C-arm
does not crash into the actual obstacle due to a large enough enlargement. Based on
safety and computation time trade-off, Ts = 1 [s] is chosen as the preferred value.
A less conservative solution to corner cutting avoidance is presented in [55].

2) Prediction horizon N

The value of N determines at each time instant the length of the time window, Dp,
over which the MPC-planner predicts the future responses. For collision avoidance,
a sufficiently large N is necessary to account for the environmental changes and new
sensor information. Using Fig. 3.6b, the influence of prediction horizon is investi-
gated by using different values of Ns ∈ {3, 6,12}.
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Static Obstacle

The collision-free trajectories which avoid the top-left corner of O1’s safety margin
are presented in Fig. 3.10 (left). For N = 3, the trajectory deviates further away
from the next waypoint instead of moving towards it, as compared to N = 6 and 12.
Due to the longer preview for N = 12 (Fig. 3.10 - centre), the MPC planner is able
to compute a trajectory to account for the turn around the obstacle’s corner while
trying to reach the next waypoint. Simply stated, the planner has a sufficient preview
(green dots represent prediction steps) to “look around” the obstacle. The MPC-
planner can therefore start preparing to turn around the obstacle at an early stage.
With N = 3 (Fig. 3.10 - right) the preview is insufficient to compute a trajectory
which moves R towards the next waypoint by turning around the obstacle’s corner.
In this case, the trajectory cannot be planned well in advance and R starts moving
towards the next waypoint only once the obstacle is completely avoided. The input
acceleration constraints restrict the ability of the C-arm to make sharp turns. This
in combination with a shorter preview necessitates a much larger turning radius
towards the next waypoint.
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Figure 3.10: Effect of varying prediction horizon (green dots) on generated trajectories for static obsta-
cle: (Left) Trajectories for N = 3 (blue), 6 (red), 12 (Yellow). (Centre) Snapshot for N = 12. (Right)
Snapshot for N = 3.

Moving Obstacle

A short prediction horizon is also detrimental for the case of a moving obstacle O2.
For the same time instant (Fig. 3.11), the shorter preview (N = 3) accounts for the
moving obstacle too late and is not able to compute a braking or swerving manoeu-
vre in time to avoid a collision. On the other hand, for N = 12, the MPC planner
accounts for the moving obstacle much earlier and successfully plans a collision
avoidance manoeuvre.

Although larger prediction horizons improve the collision avoidance performance
they contribute to high computation times. As an example, the simulation time for
generating the entire trajectory in Fig. 3.6b for N = 12 is 5 times longer as com-
pared to N = 6. Therefore, even though a longer N achieves better performance,
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Figure 3.11: Effect of varying prediction horizon (red dots) on generated trajectories for moving obsta-
cle: (Left) Snapshot for N = 3. (Right) Snapshot for N = 12.

the larger number of computation time mitigates this advantage. For the purpose
of this work, the longer computation time was considered acceptable and N = 12 is
the preferred value.

3.5 Experimental Results

In this section, the experimental results for trajectory planning on a commercially
available C-arm system are presented which demonstrate the practical feasibility of
the approach. As compared to the simulation results in the previous section, the
moving obstacle is a ‘priority obstacle’ and the capability of the trajectory planner
to address this situation is presented.

A. Experimental Setup

The trajectory planning framework is experimentally validated on a commercially
available C-arm based X-ray system (FlexArm R©, Philips Healthcare, Best, The Nether-
lands) presented in Fig. 3.12. The system can be moved in y-direction using the
translation axis 1© and in the x-direction using a combination of axis 1© and the
two rotational axes 2© and 3© with a connecting arm in-between. The rotational
state of the system (θ) can be actuated by the rotational axis 3©. The remaining
axes 4© - 8© are provided to illustrate the range of movements possible with the
system, however are not a focus of this chapter.

The experiments are executed using point-to-point commands which the steer
ISO-centre and thus the C-arm itself to a specific configuration in x , y and θ . Since
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Figure 3.12: Philips C-arm system used during experimental validation.

the kinematics are dealt with internally by the control system, (x , y,θ ) commands
from the trajectory planner can be provided directly to the system without modifying
the model (3.8) to incorporate computation for the two rotational movements 2©
and 3© for movement in x-direction.

Trajectory planning is implemented in MATLAB and a custom interface was de-
veloped to communicate the planned trajectory from MATLAB to the C-arm con-
troller in real-time. To this end, an Arduino Due is used which serves as an interme-
diate interface between the C-arm controller and MATLAB. The experimental results
are based on the design parameters presented in Table 3.3.

B. Scenario 1 - Static Obstacle

In this scenario (Fig. 3.13a), the C-arm is expected to move from its starting con-
figuration (x0 = [1.18 2.5 π/2 0 0 0]ᵀ) in the stand-by position (blue circle) to its
final configuration (xf = [0 1 0 0 0 0]ᵀ) at the patient table (green circle). Note that
the room dimensions and patient table orientation are different from those used in
the simulation results. Figure 3.13a presents the desired path (yellow curve) and
the two waypoints p1, p2 (red) with associated neighbourhoods (purple). Due to
the shorter desired path for the C-arm as compared to the simulation results, two
waypoints are utilized instead of three. Further, a static obstacle O1 is present in the
environment (black polyhedron). The comparison of the actual (measured) C-arm
trajectory (red curve) to the reference trajectory planned by the MPC-based plan-
ner (blue curve) is also presented. The C-arm is able to track the reference MPC



3

70 Chapter 3. Autonomous Navigation of Interventional Healthcare Robots

Table 3.3: Design Parameters - Experimental Results

Interventional Environment

E 4.5×4.5 [m] R 2.14×0.3 [m2]

O1 0.25×0.25 [m2] O2 0.25×0.25 [m2]

MPC-based Trajectory Planner

Ts 0.5 [s] (static), xmin = 0 [m] xmax = 7 [m]

1 [s] (moving)

Dp 3 [s] ymin = 0 [m] ymax = 7 [m]

N 6 (static), θmin = −π/2 [rad] θmax = π/2 [rad]

3 (moving)

P I6 vxmin
= −0.15 [m/s] vxmax

= 0.15 [m/s]

Q I3 vymin
= −0.15 [m/s] vymax

= 0.15 [m/s]

R I3 ωmin = −0.2 [rad/s] ωmax = 0.2 [rad/s]

x0 [1.18 2.5 π/2 0 0 0]ᵀ axmin
= −0.1 [m/s2] axmax

= 0.1 [m/s2]

xf [0 1 0 0 0 0]ᵀ aymin
= −0.1 [m/s2] aymax

= 0.1 [m/s2]

αmin = −0.14 [rad/s2] αmax = 0.14 [rad/s2]

Waypoints

p1 φ1 = [1.18 1.75]ᵀ [m], θ1 = π/2

p2 φ2 = [0.6 1.25]ᵀ [m], θ2 = π/4

trajectory with good accuracy (behaviour in m1), which is also observed in the time
evolution of the state variables (Fig. 3.13b). The simulated and measured C-arm
path deviate from the desired path due to the obstacle avoidance manoeuvre. After
visiting the final neighbourhood B2, the switch to m3 ensures the planned trajectory
successfully converges to the goal configuration. The state evolution of the C-arm
(Fig. 3.6c) indicates that R is at rest (vx , vy ,ω = 0) at the final position. Moreover,
it is at the desired orientation, i.e., facing the patient table (θ = 0).

Tracking Errors

The measured state does not exactly match the reference state and the errors can be
explained with the aid of Fig. 3.14. At each time instant, k, MATLAB generates the
MPC signals x∗, u∗. The Arduino Due interprets these signals and modifies the layout
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Figure 3.13: MPC-based trajectory planning for static obstacle: C-arm Front (Rf) - White Dashed Rect-
angle | C-arm Back (Rb) - Gray Rectangle | Heading Direction - Red Arrow | Starting configuration (x0)
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Figure 3.14: Schematic illustration of the experimental setup.

(x̂∗, û∗) before sending them to C-arm PC. However, the PC interface only permits
the values of position, orientation and velocities of the generated trajectory, i.e., x∗

to be passed onto the C-arm’s controllers as reference set-points. This is not possible
for the generated acceleration inputs u∗. Also, the C-arm’s in-built software is able
to overwrite the velocity set-points, thereby only sending position and orientation
set-points y∗ to the C-arm controllers.

For each time instant, the C-arm controllers independently compute the required
velocity, acceleration and jerk values uc to track the position and orientation set-
point. However, they do not account for the sampling time Ts in which this set-point
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has to be reached. Thus, the velocity to reach a position computed by the controllers
deviates from the desired reference value. The computed velocity is often lower
than the velocity required to reach the set-point within the sampling time. This in-
turn causes the C-arm xc to lag behind the reference set-point which is observed in
the left column of the state evolution plots (Fig. 3.13b). Additionally, a feedback
loop does not exist between the system and the MPC-based planner. Thus, there
does not exist the possibility to correct for an error in the MPC reference and the
actual trajectory executed by the system At each time instant, the MPC-planner in
MATLAB generates new reference values assuming that the previous reference value
was perfectly tracked by the C-arm controllers.

Although the measured position and velocity do not coincide with the desired
values generated by the MPC-planner, the deviations are acceptable as the C-arm
depicts desired behaviour to reach its goal position. Moreover, the motion is smooth
and the velocities remain with the system constraints.

C. Scenario 2 - Moving Obstacle with Priority

Experimental results are now presented to illustrate the ability of the planner to
force the C-arm to wait for a moving obstacle with priority (Fig. 3.15a). A scenario
similar to Fig. 3.13a is considered, with a moving ‘priority’ obstacle Ô2 (green) in the
environment instead of a static one. The path of Ô2 is depicted by the purple dashed
line. The MPC generated reference trajectory (blue curve) is tracked by the C-arm
(red curve) with good accuracy, which is also observed in the time evolution of state
variables Fig. 3.15b. The simulated MPC and measured trajectories do not deviate
excessively from the desired path (yellow curve) as compared to the scenario in
Fig. 3.13a. This is a result of the MPC-planner forcing the C-arm to wait for a moving
obstacle to pass instead of performing an avoidance manoeuvre as in Fig. 3.8.

Details of the waiting behaviour are observed in Fig. 3.16. Trajectory planning
starts in mode m1 where the generated trajectory (blue curve) initially tracks the
first waypoint (k = 2 to 11) using prediction horizon, N (green dots). Within this
period the moving obstacle does not cause a constraint violation. At k = 11 (using
N), the condition for event ε(δ1,2) is satisfied, i.e., Ô2 is at a distance less that η from
yk causing the automaton to switch mode from m1 to m2. The waiting behaviour is
observed from k = 11 to 25 with no forward motion of the C-arm. This relates to
the value of both x and y remaining constant in Fig. 3.15b. Once Ô2 is at a distance
η from rISO, mode m1 is activated again (k = 26 in Fig. 3.16).

Finally, the generated trajectory successfully guides the C-arm to visit the two
waypoint neighbourhoods with a switch to m3 ensuring R converges to goal config-
uration. Again, it is also important to note the measured velocities only qualitatively
match the reference values due to the reasons mentioned previously.
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3.6 Conclusions

This chapter presented a trajectory planning framework to automate C-arm navi-
gation for interventional environments with the aim to assist medical staff and op-
timize clinical workflow. A hierarchical approach is considered which integrates a
high-level decision making layer with a low-level trajectory planner. A hybrid au-
tomaton is utilized for decision making which is capable of switching between dif-
ferent behaviour modes for the C-arm depending on the situation. Based on the be-
haviour specified in each mode, collision-free trajectories are generated by a Model
Predictive Control (MPC)-based planner.

Experimental results demonstrate the practical feasibility and effectiveness of
the proposed approach. The results show successful guidance of the C-arm along
pre-defined waypoints while executing real-time collision avoidance manoeuvres to
avoid static and moving obstacles. Further, the C-arm is able to wait for moving
obstacles to pass through before moving forward towards its final goal position.
This is advantageous as the autonomous behaviour of a robot in the environment
is more intuitive and acceptable to humans. The results also indicate that design
parameters of the MPC-based trajectory planner play an important role in the be-
haviour of the autonomous system. These should thus be chosen appropriately for
each application.
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Chapter 4
Collision-Free Trajectory Planning with

Deadlock Prevention: An Adaptive Virtual
Target Approach

Abstract
Most human-centred robotic applications require robots to follow a certain pre-defined path.
This makes the robot’s autonomous movements acceptable and predictable for humans. Plan-
ning a trajectory for the robot thus involves guiding it along this desired path. The classical
approach of segmenting a path into multiple waypoints and tracking them only works well in
obstacle-free environments. Obstacles that lie directly on waypoints result in deadlock situ-
ations with the robot oscillating around the desired waypoint and not moving forward. This
chapter presents a novel approach for trajectory planning in which an Adaptive Virtual Tar-
get (AVT) is formulated that follows the desired path irrespective of surrounding obstacles.
The AVT essentially plays the role of a moving reference for the trajectory planner to track.
Additionally, the AVT velocity can be adapted such that the robot can catch up in case of
deviations from the path due to obstacle avoidance manoeuvres. A model predictive control
(MPC) based trajectory planner tracks the AVT and accounts for obstacle avoidance. The pro-
posed approach allows the robot to keep moving towards the goal by preventing deadlocks
while simultaneously minimizing deviation from the desired path. Simulations based on a
medical X-ray robot are provided to validate the approach.

4.1 Introduction

AUTONOMOUS mobile robots are gaining increased acceptance in human-centred
workspaces such as hospitals, museums, production shop floors and warehouses

[1]. While navigating in populated human environments mobile robots should move
not only in a safe manner but also in a socially acceptable way [2]. To this end,
in many applications (e.g. hospitals or offices) the robot is expected to follow a
certain prescribed path while navigating from start to finish. This process makes
the autonomous movements of the robot more natural and predictable for humans
[3]. Thus, while generating collision-free trajectories to reach the goal position is
of prime importance, the planned trajectories should also be able to guide the robot
along this desired path.

A common guidance strategy for autonomous robots is segmenting the desired
path into a series of stationary waypoints [4]. Trajectories are then generated such
that each waypoint is tracked by the robot while moving along this path [5]. The

This chapter is based on:
R. Mohan, E. Silvas, H. Stoutjesdijk, H. Bruyninckx and B. de Jager, “Collision-Free Trajectory Planning with Deadlock
Prevention: An Adaptive Virtual Target Approach,” IEEE Access, volume 8, pages 115240 - 115250, 2020.
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waypoint tracking approach works well in an obstacle-free environment, however
it is inherently contradictory in nature to the obstacle avoidance problem. While
the robot tries to achieve the objective of approaching a waypoint, obstacles lying
directly on (or very close to) the waypoint lead to constraints that prevent the robot
from reaching that waypoint. This results in a deadlock where the trajectory planner
continues to move the robot around a neighbourhood of the desired waypoint, con-
sequently leading to oscillatory behaviour [6] and rendering the trajectory planner
incomplete [7].

This chapter presents a waypoint independent approach for collision-free trajec-
tory planning. For this, an Adaptive Virtual Target (AVT) is formulated that moves
along the desired path irrespective of obstacles. It plays the role of a moving way-
point and acts as a reference for the robot to track. Assuming there exists no obstacle
that intentionally blocks the AVT, forward motion of the AVT ensures existence of
an obstacle-free waypoint to be tracked, thus preventing deadlocks.

A. Background and Related Work

1) Trajectory Planning

A key component which facilitates robot autonomy is collision-free trajectory plan-
ning which is the process of using accumulated sensor data and apriori information
to find the best trajectory for the mobile robot between initial and goal positions
[8, 9]. It is an exhaustively studied concept in robotics and several methodolo-
gies such as sampling based methods, graph search algorithms, artificial potential
fields (APF’s) and optimal control formulations are most widely implemented. A
detailed review of each method along with their advantages and disadvantages can
be found in [10–13]. More recently, Model Predictive Control (MPC) has received
attention from researchers for the purpose of collision-free trajectory planning for
autonomous robots [14] (for basic notions in MPC see [15, 16]). This is due to
MPC’s ability to systematically account for the robot’s dynamics along with for-
mulating time-varying obstacle avoidance constraints for a dynamically changing
environment [17–19]. The main advantage of the MPC approach is that collision
avoidance is guaranteed, under the conditions that the optimization problem has
a feasible solution and environment information is available to a sufficient level of
certainty [20, 21]. To leverage these advantages, collision-free trajectory planning
in this chapter is formulated using an MPC framework.

2) Waypoint Tracking

When a robot is required to follow a path, a guidance approach usually determines
the course, heading and speed of the vehicle. A widely recognized guidance strat-
egy is waypoint tracking control in which the path is defined by a set of distinct
waypoints and the vehicle is driven to the final goal via these waypoints [22]. Tra-
jectory generation for waypoint tracking can be achieved by using methodologies
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such as sliding mode control, backstepping and MPC [23]. Although the conven-
tional method of path following via waypoint tracking works well in most cases
without obstacles [24–27], there exists a major drawback to this approach. When
the surrounding environment is not obstacle-free, the generated waypoints become
non-reachable if a waypoint is covered by (or close to) an obstacle [28]. As a con-
sequence, when the robot approaches a non-reachable waypoint it enters into a
deadlock situation where the objective of reaching the waypoint and avoiding the
obstacle contradict each other [29]. The existing waypoint tracking literature is
restricted to obstacle-free environments and attempts to overcome deadlocks that
arise from non-reachable waypoints have not been addressed.

B. Contributions and Proposed Approach

This chapter presents two main contributions in the context of collision-free trajec-
tory generation for autonomous robots:

• An Adaptive Virtual Target (AVT) approach that prevents deadlocks which
usually hamper the completeness of trajectory planners in waypoint-based ap-
proaches.

• An adaptive velocity function that adapts the AVT speed in order to minimize
deviation of the robot from the desired path during obstacle avoidance ma-
noeuvres.

The AVT is essentially an exosystem that tracks the desired path irrespective of the
obstacles in the surrounding environment. This concept is inspired by the approach
developed for unmanned aerial vehicles (UAV’s) in [30, 31], where the AVT yields
an additional control input for a path-following controller. The work in the present
chapter adapts the AVT strategy such that a trajectory planner receives the position
and orientation of the AVT as a reference signal. Due to its constant forward mo-
tion, the AVT serves as a moving reference point to be tracked by the actual robot.
This approach ensures the existence of a reference point, which is not blocked by
an obstacle for infinite time (deadlock prevention) and guides the robot along a
desired path towards its goal. Based on the path tracked by the preceding AVT, a
trajectory is generated for the following robot, which converges to the given path
of its predecessor. To this end, a Model Predictive Control (MPC)-based trajectory
planner minimizes the cost associated with deviation from the AVT path while also
accounting for obstacles through positional constraints for the robot.

During obstacle avoidance manoeuvres the robot might be forced to deviate con-
siderably from the desired path. Once the obstacle is avoided, the robot has to then
track the AVT which would have moved significantly ahead during the manoeuvre.
This leads to ‘corner-cutting’ behaviour of the robot and consequently poor conver-
gence to the path is observed with increasing distance from the preceding AVT [32].
In order to track the AVT accurately and improve convergence to the desired path,
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the AVT is provided with an adaptive velocity function, which is based on the rel-
ative distance of the actual robot and the AVT [33]. This function slows down the
AVT in order for the robot to catch up in case of large deviations from the desired
path. Simulation results based on collision-free navigation of a medical X-ray robot
[34] are provided to illustrate the feasibility of the proposed AVT approach.

The chapter is organized as follows. Section 4.2 provides the problem formu-
lation. The proposed AVT approach is discussed in Section 4.3 with Section 4.4
presenting the MPC-based trajectory planner. Section 4.5 provides a numerical val-
idation of the proposed approach. Section 4.6 is dedicated to concluding remarks.

4.2 Problem Formulation

Prior to formalizing the virtual target approach and the collision-free trajectory plan-
ner, the symbols and definitions used in this chapter are introduced. Next, an ap-
plication scenario is provided which serves as a running example to illustrate the
proposed approach and a base for modelling the robot motion, robot geometry and
obstacles.

A. Preliminaries

The following notations and definitions are used throughout this chapter: Let R, Rn

and Z+ denote the set of real numbers, n-dimensional coordinate space and set of
non-negative integers, respectively. For any set X ⊆ Rn, int(X ) denotes the interior
of the set. Let A ∈ Rm×n denote a m × n matrix, 0n ∈ Rn×n denote an n × n zero
matrix and Im ∈ Rm×m denote an m×m identity matrix. For any vector x ∈ Rn and
symmetric matrix M, ||x||2M = xᵀMx denotes the weighted squared 2-norm. A scalar
value is represented as x ∈ R or X ∈ R and an optimal value is denoted by (·)∗.

Definition 4.1 (Convex Polyhedron). A convex polyhedron H ⊂ R3 is a set of points
obtained by the intersection of a finite number of closed half-spaces [35], i.e., it can
be written as

H =
�

w ∈ R3 | Aw≤ b
	

(4.1)

for some A ∈ Rm×3 and b ∈ Rm for a polyhedron with m faces, w is a point in P that
satisfies (4.1).

Definition 4.2 (Non-convex Polyhedron). A non-convex polyhedron is the union of
a finite number of convex polyhedra such that the union cannot be represented as
(4.1), [35].

Definition 4.3 (Time-varying Polyhedron). A time-varying polyhedron HTV repre-
sents a polyhedron which is translating and/or rotating in time [36], i.e., HTV(0) is
a convex polyhedron as in (4.1) and ∀t ∈ N≥ 1, HTV(t) is

HTV(t) = S(δ(t))HTV(t − 1) + q(t) (4.2)
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where S(δ(t)) is the rotation matrix, δ(t) ∈ [0,2π] is the angle of rotation and
q(t) ∈ R3 is the translation vector of a specific reference point in HTV.

Definition 4.4 (Deadlock). At any time instant, a robot is in a deadlock if it has not
achieved its goal configuration; it does not make progress towards this goal, i.e., it
is not moving; and will stay in its current position as time→∞ [37].

B. Application Scenario

To illustrate the proposed trajectory planning approach, the collision-free navigation
of an interventional X-ray system in a surgical room is considered (Fig. 4.1). The
scenario is analogous to standard motion planning problems in mobile robotic ap-
plications and can be regarded as a representative example for the general robotics
community.

xf

x0

Patient Table
O1

x

y

θ

E

Figure 4.1: Schematic (top-view) representation of the navigation procedure for the X-ray system (R)
in the interventional room E .

The interventional X-ray system (henceforth referred to as robot) R is required to
autonomously navigate from its dedicated stand-by configuration x0 to a final con-
figuration xf at the patient table while avoiding collisions with a surrounding static
object O1 (e.g. a medical cart). Additionally R is required to follow a desired
path which is pre-defined by the medical staff, such that the robot’s autonomous be-
haviour is intuitive and socially acceptable to the staff. The problem is formulated
based on the following set of assumptions:

A1 R is equipped with sensor systems which measure its position in the environ-
ment as well as the relative positions and velocities of surrounding objects.
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A2 R is equipped with low-level control systems capable of following the planned
trajectory.

A3 For the trajectory planning problem to be well-posed, the initial and goal con-
figurations should be admissible. Thus, it is assumed that the initial and goal
positions are always obstacle-free.

A4 There exists a feasible path at all times such that the entire path is not blocked
by obstacles.

C. Environment Modelling

Let the environment in which the robot and obstacles co-exist be defined by E ⊂ R2.
All objects in E are represented by polyhedra in R2.

1) Robot Geometry

The robot geometry is modelled as a time-varying convex polyhedron R, as defined
in (4.2). Throughout this chapter and without loss of generality, R is assumed
to be a rectangle. The motion of a polyhedron is specified (for each time instant
t ∈ R ≥ 0) by the location of a particular reference point, which in this case is the
geometric centre of R.

2) Robot Motion

The robot’s motion is defined with respect to the location of its geometric centre
and is represented as a holonomic system, with state (x), control (u) and output (y)
vectors chosen to be

x(t) =
�

x(t) y(t) θ (t) vx(t) vy(t) ω(t)
�ᵀ

u(t) =
�

ax(t) ay(t) α(t)
�ᵀ

y(t) =
�

x(t) y(t) θ (t)
�ᵀ

,

(4.3)

where x(t) and y(t) are the lateral and longitudinal positions, θ (t) is the orienta-
tion, vx(t) and vy(t) denote lateral and longitudinal velocity, ω(t) is angular ve-
locity, and ax(t), ay(t), α(t) are the lateral, longitudinal and angular accelerations,
respectively of the robot’s geometric centre for all t ∈ R ≥ 0. The robot dynamics
are expressed by the linear time-invariant (LTI), continuous time system as

d(x(t))
d t

= Ax(t) +Bu(t)

y(t) = Cx(t),
(4.4)

where

A=

�

03 I3

03 03

�

,B=

�

03

I3

�

,C=
�

I3 03

�

. (4.5)
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The system model in (4.5) will eventually be utilized in the formulation of the Model
Predictive Control (MPC) based trajectory planner. Since practical implementation
and evaluation requires a discrete-time approach [38], the continuous time system
(4.4) is discretized using zero-order hold with a discretization period Ts. This leads
to

xk+1 = Adxk +Bduk

yk = Cdxk,
(4.6)

where Ad, Bd and Cd are the discretized versions of the matrices in (4.5) and k ∈ Z+
is the discrete time instant related to continuous time by t = kTs.

3) Obstacle Modelling

Consider n ∈ N ≥ 1 obstacles in the environment which are modelled as static
convex polyhedra of the form (4.1). Obstacles are denoted by Oi , i ∈ {1, . . . , n}.
Throughout this chapter and without loss of generality, Oi ⊂ R2 is a square with
geometric centre as the reference point.

4) Obstacle Enlargement

In order to ensure collision avoidance, it is required that the robot and obstacle
polyhedra do not overlap, i.e.,

R∩Oi =∅, ∀i ∈ {1, . . . , n}. (4.7)

However, directly implementing the constraint (4.7) in the MPC optimization prob-
lem is not trivial and computationally inefficient [39, 40]. To overcome this, the
actual obstacles are enlarged in size with the length of R and are denoted by Osafe

i ,
i ∈ {1, . . . , n}. It allows treating the robot as a point mass (4.3) and explicitly for-
mulating collision avoidance as state constraints in the MPC optimization problem
for numerical feasibility [9].

Note that obstacle enlargement is highly conservative and limits the solution
space even though it is standard practice in robot motion planning [8, 41]. This
conservativeness, proposed as a part of future work by the authors, can be addressed
using alternatives to enlargement (e.g. [42, 43]).

5) Desired Path

The pre-defined path between the initial and goal configurations that the robot is
required to follow is a planar, geometric curve P given by

P = {s ∈ [0, s̄] ⊂ R→ p(s) ∈ R2}, (4.8)

where s is a scalar path parameter and p(s) = [x(s) y(s)]ᵀ is a point on the path
P in environment E . It is assumed that P is a C2 function to ensure a smooth and
continuous curve.
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D. Problem Statement

Considering the above described environment, robot, obstacles and path to be tracked,
the general collision-free trajectory planning problem can be formulated as follows
(Fig. 4.1):

Given a robot R as described in (4.6) and a desired path P as in (4.8), derive an
optimal reference trajectory (x∗,u∗) starting at initial configuration x0 which (i) drives
R towards the final configuration xf while (ii) preventing deadlocks; (iii) avoiding ob-
stacles Oi , i ∈ {1,2, . . . , n}; and (iv) ensuring the motion of R along P with minimum
possible deviation.

4.3 Deadlock Prevention - Adaptive Virtual Target
Approach

In order to prevent deadlocks during trajectory planning, an Adaptive Virtual Target
(AVT) approach is formulated that serves as the reference to guide the trajectory
planner. The AVT is constrained to move along the desired path irrespective of
surrounding obstacles and is equipped with an adaptive velocity function to improve
path tracking.

A. Virtual Target Formulation

Suppose that a pre-defined path to be tracked by a robot is constructed by the stan-
dard waypoint approach, i.e., the path is segmented into multiple waypoints. In this
case, a deadlock occurs when the robot is faced with the contradictory objectives of
reaching a waypoint while trying to avoid a collision with an obstacle which is block-
ing this waypoint. The crux of this chapter is a waypoint-independent approach,
which eliminates the occurrence of this contradiction. To this end, a virtual target is
formulated, which is constrained to travel along the desired path irrespective of the
surrounding obstacles. This virtual target can be thought of as a dynamic waypoint,
which serves as a moving reference point to be tracked by the actual robot. Under
assumption A4, this approach ensures the existence of an reference point, which is
not blocked by an obstacle for infinite time and guides the robot along a desired
path towards its goal.

The virtual target is modelled as a wheeled mobile robot [44], which moves
along P(s) according to

ẋv(s) = V cosθv(s)
ẏv(s) = V sinθv(s)

θ̇v(s) = Vκ(s)

(4.9)

where the dot on a variable represents the first derivative, κ(s) is the curvature of the
path, V is the virtual target’s linear velocity and yv = [xv yv θv] is the configuration
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(position and heading) of the virtual target which effectively yields the reference for
the actual robot.

Remark 4.1. The virtual target does not account for the kinematics and/or dynam-
ics of the actual robot and is not restricted by any constraints to avoid collisions.

B. Adaptive Velocity Function

The choice of V is a design parameter to be chosen by the user. Although a constant
value of V would serve the purpose of a moving virtual target, which guides the
actual robot towards the final goal, it does not account for any deviations between
the position of the target and robot. Since the robot is constrained to follow the
preceding AVT, in case of a curved path or a large deviation (due to obstacle avoid-
ance) the phenomenon of ‘corner cutting’ is observed. This behaviour escalates with
increasing deviation from the AVT [32]. To this end, instead of choosing a constant
V , an adaptive velocity function is formulated.

V = Vd (1−η tanh (γ)) (4.10)

where Vd ∈ R > 0 is the fixed AVT velocity, 0 < η < 1 is a constant and γ ∈ R is the
euclidean distance between the AVT and the actual robot. The function provides
AVT with the capability to slow down when the robot is far away from P(s) and the
strength of the function to reduce AVT velocity depends on parameter η.

Remark 4.2. The condition 0< η < 1 ensures that the virtual target does not

(i) move backwards along the path (V < 0) ensuring a forward moving reference
progressing towards the goal and not away from it;

(ii) come to a complete halt (V= 0) resulting in a deadlock. Although, η≈ 1 does
cause the AVT to move extremely slowly when γ is large.

4.4 Collision-Free Trajectory Planning

Trajectory generation aims to satisfy objectives (i)-(iv) as mentioned in the problem
statement (Sect. 4.2-D.). In general, a trajectory is planned such that the robot is
guided along the desired path by the AVT. However, the point stabilization objec-
tive imposes strict requirements on R to be at rest and achieve a desired position
and heading at xf. Thus, point stabilization is prioritized at a certain point and the
specification to track the AVT is dropped. This necessitates the need for a switch
(or a jump) during trajectory planning.To address this, trajectory planning is for-
mulated as a hierarchical two-level framework with switching described by a hybrid
automaton and collision-free trajectories generated using MPC.
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A. Hybrid Automaton for Switching

Switching between AVT tracking and point stabilization is defined by a discrete-time
hybrid automaton [45], Σ= {M,X ,I ,U ,D,ε, f } with

1. M = {m1, m2} is a set of 2 discrete modes.
2. X ⊆ R6 and U ⊆ R3 are the continuous state space and input space of the

system.
3. I ⊆M×X is a set of initial states.
4. D ⊆M×M is the set of discrete transitions.
5. ε: D → 2X is an event function, which assigns an event set ε(δa,b) ⊆ X to

each transition δa,b = (ma, mb) ∈D.
6. f : M→ (X ×U ) is a flow functiona.

The two modes are explained as follows:

1) AVT Tracking (m1)

This mode corresponds to objective (iv) in which the robot should follow the desired
path by means of tracking the AVT. Additionally, it is expected that in this mode,
an avoidance manoeuvre for obstacles should be preformed, which corresponds to
objective (iii).

2) Point Stabilization (m2)

This mode addresses point stabilization which refers to the problem of steering a
system to a final target point, with a desired velocity and orientation [46]. The
specification to track the AVT is not necessary after a certain point, which is when
the trajectory planner switches to this mode.

m1 m2

ǫ(δ1;2)

(m1;x0) 2 I

Figure 4.2: Hybrid automaton Σ for decision making.

The decision event, ε(δ1,2), which enables the transition between mode 1 and 2
is defined as:

ε(δ1,2) := {xk|∆(xk,xf)< ξ} (4.11)

aFor computational tractability, the discrete-time, linear dynamics given in (4.6) is considered as the
flow of the automaton
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where, ∆(·, ·) is the euclidean distance between the two entities in bracketsb, xk is
the current state of the robot and ξ is a constant, application-specific value, which
is taken as the distance-to-brake (DTB) for a system.

The initial state of the automaton is always (m1, x0) ∈ I . Since mode m2 (point
stabilization) is the target mode for the automaton, no transition exists from there.
Also, from an application perspective, it is assumed that once m2 is activated the
robot (C-arm) is close enough to its goal configuration and does not need to track
the AVT. Thus, the transition δ2,1 does not exist.

Remark 4.3. Although this work considers only two modes and one event, the struc-
ture of the automaton allows more modes and decision events to be added easily.
This can be, for example, an obstacle prioritization mode where the robot should
‘give way’ to moving obstacles in the environment.

B. MPC-based Trajectory Planning

Trajectory generation in each mode is executed using the MPC-based planner which
aims at addressing the respective objectives and system constraints. The general
MPC constrained optimization formulation is as follows:

min
Uk

J(xk,Uk)

s.t. system dynamics as in (4.6)

system constraints

obstacle avoidance constraints

(4.12)

where Uk = [u0, u1, . . . ,uN−1] is the vector of stacked inputs obtained over a pre-
diction horizon N and J(xk,Uk) is a objective function. The optimization problem
is solved in a receding horizon manner with the current state xk and horizon N . At
each time instant, an optimal input sequence U∗k = [u

∗
0, . . . ,u∗N−1] is obtained and

the first element u∗0 is used as a control input to the robot model (4.6). The MPC
trajectory planner for AVT tracking (m1) and Point Stabilization (m2) is formulated
as (4.13) and (4.14), respectively.

min
Uk

N−1
∑

`=0

||y` − yv||2Q + ||u`||
2
R

s.t. x`+1 = Adx` + Bdu`
y` = Cdx`
x` ∈ X ,y` ∈ Y ,u` ∈ U
y` /∈Osafe

i , ∀i ∈ {1, . . . , n}

(4.13)

bFor computing the euclidean distance, only the first two elements of the state vector xk are consid-
ered, i.e., longitudinal position (xk) and lateral position (yk).
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min
Uk

N−1
∑

`=0

||x` − xf||2P + ||u`||
2
R

s.t. x`+1 = Adx` + Bdu`
y` = Cdx`
x` ∈ X ,y` ∈ Y ,u` ∈ U

(4.14)

Trajectory planning is executed as follows:

1. Given the initial configuration x0, trajectory planning is initialized in m1. The
MPC planner minimizes the objective function as in (4.13). The first term
penalizes deviations from the current AVT state yv using penalty matrix Q.
The second term discourages high system inputs (using matrix R) to ensure
smoother trajectories. Obstacle avoidance is formulated as y` /∈ Osafe

i , which
restricts the planned trajectory from entering the obstacle’s safe zone. At each
time instant k, U∗k is obtained which steers the system according to the flow
function (4.6) and the mode remains unchanged for the next time instant,
k+ 1, until ε(δ1,2) is not satisfied.

2. At a certain distance, ξ, from the goal, transition from m1 to m2 is triggered by
xk ∈ ε(δ1,2). Consequently, the MPC planner (4.14) aims to steer the robot to
the final state xf. This is ensured by the first term of the objective function with
the second term being responsible for smoothness. The obstacle avoidance
constraint is dropped assuming no obstacles are present when the robot is
close to the final position. Trajectory generation is completed once the robot
is stabilized at xf.

The optimal trajectory is then provided to a tracking controller as reference input.
Fig. 4.3 presents a schematic of the trajectory planning architecture.

Trajectory

Planner

Low-Level

Controller

+

ActuationEnvironment
Information

Virtual Target
Configuration (yv)

(x0;xf) x
∗

k;u
∗

k

xk;uk

Figure 4.3: Schematic representation of the trajectory planning framework.
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4.5 Results

In this section, the proposed AVT approach is validated using the application sce-
nario described in Section 4.2-B.. First, an example of a deadlock situation due to
non-reachable waypoints is provided. Next, results presenting the successful dead-
lock prevention and obstacle avoidance using the AVT approach are given. Finally,
benefits of the adaptive nature of the AVT for tracking a curved path without ‘corner
cutting’ are illustrated.

It is assumed that the position of the obstacle is know apriori at all time instants.
The desired path is specified as a concatenation of two straight lines (zero curvature)
of 1.5 [m] and a circular arc (constant curvature) of radius 1.5 [m] in between.
The trajectory planning algorithm is implemented as a constrained MPC problem
in MATLAB using the Multi-Parametric Toolbox (MPT3.0) [47] and applied to the
scenario with design parameters provided in Table 4.1.

Table 4.1: Design Parameters - Experimental Results

Interventional Environment

E 4×4 [m] R 1.075×0.5 [m2]

O1 0.20×0.20 [m2] Osafe
1 0.80×0.80 [m2]

MPC-based Trajectory Planner

Ts 0.25 [s] xmin = 0 [m] xmax = 4 [m]

Dp 5 [s] ymin = 0 [m] ymax = 4 [m]

N 20 θmin = −π/2 [rad] θmax = π/2 [rad]

P I6 vxmin
= −0.15 [m/s] vxmax

= 0.15 [m/s]

Q I3 vymin
= −0.15 [m/s] vymax

= 0.15 [m/s]

R I3 ωmin = −0.2 [rad/s] ωmax = 0.2 [rad/s]

x0 [0.5 0.5 π
2 0 0 0]ᵀ axmin

= −0.1 [m/s2] axmax
= 0.1 [m/s2]

xf [3 3.5 − π
2 0 0 0]ᵀ aymin

= −0.1 [m/s2] aymax
= 0.1 [m/s2]

ξ 1 [m] αmin = −0.14 [rad/s2] αmax = 0.14 [rad/s2]

Adaptive Virtual Target

Vd 0.20 [m/s] β 0.70 [-]
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Figure 4.4: Deadlock scenario due to an obstacle blocking a waypoint: Starting configuration (x0) - Blue
Circle | Final configuration (xf) - Green Circle | Desired Path (P) - Yellow | Waypoints - Red Circles |
Obstacle (O1) - White Square | Robot trajectory - Blue.

A. Deadlock Example

To provide a baseline for comparison, consider the example in Fig. 4.4 where the de-
sired path (yellow) is segmented into three waypoints (red circles) which the robot
must track to follow the desired path (robot geometry is omitted for clarity). The
obstacle O1 (white square) is placed such that it completely envelopes the second
waypoint. Using the MPC-based planner in (4.13), a trajectory is generated from
start (blue circle) towards the goal (green circle). The generated trajectory (blue)
tracks the first waypoint, however it is constrained to avoid the obstacle while trying
to reach the second waypoint. This creates a deadlock situation rendering the robot
stationary around the waypoint without ever reaching it. Figure 4.4 also depicts the
longitudinal (x) and lateral (y) coordinates which remain unchanged after t = 40
[s], thus resulting in a stationary robot for infinite time.

B. Deadlock Prevention - AVT Approach

Trajectory planning based on the proposed ATV approach is compared to the baseline
example described above. Consider the scenario in Fig. 4.5, where R needs to move
from its starting configuration x0 (blue circle) to its final configuration xf (green
circle) along the desired path (yellow). Note that the path is not segmented by way-
points as in the previous example. It is defined as a smooth, continuous curve P as in
(4.8). The static obstacle O1 (purple) intersects the path of R. Figure 4.5a presents
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Figure 4.5: Collision-free trajectory planning with deadlock prevention: Robot (R) - White Rectangle
| Heading Direction R - Red Arrow | Static Obstacle (O1) - Purple Square | Obstacle Enlargement
(Osafe

1 ) - Black Dash-dot | Vitrual Target - Blue Triangle | Starting configuration (x0) - Blue Circle | Final
configuration (xf) - Green Circle | Desired Path (P) - Yellow. Black and Gray curves represent results with
constant and adaptive velocity for the virtual target, respectively.

the MPC-based collision-free trajectory (black curve) generated using a constant ve-
locity virtual target, i.e., η = 0 in (4.10). In Figure 4.5b, the resultant trajectory
(grey curve) is based on a virtual target with adaptive velocity (η > 0). For both
cases a collision-free trajectory is successfully planned from initial to final configura-
tion, illustrating the prevention of a deadlock as compared to the baseline example.
Time stamps of the virtual target (blue triangle)c at t ∈ {6.25, 11.25,14.5,20.25}
[s] in both cases show that the AVT moves along P(s) irrespective of O1, thereby

cThe virtual target is a point. The triangular shape is for illustration only.
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ensuring an obstacle-free reference point for the MPC-planner to track.

1) AVT Tracking

To further analyse the behaviour of R in tracking the AVT, consider the lateral (ex)
and longitudinal (ey) error coordinates depicted in Fig. 4.5c. The trajectory based
on adaptive velocity is able to track the virtual target better (lower tracking error
in Fig. 4.5d) and deviates less from the desired path. This is a result of the AVT
slowing down (t = 11[s] in Fig. 4.5e) when R moves away from the desired path
to avoid O1. This is also clear from the timestamps of the virtual target which are
closer for adaptive V as compared to constant V for the same time instant.

Another observation from Fig. 4.5e is the initial decrease in AVT velocity (t = 0 to
3 [s]). While the model (4.9) allows instantaneous acceleration of the AVT to reach
desired velocity Vd, the MPC trajectory is generated considering the robot model
and physical constraints. Since R cannot accelerate instantaneously, it lags behind
the AVT as observed in the initial longitudinal error (Fig. 4.5d). Consequently, the
AVT has to slow down as γ increases. At first glance, reducing Vd seems like the log-
ical solution, however similar behaviour is observed for values of Vd ∈ {0.15,0.17}
[m/s]d. The root cause is the inherent limitation of R to accelerate instantaneously,
which is also the case in practical applications. Although this does not impact accu-
rate path tracking in the present example, a path which curves immediately after the
initial position could result in path tracking inaccuracy. Developing an alternative
solution deserves further investigation of the AVT parameters.

2) Obstacle Avoidance & Point Stabilization

The robot geometry, i.e., polyhedron R is provided in Fig. 4.6a for different time
instants to illustrate the obstacle avoidance and point stabilization behaviour. The
robot trajectory (gray) is planned along the edge of the obstacle safe zone (black
dashed) and it is seen that due to obstacle enlargement the robot geometry does
not intersect with O1 (purple). Further along the planned trajectory, after R has
crossed the threshold distance ξ, it successfully converges to the goal configuration.
The state evolution of the robot (Fig. 4.6b) indicates that R is stationary at the final
position (vx , vy ,ω = 0) and is at the desired orientation (θ = −π/2).

C. Corner Cutting Avoidance

The scenario in Fig. 4.7 presents the additional advantage of the ATV approach to
avoid corner cutting behaviour when tracking a curved path. The elements from
the previous scenario are carried over except the existence of O1, i.e., obstacle-free
motion is considered.

dA value of Vd < 0.15 [m/s] is inefficient since it limits the ability of R to operate at its maximum
velocity (0.15 [m/s]).
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Figure 4.7: Trajectory planning with corner cutting avoidance. (Black and Gray curves represent results
with constant and adaptive velocity for the virtual target, respectively).



4

98 Chapter 4. Trajectory Planning with Deadlock Prevention

The virtual target is initially simulated to evolve along the desired path (yellow)
at a constant velocity. The resulting trajectory planned by the MPC-based planner in
depicted in Fig. 4.7a (black curve). Although the trajectory is planned successfully
from start to goal configuration, corner cutting behaviour is observed. This is a
consequence of the virtual target being too far ahead of the robot, resulting in a robot
trajectory that deviates from the desired path to track the virtual target. This is also
reflected in the path tracking error observed in Fig. 4.7b (black). On the contrary,
when the AVT is assigned an adaptive velocity according to (4.10), the MPC-based
trajectory (gray) tracks the desired path with less deviation (lower tracking error in
Fig. 4.7b). Figure 4.7c shows that the virtual target slows down for R to catch up
when the distance between them increases. The adaptive velocity approach allows
improved convergence to the desired path.

4.6 Conclusions

This chapter presented an approach to prevent deadlock situations during collision-
free trajectory planning for autonomous robots. While tracking a desired path de-
fined by waypoints, the existence of an obstacle on a waypoint creates the contra-
dictory objectives of reaching that waypoint while also avoiding the obstacle. This
results in a deadlock and is detrimental to the completeness of the trajectory planner.
To solve this, a waypoint independent approach in the form of an Adaptive Virtual
Target (AVT) is proposed. The AVT moves towards the goal along the desired path
irrespective of surrounding obstacles and essentially yields an obstacle-free refer-
ence for the robot to track. Additionally, a velocity function adapts the speed of the
VTV relative to its distance from the actual robot. Generating collision-free trajec-
tories using the AVT as reference is done using a Model Predictive Control (MPC)
framework.

Simulation results using a healthcare robot as an example demonstrate the ef-
fectiveness of the proposed approach. Results show successful guidance of the robot
from start to goal while preventing a deadlock with an obstacle when compared to a
baseline example based on waypoints. Since the AVT moves forward irrespective of
the obstacle, it eliminates the contradictory nature of obstacle-occupied waypoints.
Collision avoidance itself is catered for by positional constraints on the robot in the
MPC formulation. A key aspect observed during obstacle avoidance is the adap-
tive nature of the AVT. During the obstacle avoidance manoeuvre, it slows down for
the robot to catch up thus minimizing the robot’s deviation from the path. This is
significant in case of environments with large obstacles where the robot has to de-
viate far away from its path during obstacle avoidance. Results are also presented
to illustrate an additional benefit of the adaptiveness which prevents the ‘corner
cutting’ behaviour of the robot while tracking a curved path. This is advantageous
for leader-follower applications like cooperative driving or drone formation where
deviation from the desired path is not tolerated.
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Chapter 5
Clinical Workflow Optimization for
Rotational Angiography: An RGB-D

Camera-based Approach

Abstract
High-speed Rotational Angiography scans are prone to potential collisions between the C-arm
X-ray system and the patient. A key factor during rotational angiography clinical workflow is
thus the initial patient positioning to ensure a collision-free scan. The current practice for this
involves multiple manual iterations of a low-speed safety-run prior to the actual scan. Several
iterations are often required before a scan is collision-free leading to a suboptimal clinical
workflow. This work proposes a RGB-D camera based safety system which automates the
patient positioning process. The camera determines collisions between the C-arm and patient
and a re-positioning algorithm determines the movement of the patient table required to
ensure a collisoin-free scan. A unique feature of the solution is the ability to warn clinical staff
when a collision-free scan is not possible. The efficacy of the proposed system is illustrated
experimentally for two major RA scan types.

5.1 Introduction

CORONARY artery disease (CAD), which affects the heart and blood vessels, is one
of the leading causes of mortality worldwide [1]. The diagnosis and treatment of

CAD has thus greatly improved over the last decade and presently the gold standard
to treat CAD is minimally invasive (catheter-based) surgery [2]. To aid catheter
guidance during these surgeries, C-arm based X-ray imaging systems are used to
obtain three-dimensional (3D) images of the patient’s anatomy. This is done by
executing a Rotational Angiography (RA) scan during which the C-arm is rotated
around the patient at high speeds to obtain multiple two-dimensional (2D) images
which are then merged to obtain a 3D reconstruction [3].

To successfully treat the growing number of CAD patients, optimizing clinical
workflow is imperative as it prevents delays in patient treatment. While the high-
speed RA scans have led to negligible X-ray image acquisition time, pre-imaging
clinical workflow is often hampered by the initial patient positioning setup which is
a time consuming process [4]. A major contributor to high setup times is (re-)po-
sitioning of the patient for a collision-free RA scan. This is done to ensure that the
C-arm detector does not collide with the patient’s shoulder during the high-speed
rotational movement (rotation speeds 40 to 60 ◦/s) of the C-arm. Such collisions

This chapter is based on:
K. İncetan, R. Mohan, H. Stoutjesdijk, N. Fernandes and B. De Jager, “RGB-D Camera-based Clinical Workflow Opti-
mization for Rotational Angiography”, IEEE Sensors Journal, volume 20, number 15, pages 8867 - 8874, 2020.
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pose a challenge for patient safety and potentially lead to suspension of the surgery
[5].

The current practice to determine collision-free RA scans is to execute an apri-
ori safety-run during which the C-arm is slowly moved through the RA trajectory to
rule out collision during the actual high-speed scan [6]. If a collision is detected, the
C-arm stops, the patient table is re-positioned and the safety-run is executed again.
This procedure often takes several iterations before a RA scan is collision-free and
primary responsibility for this lies on the clinical staff [7]. Further, a collision might
be unavoidable (due to the patient’s size and/or treatment position) and this can be
concluded only after executing a few iterations of the safety-run. In its present state,
the safety-run leads to (i) additional burden on medical personnel and (ii) subop-
timal clinical workflow which prolongs patient treatment time [8]. Motivated by
these limitations, this chapter presents a RGB-D camera based safety system which
automates the patient positioning process.

1) Related Work

Over the past few years, RGB-D cameras which combine depth information (D) with
a standard colour image (RGB) to obtain 3D data, have increased in popularity while
becoming more affordable. Compared to conventional colour cameras which per-
ceive the world in 2D, RGB-D cameras allow capturing the 3D nature of the physical
world. RGB-D cameras have found a wide variety of applications like Self Localiza-
tion and Mapping (SLAM), moving object segmentation, motion capture, collision
avoidance and object classification in various fields such as augmented reality, gam-
ing, robotics and automated driving [9–11]. The healthcare industry also makes use
of RGB-D cameras for various applications like people detection, workflow monitor-
ing, reducing X-ray exposure and patient visualization [12].

Despite their widespread use, research work on RGB-D cameras for collision de-
tection and automated patient or C-arm (re-)positioning to improve workflow dur-
ing CAD treatment is fairly limited. Preliminary attempts at multi-camera collision
detection during these procedures were made in [13, 14]. Although collision de-
tection is automated in both approaches, they lack a collision avoidance strategy.
Utilizing them during RA does not eliminate the manual patient re-positioning pro-
cess. More recently, [15] and [16] present RGB-D camera based automated patient
positioning. This is proposed for computed tomography (CT) scanners and the re-
sults prove camera based patient positioning to be more accurate as compared to
manual positioning. However, the work is aimed at CT scanners which do not pose a
collision threat to the patient during a scan. Moreover, the re-positioning algorithm
is restricted to computing table height instead of a horizontal table motion to pre-
vent collisions as required for RA scans. Efforts directed towards (re-)positioning of
the C-arm (or treatment table) using a single RGB-D camera include [17] and [18].
To elaborate, in [17] a C-arm mounted camera captures markers on the patient’s
skin and computes accurate C-arm (re-)positioning to aid speeding up surgical pro-
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cedures. However, due to each patient being physiologically relatively unique, the
markers have to be manually placed each time a scan has to be performed. This
neither aids in speeding up the patient set-up process nor eases the burden on clin-
ical staff. In [18], a RGB-D camera based marker-less system is proposed which
provides a target location that can be used for either positioning the treatment table
or the C-arm itself. While the solution can provide a collision-free position of the
C-arm relative to the patient, it lacks the ability to warn the physicians if collision
avoidance is not possible. Instead of suspending the RA scan straight-away, it might
take several (automatic) re-positioning iterations before addressing the situation.

In summary, existing literature is limited to addressing only a part of the work-
flow optimization problem for rotational angiography scans. A complete solution
requires a combination of the above approaches or a separate framework which
addresses the problem as a whole.

2) Proposed Approach

The tedious nature of the safety-run and the shortcomings discussed above provide
the main motivation behind the approach developed in this chapter. The main con-
tribution is:
Optimizing the clinical workflow for Rotational Angiography scans by automating the
safety run carried out as a part of the initial treatment planning process.
To this end, a novel RGB-D camera based safety system is designed which has the
following key features:

1. It highlights potential collisions between the C-arm detector and the patient
prior to the actual high-speed RA scan.

2. If a collision is detected, a re-positioning of the treatment table is computed
in order to avoid the detected collision.

3. It provides information on situations when a collision cannot be avoided, pre-
venting multiple (manual) iterations. To the best of the authors’ knowledge
this feature is not available in existing literature.

The C-arm mounted camera acquires a 3D representation of the C-arm detector and
patient in treatment position. The detector is localized in space and the volume
which will be swept by the detector while executing the requested RA scan (single
or dual axis) is constructed based on this localization. This volume is treated as the
collision space and any part of the patient’s body existing in this space will collide
with the detector. Based on the known motion of the C-arm, a collision-free space
or “safe zone” is also identified. Upon detecting a collision, the motion planning
algorithm computes the re-positioning of the patient table required to ensure the
patient is in the safe zone. A unique feature of the proposed approach is the ability
to inform the clinical staff when it is impossible for a scan to be collision-free. To
this end, the detection algorithm computes the possibility of the entire patient to
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be enclosed by the safe zone. If this is infeasible, the system provides a warning
indicating the scan cannot be executed. Experimental validation of the proposed
approach for single and dual-axis RA scans is presented using a commercial C-arm
system.

The rest of this chapter is organized as follows. Section 5.2 provides a description
of the C-arm X-ray system and Rotational Angiography scans. The proposed colli-
sion prediction and table re-positioning methodologies are discussed in Sections 5.3
and 5.4. Section 5.5 provides experimental validation of the proposed approach
and a related discussion is presented in Section 5.6. Section 5.7 is dedicated to
concluding remarks.

5.2 System Description

A. Interventional X-ray System

A C-arm system (Fig. 5.1) typically consists of an X-ray source and a flat-panel detec-
tor which are mechanically connected by a C-shaped beam (C-arm). X-ray radiation
to expose the ROI is generated by the source while the detector captures the result-
ing 2D X-ray image. The C-arm is connected to the sleeve, which is in turn attached
to an L-arm mounted to the ceiling or the floor. The L-arm can rotate around the
vertical z-axis (θz), the C-arm can rotate inside the sleeve about the x-axis (θx),
and the C-arm along with the sleeve can be rotated about the y-axis (θy). All three
rotation axes meet at the ISO-center, restricting the motion of the system to the sur-
face of a sphere. The ROI is aligned with the ISO-center and the C-arm is positioned
to obtain 2D images from multiple viewpoints. The rotational motions θx and θy
are termed as Roll and Propeller scans, respectively. Linear motion can be provided
by table motion (both in X and Y directions) or, for ceiling-mounted systems, linear
tracks on the ceiling.

B. Rotational Angiography (RA) Types

Two major RA techniques are used in practice which are differentiated by the rota-
tional axes of the C-arm used during the respective scans. The RA types, described
briefly hereafter, are discussed and compared in detail in [19].

1) 3D-RA

In this technique, the C-arm uses a single axis of rotation, i.e., a roll scan. The
C-arm rotates around a patient and acquires multiple X-ray images that are then
reconstructed into a 3D image. In order to acquire these images, the C-arm is po-
sitioned at the head end (as shown in Fig. 5.1), such that the region of interest
is placed at the ISO-center. Once ISO-centering is complete, 3D-RA is performed
with a propeller rotation from 55◦ RAO to 55◦ LAO (Fig. 5.2, green trajectory). An
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Figure 5.1: C-arm X-ray imaging system. Blue and Red curves represent the Roll and Propeller scans.

Figure 5.2: C-arm trajectory profiles for different RA types: 3D-RA (green), Extended 3D-RA (blue) and
DARCA (red). CRA - cranial, CAU - caudal, LAO - left anterior oblique, RAO - right anterior oblique [19].
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extended form of 3D-RA also exists (Fig. 5.2, blue trajectory) in which the C-arm
sweeps a larger propeller angle (120◦ LAO to 60◦ RAO).

2) DARCA

Dual axis rotational coronary angiography (DARCA) is a type of RA with combined
roll (θx) and propeller (θy) motion. This is an improved form of 3D-RA as it in-
creases the patient safety by reducing X-ray exposure time and eases the acquisition
by allowing imaging in all desired anatomical views in a single run. The DARCA
trajectory for the C-arm consists of simultaneous CRA-to-CAU and LAO-to-RAO ac-
quisition motions (Fig. 5.2, red trajectory).

5.3 Collision Prediction

A. RGB-D Camera Set-up

Capturing movements of the C-arm in 3D space and the volume occupied by the
patient in treatment position necessitate obtaining 3D information during RA scans.
Further, colour information is required to segment the C-arm detector from sur-
rounding objects. Thus, a static RGB-D camera which directly provides both colour
(RGB) and depth (D) data is used to obtain environment information. For this, a
Microsoft KinectTMv2 cameraa was utilized which has a colour sensor resolution of
1920 × 1080 pixels and a depth sensor with a 512 × 424 pixel resolution. The hor-
izontal and vertical field of view for the camera is 70◦ and 60◦, respectively [20].
The Kinect information is processed as a point cloud using libraries “libfreenect2”
[21] and “Point Cloud Library” [22]. Due to the close proximity of the detector and
patient during RA, most collisions occur when the detector is trying to rotate around
the patient body during C-arm rotation. Consequently, the camera is placed on the
C-arm such that the detector path during RA and patient in treatment position can
be observed (Fig. 5.3).

B. Collision Detection

Estimating collisions requires information about the space occupied by the C-arm
detector while executing RA scans. Any objects detected within this space are at
risk of collision. For this, the detector is first identified in the point cloud by using
colour and shape segmentation algorithms [23] to separate it from the rest of the
objects (Fig. 5.4a).

The detector is assumed to be rigid with a body-fixed frame at a specific refer-
ence point. As the detector moves during a scan, the trajectory of each point on

aIt should be noted that although this work uses a Microsoft KinectTMv2, the concepts and methodol-
ogy in this chapter can be generalized to any RGB-D sensor.
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(a) KinectTMv2 placement (b) RGB image

Figure 5.3: Camera placement and environment representation.

(a) Detector point cloud (b) Detector front plane (c) Reference point (Pref)

Figure 5.4: Detector identification and reference point generation.

its surface is a linear function of the trajectory described by the body-fixed frame.
Thus, computing this single reference point is sufficient to represent the detector’s
trajectory which is in-turn used to construct the volume swept by the detector. The
reference point Pref is identified by segmenting the front plane of the detector (the
surface closest to the camera) and computing the centre of the bottom edge of this
plane (Figs. 5.4b and 5.4c). Additionally, since the C-arm rotates around the ISO-
centre, its location is determined by using Pref and a manufacturer-specified distance
below the detector bottom edge.

1) 3D-RA

The detector makes a circular motion around the ISO-centre during 3DRA, sweeping
a hollow cylindrical volume T centred at the ISO-centre with inner radius rISO, outer
radius rISO + h and depth l (Figs. 5.5a and 5.5b). Here, rISO is the normal distance
from ISO-centre to the reference point, h and l are the height and depth of the
detector, respectively (Fig. 5.4a). The space bounded by the inner surface of T is
thus collision-free. For increased safety, an additional margin rsf is introduced and
the “safe zone” is represented by a cylindrical volume S centred at the ISO-center
with depth l and radius rS = rISO − rsf (Fig. 5.5a).

Collision Check

Determining collisions involves checking the occupancy of T . To reduce computa-
tional demands, only the inner and outer surfaces of T are considered and dis-
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(a) Front view (b) Side view

(c) Discretized volume T

din

dout

P3

P2 P1

dP1

(d) Collision check schematic

Figure 5.5: Representation of 3DRA trajectory volume T (blue), safe zone S (green), safety margin rISO
(dark green) and the ISO-centre (orange).

cretized by uniform gridding (Fig. 5.5c). The environment is represented by a
point cloud PN with N ∈ N ≥ 1 points. Each point Pi ∈ PN , i ∈ {1, . . . , N} is a
point in Cartesian coordinates (x , y, z). Consider the example in Fig. 5.5d where
PN = [P1, P2, P3]. A point Pi is a collision point if

∃din ∈Din, dout ∈Dout such that din ≤ dPi
≤ dout (5.1)

where Din and Dout are sets containing the euclidean distance from the ISO-center
of grid points on the inner and outer surface and dPi

is the euclidean distance of Pi
from the ISO-centre. In Fig. 5.5d, P1 satisfies the condition (1) and is marked as a
collision point (red). The set of all collision points is Pcoll.

2) DARCA

During DARCA, the C-arm follows a pathway described by a combination of roll (θx)
and propeller (θy) angles instead of rotation around a single axis. For a particular
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DARCA scan, motion is described by a set, OM , of M orientations with each orien-
tation Oj ∈ OM , j ∈ {1, · · · , M} containing θx, θy values. DACRA trajectory for Pref
is obtained as:

∀Oj ∈OM , P̂ j
ref = Rx(θx)R y(θy)Pref

QM =
M
⋃

j=1

P̂ j
ref

(5.2)

where Rx and R y are the appropriate elemental rotation matrices to rotate Pref

around the ISO-center, P̂ j
ref are the new coordinates for Pref for orientation Oj and

QM is the complete trajectory of the detector. Figures 5.6a and 5.6b present QM
(blue) with start (yellow) and end (purple) positions for 2 commonly used DARCA
scans. In this case, the volume swept by the detector cannot be represented by a
simple cylinder but by a more irregular, complex manifold. First, the bottom surface
of the detector (B j) is constructed for each point P̂ j

ref using the width (w) and depth
(l) and is further discretized into a set of R points (Figs. 5.6c and 5.6d). Next, the

collision manifold TDA =
M
⋃

j=1
B j is constructed as a set of M × R points (Figs. 5.6e

and 5.6f). Further, for increased safety, a spherical neighbourhood of radius rsf is
constructed around each point in TDA. The “safe zone” (SDA) for the patient is the
space bounded by the expanded manifold surface and extending in the direction of
the ISO-center (Figs. 5.6g and 5.6h).

Collision Check

A point Pi in the environment point cloud PN is a collision point if Pi ∈ TDA. This
condition is checked using a k-d tree search algorithm [24]. The set of all such points
is Pcoll.

5.4 Collision Avoidance

To avoid predicted collisions, an algorithm is developed to move the patient table,
in vertical and horizontal direction, such that the RA scan is collision free.

A. 3D-RA

Partially based on [8], motion for the table is planned such that Pcoll is moved into
S to ensure that the patient is in the safe zone. The planned motion should be
minimal since the table is initially positioned after ISO-centering by the physician
[2]. A large movement will result in the region of interest being placed away from
the ISO-centre. To plan a table movement such that Pcoll ∈ S , the collision point
Pmax

coll which is furthest away (in direction of possible table movements) from the ISO-
center is found. The table movements Mx and My in X- and Y-direction respectively
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 5.6: Step-wise illustration for constructing DARCA safety zones for Scan 1 (L) and Scan 2 (R).
(a) & (b) Reference Point Trajectory QM (blue) | (c) & (d) Bottom surface of detector B j for start
(yellow) and end (purple) orientation | (e) & (f) DACRA Collision Manifold TDA (blue) | (g) & (h)
Safety Neighbourhoods (spheres) and Safe Zone SDA (green hatched).
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dA
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P2 P1

P4

dC

φ
P5

Figure 5.7: Illustration of motion planning dis-
tances for 3DRA where Pcoll = [P1 P2 P3 P4],
Pmax

coll = P4.

Figure 5.8: Illustrative scenario for unavoid-
able collisions. Grey planes represent bottom
surface of the detector.

are generated as
Mx = − cos(φ) · (dC − dA)
My = − sin(φ) · (dC − dA)

(5.3)

where dC is the distance of Pmax
coll from the ISO-centre, dA is the distance of S to the

ISO-centre along the direction of dC and φ is the angle between the horizontal axis
and the line defined by Pmax

coll and ISO-centre (Fig. 5.7).

1) Unavoidable Collisions

It should be noted, since S is an enclosed region, avoiding collisions might be im-
possible if the volume occupied by patient due to size and pose does not fit inside
S . Consider the example in Fig. 5.8 in which a mannequin is placed with both
arms open. Suppose a collision is predicted with the right arm of the mannequin
and an appropriate table movement is computed with respect to the predicted col-
lision. After the movement is applied, the collision detection algorithm still marks
T as occupied due to collision with the left arm. It can be observed that T be-
ing unoccupied will never be satisfied and the algorithm will iterate indefinitely to
compute table movements. Therefore, before planning a motion, it is required to
check if the patient fits inside S . To this end, let Pα be the set of points such that
Pα ⊂ (PN ∩ T + S). The smallest possible circle with diameter denc which encloses
all points in Pα is generated and avoiding a collision is not possible for the condition
denc ≥ 2 · rS .

2) Motion Planning

If denc < 2 · rS , motion planning is applied iteratively once a collision is detected.
For 3D-RA, dA = rS since S is defined by a cylindrical volume of radius rS . The
proposed movement (Mx , My) is computed and the environment point cloud PN
is moved accordingly. The collision check is then applied to this translated point
cloud with the process being repeated till T is unoccupied (collision-free) and the
algorithm returns the final movement and direction as the summation of Mx and
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My of each iteration. The need for multiple iterations arises due to the bounds
of T . Suppose all points in Fig. 5.7 belong to the same object. Since P5 initially
lies outside the bounds of T , it is not detected as a collision point. However, after
motion planning when the point cloud is shifted, P5 will enter T . If another iteration
of collision check and subsequent table movement is not performed, the object (P5)
will collide with the detector.

B. DARCA

Akin to 3DRA, the motion planning algorithm for DARCA seeks the minimum table
movement required such that a collision can be avoided. This translates into moving
Pcoll into the safe zone. The collision point Pmax

coll which is furthest away (in direction
of possible table movements) from the ISO-centre is found. Using (5.3), dC is the
distance of Pmax

coll from the ISO-centre and dA is the distance of the point in TDA which
is closest to the ISO-centre (along the direction of dC).

5.5 Experimental Validation and Results

The proposed safety system is experimentally validated against the present state-of-
the-art which is a capacitance-based collision prevention system embedded in the
C-arm detector (called “Bodyguard” or BG). When an object is detected within 20
[mm] from the detector, the C-arm is automatically stopped. To ensure a realis-
tic comparison to hospital-like scenarios, a life-size mannequin lying on the table
represents the patient. It is positioned such that the detector collides with it while
executing a scan. For either 3DRA or DARCA, the C-arm is moved from its starting
position (θy = 0◦) at a low speed with the capacitance sensor active. The BG de-
tects a collision and the C-arm is prevented from moving further. With the BG now
disabled, the Kinect-based system is enabled and a collision prediction is expected
without the need for rotating the C-arm. If a collision is predicted, the method
in (5.3) should provide the appropriate table movement. Results for 3DRA are
presented in Fig. 5.9 in which the collision is detected with the right arm of the
mannequin (Fig. 5.9b). The need for multiple iterations during motion planning is
illustrated in Figs. 5.9c and 5.9d where the motion planner is not able to return a
collision-free solution after Iteration 1. The complete arm of the mannequin is not
predicted as a collision since some part of the arm is outside T and the points that
belong to this part are not considered as Pcoll. Thus, the proposed table movement
is insufficient for complete collision avoidance and Iteration 2 is required.

Further, a scenario for unavoidable collisions is illustrated in Fig. 5.10. A colli-
sion is predicted with the right arm of the mannequin (Fig. 5.10a) and an appro-
priate table movement is computed with respect to the predicted collision. After
the movement is applied, the algorithm still marks T as occupied (Fig. 5.10b). It
is clear that T being unoccupied will never be satisfied and the algorithm is able to
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(a) RGB image (b) Detected Collision

(c) Iteration 1 (d) Iteration 2

Figure 5.9: 3DRA collision scenario: Inner surface T (blue), Pcoll (red).

(a) Detected Collision (b) Iteration 1

Figure 5.10: Unavoidable collision for 3DRA.

confirm this using the methodology in Sec. 5.4-A.1).
Results for DARCA (Scan 1 in Fig. 5.6a) are presented in Fig. 5.11 where the de-

tector collides with the mannequin’s chest (Fig. 5.11b). Successful collision avoid-
ance after computing table movements is presented in Fig. 5.11c.
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(a) RGB Image (b) Detected Collision (c) Collision Avoided after Table
Movement

Figure 5.11: DARCA collision scenario: TDA (blue), Pcoll (red).

Robustness - Collision Prediction

To test the reliability of collision prediction, 60 iterations of a 3DRA collision test
are carried out. Two different C-arm systems, X1 and X2, are used and experiments
for X1 are performed with two different background conditions (B1 - light and B2 -
dark). Using different C-arm systems aims to address the robustness of the Kinect
and algorithm to locate the detector and compute the reference point Pref. The
two different backgrounds provide insight on the effect of changing lighting condi-
tions on environment representation. Collision checks are performed between the
detector and patient table instead of the mannequin (Fig. 5.12). This ensures re-
peatability of experiments as the position of the table cannot be changed without
entering new coordinates for the table controllers. On the other hand, a mannequin
is at risk of being shifted between experiments which is detrimental to repeatability
and reliability.

The two C-arm systems with different backgrounds generate three testing sce-
narios (X1B1, X1B2, X2B2). For each scenario, the results of the 60 collision tests are
listed in Table 5.1. Since the BG is current state-of-the-art, it does not fail to detect
a collision. Thus, a collision test is marked “True Positive” when the Kinect-based
system detects the same collision that is detected by the BG. The proposed Kinect-
based system detects all except 3 collisions in comparison to the BG. A detailed
explanation of the reasons for this are discussed in the next section.

5.6 Discussion

It is observed that there exist collision detection discrepancies in 3 cases for the third
scenario (X2B2). Collision checking is a deterministic process, i.e., either points ex-
ist inside the trajectory volume, T , or they don’t. Further, construction of T is also
unambiguous as it is based on the detector dimensions and the location of the ref-
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(a) X1, B1 (b) X1, B2 (c) X2, B2

Figure 5.12: Scenarios for testing robustness of collision detection.

Table 5.1: Results - Collision Detection

Scenario Collision Tests True Positives

X1, B1 (Fig. 5.12a) 60 60

X1, B2 (Fig. 5.12b) 60 60

X2, B2 (Fig. 5.12c) 60 57

erence point Pref. The only variable that is present during a collision check is the
Pref location. Thus, any collision prediction inaccuracies are attributed to the inac-
curacy in computing the coordinates of Pref. An inaccurate Pref location leads to a
mismatch between the actual and virtual ISO-centre which in-turn effects the com-
putation of the actual detector trajectory during the scan. Accuracy is affected by
several factors. First, the point cloud representation for the detector is incomplete
and contains a hole of missing point clouds as depicted in Fig. 5.13a. This results
from the detector being close to the Kinect’s minimum range (0.5 [m]). Since the
bottom edge of the detector is represented only partially, computing Pref is inaccu-
rate. This issue is addressed by covering the long-range emitter of the Kinect which
yielded a more clear representation of the detector (Fig. 5.13b) and a more accurate
Pref computation. However, inaccuracies might still effect Pref location as depth val-
ues close to the Kinect’s minimum range are proven to be unreliable [25]. Second,

(a) Original (b) Covering long-range emitter

Figure 5.13: Point cloud representation at close distances.
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the background colour of the scene also has profound impact on the accuracy of
the Kinect [26]. Darker surfaces have up to 4 times more standard deviation of the
depth values than brighter surfaces. The darker background (B2) in this case creates
more artefacts in the point cloud (5.14a) due to which the accuracy of the reference
point is affected. Although the point cloud is filtered by averaging (Fig. 5.14b) and
outlier removal [27] (Fig. 5.14c), artefacts around the detector representation are
not completely eradicated. This may lead to further Pref location uncertainty.

(a) Original (b) Averaging (c) Outlier Removal

Figure 5.14: Point cloud filtering procedure.

Finally, the simplified model of the detector after plane and colour segmentation
also results in inaccuracies of the reference point coordinates. The detector has
rounded edges on the sides (Fig. 5.4), however the plane segmentation computes
the reference point based on a rectangular plane with sharp corners, giving rise to
possible inaccuracies.

Inaccuracies in collision prediction primarily result from depth camera noise.
However, this does not greatly effect the overall potential of the proposed approach
since a different sensor or better noise filtering algorithms can mitigate this.

To provide an indication of the execution time, consider Fig. 5.9 as an example.
Once the mannequin is on the table, total execution time including data acquisition
and computing appropriate table movements was approximately 20 seconds.

5.7 Conclusions

This chapter presents a safety system for Rotational Angiography (RA) scans which
automates the manual and time consuming safety run executed to ensure a collision-
free RA scan. With the proposed RGB-D camera based collision prediction and avoid-
ance system, the entire process of the safety-run can be concluded automatically in
a single process. Moreover, in case a collision is unavoidable, the proposed system
provides this knowledge to the physician, eliminating multiple manual trials. Ex-
perimental results indicate the efficacy of the approach in successfully detecting col-
lisions and providing appropriate patient table movements to avoid these collisions.
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When compared to current state-of-the-art, the collision prediction was accurate in
all but 1.6% of the 180 test cases. Although presently a limitation since health-
care demands a 100% success rate, the conceptual and practical advantages of the
proposed approach still hold.

Further, it is possible to keep the medical staff in the loop by only proposing
appropriate table movements instead of executing them. This provides flexibility
to the approach and it can be used as tool for decision-support. In summary, the
approach is presented as a first proof-of-concept to eliminate the safety-run, thereby
optimizing treatment planning and reducing the burden on medical workforce.
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Chapter 6
Concluding Remarks

Abstract
This chapter summarizes the main conclusions drawn from the results obtained in this disser-
tation. It provides the extent to which the objectives in Chapter 1 were addressed and sheds
light on certain limitations which open the door for future research.

6.1 Summary

STEMMING from the benefits offered by autonomous robots combined with a de-
sire to enhance the capabilities of interventional healthcare systems, the general

objective of this dissertation was to explore the potential of autonomy for C-arm
systems in order to optimize clinical workflow and assist medical staff during inter-
ventional imaging procedures. Such autonomous systems would prove valuable in
helping improve life expectancy, catering to larger number of patients and reducing
burden on the clinical workforce.

In particular, the concepts developed in the preceding chapters were aimed at
the design and analysis of a collision avoidance framework for C-arm systems which
allowed automating the image acquisition workflow (grey block) in Fig. 6.1. The
general research objective and the workflow tasks gave rise to three research direc-
tions which form the core of the developed framework.

Initiate

Procedure

Execute

RA Scan

Terminate

Procedure

Navigate to

Patient Bed

Execute

Safety-Run

Navigate to

Stand-by

Position

Await

Instructions

1 2

3

4 5

Figure 6.1: Illustration of the image acquisition workflow. The grey block represents the tasks addressed
by the general research objective of this dissertation.

In what follows, a discussion on the conclusions of this dissertation is provided along
with the recommendations derived from the obtained results.
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6.2 Conclusions - Tip of the Iceberg

Sensor Planning in Dynamic Robotic Environments

To construct a base for the collision avoidance framework, the intention was to
develop a methodology to determine sensor network configurations for efficient
collision detection. The key challenge was to account for the uncertainty associ-
ated with random occlusions that hinder workspace detection in dynamic environ-
ments. To this end, a minimax optimization approach was formulated which guards
against worst-case occlusion scenarios. Compared to traditional frameworks based
on probability of occlusion, Chapter 2 highlighted the advantages of the proposed
non-probabilistic (robust) method with respect to planning sensor network config-
urations for occlusion handling.

First, being independent of unreliability and/or unavailability of probability dis-
tribution functions, the minimax formulation allows guarantees on workspace vis-
ibility in critical applications like collision detection. Under the condition that all
possible sensor configurations suffer from maximum occlusion of the workspace,
the minimax solution guarantees highest workspace visibility compared to other
configurations. Further, regardless of occluder location, a certain workspace visi-
bility is always guaranteed for the optimal configuration since the worst-case was
accounted for.

Another takeaway from the results is the insight gained on the impact of worst-
case occlusion scenarios. In some cases, the workspace which is invisible to the
sensors in a worst-case might not be critical for collision detection and as such can
be disregarded, e.g., Fig. 2.10. Conversely, some worst-case scenarios necessitate
the need for more sensors or a redesign of configuration constraints since critical
parts of the workspace might be occluded, e.g., Fig. 2.11.

While it can be concluded that the objective was successfully addressed, there
exist a couple of caveats to this assessment. Minimax approaches often find them-
selves the subject of criticism due to their conservativeness and high computational
demands. However, conservatism is not a limitation (and maybe even a necessity)
for collision detection as it is far more important to consider the worst-case scenario
such that a collision does not go undetected. As far as computational inefficiency is
concerned, that is the subject of future research and is briefly discussed later in this
chapter.

Context Aware Trajectory Planning for Autonomous Robots

With the goal of enabling C-arm systems with autonomous navigation capabilities,
the next objective was designing a context aware trajectory planning framework.
Keeping in mind the challenges posed by the dual requirement of collision-free and
socially acceptable motion, a hierarchical (and modular) framework was developed
in Chapter 3.
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The hierarchial setting allows an architecture which integrates a high-level deci-
sion making module and a low-level trajectory planning module. Context-awareness
is enabled in the top layer where situation dependent modes and decisions to tran-
sition between them are formulated as a hybrid automaton. Decisions include path
tracking; ‘giving way’ to priority obstacles; and point stabilization at goal position.
The main advantage automata provide is the ease with which more situation depen-
dent decisions and the interaction among them can be added without modifying the
entire framework.

To facilitate navigation, a Model Predictive Controller (MPC)-based planner was
utilized to generate collision-free trajectories which steer the C-arm along a desired
path. Experimental results demonstrate the successful autonomous navigation of
the C-arm along pre-defined waypoints while executing real-time collision avoid-
ance manoeuvres to avoid static and moving obstacles. Further, the C-arm is able to
wait for priority obstacles to pass through, making its autonomous behaviour more
intuitive and acceptable to humans. An important observation was the effect of MPC
design parameters on the generated trajectories. Values of prediction horizon and
sampling time when chosen wisely can have a significant influence on the desired
autonomous behaviour.

Hybrid

Automaton

MPC

Waypoints

(a) Chapter 3

Hybrid

Automaton

MPC

Adaptive

Virtual Target

(b) Chapter 4

Figure 6.2: Schematic illustrating the modularity of the trajectory planning framework. Red - Decision
Making | Green - Trajectory Planner | Blue - Guidance Strategy.

Modularity of the developed framework allows different methods to formulate
decision making, trajectory planning and robot guidance (Fig. 6.2). It should be
noted that although advantageous, hybrid automata, MPC and waypoint tracking
are only one of the possible alternatives for decision making, trajectory planning and
robot guidance, respectively. There exist methods which may achieve similar re-
sults or are more suitable for the application at hand. This modularity was ex-
ploited in Chapter 4 which discusses an alternative guidance strategy. To this end, an
Adaptive Virtual Target (AVT) was developed to prevent potential deadlocks which
hamper waypoint tracking approaches in the presence of obstacles. The AVT moves
towards the goal along the desired path irrespective of surrounding obstacles and
essentially yields an obstacle-free moving waypoint for the robot to track. Apart
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from the successful prevention of deadlocks, simulation results illustrated better
path tracking and prevention of ‘corner cutting’ behaviour facilitated by the adap-
tive nature of the AVT.

To conclude, the objective of (i) autonomous; (ii) safe; and (iii) intuitive naviga-
tion of C-arm systems was successfully addressed subject to the assumptions detailed
in Chapters 3 and 4. Undoubtedly, developing features to remove these assumptions
opens the path to complete autonomy. Considering the methods to automate C-arm
navigation are non-existent (at the time of writing), the concepts in this dissertation
provide a useful starting point.

Workflow Optimization for Medical Imaging Procedures

Given the C-arm can autonomously navigate to the patient bed prior to imaging
procedures, the final objective was to automate a part of the treatment planning
process for the imaging procedure itself. For this, Chapter 5 presented an RGB-
D camera-based safety system which automates the manual and time consuming
safety run executed prior to RA scans. Based on the suggestion in Chapter 2, a C-
arm mounted camera is used to predict collision between the C-arm detector and the
patient. Further, appropriate patient table movements to avoid these collisions are
computed by a motion planning algorithm. A distinctive feature compared to exist-
ing approaches, is the system’s ability to predict unavoidable collisions, preventing
multiple (manual) iterations.

Experimental results for 3DRA and DARCA scan types illustrated successful col-
lision prediction and avoidance with the developed system. The entire process of
the safety-run was concluded automatically in a single iteration with a negligible
runtime of approximately 20 seconds.

An important aspect of the approach is the flexibility it provides as a decision-
support tool rather than the ultimate solution. It is possible to keep the medical staff
in the loop by only proposing appropriate table movements instead of executing
them. In healthcare applications this flexibility satisfies the requirement that final
decisions should rest with the user (clinical staff).

Given the valuable nature of the results, one can conclude that the final objective
was successfully tackled. Similar to the previous two research objectives this comes
with a reservation. Testing the robustness of collision prediction was hampered by
inaccuracies originating from camera noise. This resulted in 1.6% of 180 collisions
remaining undetected. Improvements to mitigate (ideally eliminate) this are dis-
cussed as part of future research. Regardless of the above limitation, the conceptual
and practical advantage of the proposed approach still holds and it is presented as
a first proof-of-concept to eliminate the safety-run.

Generalization of the Results

Throughout this dissertation, the developed concepts and associated results are pro-
vided in the context of C-arm systems operating in the interventional room. Al-
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though the context was application-specific, the tools developed can be transferred
and extended to other domains. In particular, the minimax sensor planning ap-
proach is generally extendible to applications hindered by dynamic occlusions dur-
ing target workspace detection. These include (but are not limited to) localization in
indoor environments, visual surveillance, human motion capture and visual tagging.
Further, the trajectory planning framework is well suited for applications with a cer-
tain structure, i.e., a pre-defined set of application-specific movements and decisions
to be made. Prime candidate applications are manoeuvre generation for self-driving
vehicles, robots in warehouses and manufacturing units and autonomous marine ve-
hicles transporting cargo between specified ports. Finally, the virtual target concept
has enormous potential in (cooperative) path following for (multi-agent) robotic
systems while the safety system developed in Chapter 5 can lend itself to patient
safety during Radiotherapy and Computed Tomography treatments.

6.3 Future Research - Uncovering the Iceberg

Achieving the goal of compete autonomy for C-arm X-ray systems (or for any robotic
system for that matter) requires research and development beyond the contents of
this dissertation. In the sequel, a list of recommendations is indicated as a means to
move closer towards this goal. A visual representation is presented in Fig. 6.3

Sensor Planning in Dynamic Robotic Environments

1. Minimax optimization problems are generally known to be computationally
demanding and non-convex. The results in this dissertation were obtained
using a standard heuristic algorithm to solve the optimization problem without
focusing on these two aspects. However, there exist algorithms which solve the
problem faster and are specifically tailored for sensor planning optimization.

Further, polyhedral modelling of elements in the optimization problem in-
duces exponential time complexity as the number of polyhedra increase. This
can be specially detrimental to scalability and more computationally efficient
algorithms should be relied on when increasing the number of elements in the
environment.

2. To reduce the conservatism associated with minimax solutions, the objective
function formulated in Chapter 2 could include weights to consider areas in
the environment more prone to collisions. At present, the objective function
assumes all areas of the workspace to be equally vulnerable to collisions. Addi-
tionally, probability of occlusions in certain areas can also be integrated within
the minimax problem.
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Context Aware Trajectory Planning for Autonomous Robots

3. Obstacle avoidance constraints for optimization-based trajectory planning are
fundamentally non-convex which is detrimental to the feasibility and unique-
ness of the trajectory planner. The non-convexity in this work is addressed
using a mixed-integer convex optimization approach which is implicitly han-
dled in the Multi-Parametric Toolbox (MPT3.0). Although it yields desirable
results, there exist formal methodologies that explicitly deal with this non-
convexity (see e.g., [1, 2]). A reformulation of the obstacle avoidance con-
strains based on these methods would aid in providing safety guarantees and
further generalizing the proposed trajectory planning framework.

4. Information about the location and possible future movements of obstacles is
provided to the MPC planner without explicitly modelling uncertainties. To
improve the robustness of trajectory planning, uncertainty in obstacle loca-
tions and their expected movements should be modelled and analysed. This
should further be corroborated with experiments by including real-time sensor
information.

5. Modelling the robot as a point mass for numerical feasibility of the MPC opti-
mization problem leads to obstacle enlargement to ensure collision avoidance.
This is highly conservative and limits the solution space. Explicitly consider-
ing the robot geometry and alternatives to obstacle enlargement should be a
part of future research.

The obstacle scenarios presented in Chapters 3 and 4 are meant for prelimi-
nary evaluation of the trajectory planning framework. Future research should
utilise more challenging scenarios in the interventional environment such as
moving between two obstacles, handling obstacles that purposely block the
robot from moving forward and fixing the overtaking direction for avoidance
manoeuvres.

Workflow Optimization for Medical Imaging Procedures

6. The safety system presented in Chapter 5 does not provide a 100% success
rate when detecting collisions. A system designed for human safety should be
aimed at complete overall accuracy. A major part of inaccuracy stems from the
artefacts generated by the Kinect camera. Using a different sensor or better
post processing algorithms would be a likely solution without impacting other
aspects of the proposed system.

7. Extracting the detector shape from point cloud data is presently based on
colour segmentation. This might not be robust as change in detector colour
will require parameter calibration for the segmentation. An alternative is to
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use the known geometry of the C-arm, and the relative position of the camera
with respect to it. The location of the detector in space is then known via ge-
ometry rather than segmentation. This, however is also subject to additional
calibration for different C-arm geometries. Another possible solution using
deep learning is provided in Appendix A.

8. The current solution is restricted to detecting collisions between the patient
and the C-arm detector. In practice however, the detector can also collide
with other objects during the RA scan. These include the wires and cables
from other surrounding equipment, the surrounding equipment itself and in-
travenous (IV) tubes that deliver fluid to the patient’s body. Moreover, the
X-ray source also poses a collision risk for any object within its trajectory. Ex-
tending the proposed safety system to account for these would significantly
enhance the clinical acceptability of the solution.

Integration

9. Finally, integrating all the developed concepts into one unifying framework
and validation with clinical trials would be the desired long term goal.

6.4 Final Thoughts

The contents of this dissertation contribute to laying a strong foundation towards
more autonomous C-arm systems for interventional healthcare. They provide the
reader with deeper understanding of what is involved in creating an autonomous
system. That being said, the level of autonomy attained is nascent and many aspects
remain unexplored. This dissertation closes with the hope that its findings merit
further research by both the healthcare and robotics communities.
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Figure 6.3: Contributions and Recommendations.
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Appendix A

Deep Learning for 3D Object Detection

In Chapter 5, the C-arm detector is first identified in the point cloud by using colour
segmentation to separate it from the rest of the objects (Section 5.3-B.). However,
this might prove to be problematic as a change in detector colour will require addi-
tional calibration for the segmentation. An alternative is to use the known geometry
of the C-arm, and the relative position of the camera with respect to it. However,
this would also requite additional calibration for different C-arm geometries. As a
possible alternative, this appendix explores the potential of deep learning algorithms
to classify and localize objects in the environment [1–3].

A.1 Object Detection Framework

The framework focuses on detecting three object classes, namely the C-arm source,
C-arm detector and an IV Bag associated with class identifiers (0, 1, 2) respectively.
The detections need to be made in 3D, as detection on only RGB images does not
provide location of the object in world coordinates. For data acquisition, an RGB-
D camera (Kinectv2) is used which provides a point cloud representation of the
environment. The object classification and localization tasks on this point cloud
data is executed by fusing two deep learning approaches, i.e., You Only Look Once
(YOLOv3) [4] and Frustum PointNets (FPN) [5]. The YOLOv3 object detector pro-
vides 2D bounding boxes for detected objects on RGB data. This information is then
passed onto the FPN network for object detection in 3D point cloud data. The end
result is a 3D bounding box (BB) for each of the detected classes in the input point
cloud. The proposed two-stage detection framework is illustrated in Fig. A.1.

Frustum

PointNetsYOLOv3

RGB Image

Point Cloud

2D Detection
3D Detection

Figure A.1: Overview of the proposed 3D object detection framework.
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(a) (b)

(c) (d)

Figure A.2: Combined YOLOv3 and Frustum PointNets detection and classification results

A.2 Results

The 2D and 3D bounding box detections made by YOLOv3 and FPN for a specific
scene in the lab is presented in Figs. A.2a and A.2b, respectively. Each class is suc-
cessfully identified and is associated with its appropriate class identifier. The 3D
bounding box coordinates and class information can be used as input for decision
making in a collision avoidance system.

Figs. A.2c and A.2d depict the results of classification and localization after cov-
ering the detector with papers of multiple colours. This is done to validate the
colour-independence of the detection in contrast to the algorithm in Section 5.3-
B. Although, neither YOLOv3 nor FPN were trained on such data, both networks
can identify the detector irrespective of its colour. This implies that both 2D and
3D networks have been successful in learning the object’s geometry, thus removing
dependence on colour for detection and classification tasks.

A. Unsuccessful Detection

Moving outside the lab environment, robustness of the framework was tested on a
random image selected from the internet. Since no point cloud for the image was
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available, only 2D detection with YOLOv3 was tested. As observed from Fig. A.3,
the network is able to predict the C-arm source correctly. However, it fails to find
the right prediction for the detector. Even though the detector is seen clearly in the
image, the end of the L-arm is predicted as the detector. The network thus requires
more training on data with varying environments and the parameters need to be
adjusted accordingly.

Figure A.3: Unsuccessful object detection in a real hospital environment: Source (red box), Detector
(Pink Box).

A.3 Concluding Remarks

This appendix explored the potential of using deep learning for classification and
localization of objects in the interventional environment. The proposed approach
shows successful detection results in 3D for the detector, source and IV bag. More-
over, the main advantage is the detection of objects irrespective of colour. Further,
a comprehensive dataset of RGB and point cloud images is created for future work
on C-arm systems.

As with all exploratory research, there exist major limitations and directions for
future work. First, the accuracy of the entire approach is dependent on accuracy
of 2D detections by YOLOv3. It was observed that once the network is applied
to real world hospital images, it does not perform well. Thus, 3D detection will
also be inaccurate. A more varied training dataset would go a long way to address
this. Moreover, the network should be studied in more detail to adjust network
parameters according to the application at hand. Second, the 3D bounding boxes
from Frustum PointNets prove to be conservative. They cover a larger volume than
the actual object and increase the chances of predicting false collisions.

In summary, the deep learning approach shows enough potential for robust 3D
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object detection in interventional healthcare albeit with certain shortcomings that
need to be overcome.
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